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social structure from influence

|
Theinfluence j=~"~
structure __—J'_— =
accurately == [~
reconstructs i%" = 95% for close circle of friends
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group structure .-%"
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Most—Influential Technologies
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2010 | 2012 | 2013 2014 o 2017
Netflix Uber Apple -Apple- Apple
Streaming iPad TouchID Watch
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Model—-driven Approach: Linear Discriminant
(1936)

Input: Features (Xq,X3, ..., X;,)
Labeled data (by pattern class) for 2 classes
Statistical model: N(p4, Z) and N(p, X)
Output: Class label of the input

Learning: Estimate model parameters (14, i1z, X)

Fisher (1890
1962)

10: Linear Discriminant 85mTE

B—MAREIERR), STFEORARERZ BN, BANE LS LML EER, SEREE
GEIEH TN DD BBTE, MMSAETIRDENMKRRE, FBBE TREEXN MK REHITRIME,
REKGRAER, EHHEME 11 ik

Data-Driven Approach: Perceptron (1958)

First biologically motivated network that learns to classify

n
il X we x>0
o= =0 171

0 otherwise

Input: Features (X{,X2, ..., Xp)
Labeled data

Output: Class label of the input

Learning: Network weights (w,, w,,....,w,)

Rosenblatt (1928-
1971)

11: Perceptron &L iifE
Anil K. Jain INRZ M HIBERREN A EE A EBRMYE, HMYIELU T o BEUENRIER, FETRMABIY

WEME Ry EBANLIFEEN Y, INHEEEHRE—ME, WEFRIHER A UER R FERER, HF
PRI MRS MR FE LR, AR IR 0 B=E., WE 12, 13 Fimk.
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Linear to Quadratic Classifiers and SVM Non-Linearly Sepa:rable _Data

) L} . et ]
Statistical model: N(py, Z1) and N(p;, Z,) 1o - 1o
Nonlinear kernel: Transform data to linearly separable space
x o ® £ I
* ° Q;D Mapping to Mapping back

o Z - space to X — space
o
[+]
3
Original feature space X' Decision boundary after non-fnear Mon-linesr decision boundary in -
transfomation 7 — ${x) the original space
Abfi-M»odarfn, Mm;rdcrt-lsmail, Lin, "l.En.min‘g lwn{ Data", AML Book, 2012 - Qua\:i;aticﬂclass"ifier“ - - :SVH
T. W, Anderson, “Classification inta Multivariate Normal Distributions with Unequal Covarionce Matrices, JASA, 1960
120 MR TR p EFANFEE 13: FRE MR D BEUE

ETK, Anil K. Jain OB MREEN " RAIZEMEME ", WTE 14 FIRERHHEMERERSN
LN, ERANPHNBEZINSHRB 71, MERENELSTE 47 TSHBREEY, ARSTAEN

Perceptron to Multi—layer Neural Networks

I

€T \

x3 \ Input Layer <

T4 Output

Te

Perceptron 2-Hidden layer neural network
(7 parameters to learn) (47 parameters to learn)

Rosenblatt’ s Perceptron learning Backpropagation learning algorithm:
algorithms Werbos, 1974; Rumelhart, Hinton & Williams, 1986

14: RAMS ZEEHZNENX 7]
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Deep Networks

End-to—end approach to jointly learn features and predictor

e ~ - 8 —
Data ‘_ Hand-crafted ‘ Learn.lng .| Prediction

L ) Features _Algorithm | L )

Ve ™\ ' \
Data — - — ‘ Prediction

p vy " /

£

Anil K. Jain INOREMEZIDNEREZEUT/ LA (1) BANRIERIE, W image-Net; (2) ITEEE
EIR, W GPUXIEIRS T CPUREE MR Q) REMERMTESRBHE, EEMNYZIHEHFIFE.
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R, RRRAERGAAIERE, MZASMIAMEEESRIXERLTH, REMFEMINE AL
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A, RFA B UNGERBIMFE DB ER, WTE 16 Ak,

Face Search

Gallery

Find a person of interest
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DeepFace
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A : c3: La: Ls: L6: :
Calista_Flockhart_0002.jpg Frol ration: 32x11x11x3 x3x3x: XS 16x9x9x16 16x7x7x16  16x5x5x16 4096d
Detection & Localization @152¢152x3 @142x142 x 2 @55x55 @25x25 @21x21

Multiple layers of neurons stacked together and
connected to a small area in previous layer (120M
parameters)

B 17: Deepface EEIEE
Anil K. Jain INDREME S BB AFEETS kS, EEBFEOT/LTAE.

31 KRERM

BAREANERM, BRIRRELZLERME. WE 18 FHATJMUTE 2009 FMI— P EEPIRGI, EMRMNESE
KET 99.2%, 182018 FEERMNERZIANE, EMEIERRIART 486%, MNXEXZFE—TH
BARE, BREHENFTERIR—ITEARNLIERE, LURIEEIAR) 1000 FERESHNERS.

State—of-the-Art: Authentication
| T i

LFW (2009) TAR = 99. 2% @ FAR = NIST IJB-S (2018) TAR = 4.86% @ FAR

0.1% =0.1%

33

18: &I /ARA—IAIE

3.2 TIERM
Anil K. Jaini\A, FEMEN—TBREMETERE—FEAEZBRBRE. RS ABLAELTEMTHREST
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RXTERANRERENE, XTHRNFEEMREESS X TEBATRIFOTHE, RIRBMNAERIFHIR
AZTEE, FARBAIRREN S ER LI

3.3 AFH (AERER)
EEA B EASHRHN—MIRE, #HXT 100 P AREKSARIEEHARLIERITIRAITE, KIMABIPHRE
MR 2 EEEHRERZEET 1%. WE 19 Ak,

Interpretability

What kind of faces does the network see?
reconstructing the potential appearance from deep face features

High Quality Medium Quality Poor Quality

Visualizing CosFace* features via a decoder trained on M5—Celeb—IM (5. 8M images of
85K subjects)

190 IR DB F— AR R

3.4 B

tEaseE—RKBFE A, BMNEXMHFRAN—MEE, B2EF—NdE, E—FelZEN—1TTRE,
BRONCREXMIFHPEEESH, BOTUE—IGmiE ", Ehn—TRBE ERENNMIMES, BA
IRRBHERREESZN, BEEXMHBEFREGIEHITRE, RALREMNETEE BBHNEEMEN
Ref@it, WFE 20 Fn:

Digital Image Manipulation

Gallery

Probe

0.78 (Match)

0.12 (Non-Match)

Ming Xi

Adversarial Probe

37 D. Deb, J. Zhang, and A. K. Jain, "AdvFaces: Adversarial Face Synthesis”, arXiv:1908.05008, 2019.
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—. MEB2IMATEENSTI TR

Zoubin Ghahramani g, AMIERAAREEN A TEEE (Artificial Intelligence) . #l88% > (Machine
Learning) . #IERIZ (Data science). #IED T (Data analytics) . EIEIZIE (Data mining) . B i& 7 1% )
(Adaptive control) EEH NI EFEMRFLIEERRKANTE., ENE 1R, ENEEERNERE
i, BEATANEES. BERH, STEFETTITRERVSHAFERENERIERE, Am, V8%

MR, EFEXTRNEIEERZSHNEREL F, REWNL, —EZENEBTRKE,
theoretical foundations downstream application areas
_; ( ‘ f \ ‘l des Jr experiments A
. ; A "y science questions —jp data
% 2 2 (data) extract value
f )( !/ knowledge
from data
T data mining data collec
~ /'\| datascience J W “a@—Pquesions
signal \ A
) / 1(
computer E\'[]l.".?('.".
Vision processing
L recreate
deep N intelligent
learning natural behaviour
autonomous language
VS < L i~
¢S v Systsme ) processing
5@ \ Machine leaming ) \_ Al or machine intelligence / v

1 BB EEN A

ETREFFAOGNA, WMZERC, EELE, RATREEMEETERRBER. BMENRESR, &=



BHOIEEMBEE TN, BEHE, WETUIEIZEN TNMERIZNTEEE B25%E, WETFUITENM
5 (Computer Vision) . BIARZ (Autonomous Systems) F1BESAIES L (Natural Language Processing)
EREMATBENNNBZEENTE., A, BE. EE . REFDHEXERENEMBEMEHRERX
BAM, REMNFISZAFHXENTE,

+ Google DeepMind {8} AlphaGo
ChaHenge atch

(1 3 vegeso 5 !
*— =
-

2: AlphaGo Sty ZEtth
(https://www.alphagomovie.com/gallery)

ZFAR BRI 2N FEIMATEENSANZ, ERNENEERZRINVNBIRE, #EWNE (Pong) .

FTRER (Breakout) . M} I+ (Beam Rider) . KZ={2HEE (Space Invaders) ik iz, HAIFAAEH

AlphaGo ERMTEr—, EERE—EMALRWEHEFNSMEHETRATENATESENSRA, 2BA
BEHOETARHBEET RN TNENHTF, —ERIATLEENREIE,

Speed: ::;ﬂl-ca‘nsuafe TEC!:S:logie& Computer Vision: Scientific Data Analysis
machine u‘:mlaupa::uunomamlanng, Object, Face and Handwriting s rasics, Asd )
dialog systems Recognition, Image Captioning

e

= \
* iaVoice

H

Recommender S)fstems Self-driving cars Financial Prediction and

Automated Trading

C AR F S RO
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v

o]/



#0FF AlphaGo P kRIS AT ERENIREF INEBESTOCHIRERE, ERRISTAEEHAMIK/ORYE)RE
HE, ATBEMINGZZIBIMES. LIEFIRAIEA. TENMAE. RELEDT. BEBRUENE
SFLAMRBOXBEADHEATLEENNSFZINGE ., ROEEZNE, NBATEENNSZEINE
MAMEMARENEBEZ—ERIN], BEMERFELIBEEENN. AINRATEENNSFIRE
TAFERUERT, MAZAIEENAAEE.

= REZ IR IUHER L
ENATEENNSFZIERMEENEEETF, RESGRANWEIRARANREFS? REFZIXNTHA]
MR EESSEXNESIIRGE X BIREFAIE? REFIZHARRTFREROERIZ?

21 FREZEY

Zoubin Ghahramani INIREF S ZHEMLE (Neural Networks) X—ZBUIENELE, EFMEME, NE
ZEHE I FFARNAAR. RERMNBLE=XE oMK, EFRERAINEZD, MmN TRABRHREE.
RERMNMERZENNENEER. NBIZRERE, BEMNENAREZFHEZ NSO ATELEL R,
MZEMAEMEENE LN RTANE 4 IR ELERBEANZEZEERN. BE, XMZERHERN
2 MBENIEE T % (Stochastic Gradient Descent) b &iE#1Tilll%h .

Neural networks are tunable nonlinear functions with many
parameters.

Parameters @ are weights of neural net.

X
Multilayer neural networks model the overall function y = f(x) as a composition of
functions: : |
y= 220703 0%+
j i

Usually trained to maximise likelihood *(or penalised likelihood) using variants of
stochastic gradient descent (SGD) optimisation.

NN = nonlinear function + basic stats + basic optimisation

41 HEZEME R ERERT

Zoubin Ghahramani I8HREZ I RABEL F 2—MEMF L HE/\ N TERRTHHREMNERE, RIER
EEME, REZIHBEUTERMEZLb:

1) BBENZRMTIFES

2) AR EEHIES;

3) GPU MI=EB2ITHER

4) PyTorch, TensorFlow 1 MxNet & E 17954 T &;

e 8e



5) FIEBRATWIRAFBRAEE.

BRIEZFh, Zoubin Ghahramani I A N AT ENBIFIEEREZ I ERELRINARE, SEMINNX
BER:

1) BohoiE (Automatic Differentiation);

2) HMEREE RelLU). KIGEHICIZMES (LSTMs) . [ JIZREIFEIT (GRUS). HEMNEZ (ResNets);
3) BENLIL, BEHAEE TEEE (SGD);
4) BIERIRMN;
5) £, BHAM (Recursive Nets);
)

6) ABURE.
REHIAEZINEROERMHSRR, EBEBAZRRERSE, Zoubin Ghahramani INNEBBUTHREM:

1) TFHIBIS (Data Hungry), REEEREA;
2) NIRRT EERA

3) BHWXIMIEMEA (Adversarial Examples) 125
4) SHAAERE, HGIZ S I RAIAN;

5) TRZBEAE, MLMET

6) ABIGERAIRNFTSRTIBLES:

7) ERBEMRT A ADFES.

2.2 DUMHRFELM

ER (BERIE) PH—PERTEENUR NN EFZINESL, MHEMNGE TS XESHY REXGT
RS ESH Y S X REFGTHRERE 2ANHBEXR, ME S ARATNME, N—TREEREHT
1056, EHSLIG4E R H—%H Data &R, Hypothesis M ASEHEERME RN EMAIEEREA, P (Hypothesis) &Rix
M HIFUAR EMRE R ERIPTREME AN, BFRA SR, é*?M’iET%% data Zfa, EENHEAI,
BRI SRR R LR REHAIETIAIR P (Hypothesisldata), #RAGEKIRR, X—BEImTiEmE—M3 S)id7E,
mRHET AN EEPTEERAMEBESBRINNEIMER Data) PEIRAR (hypothe3|s)°

P(hypothesis) (data | hypothesis)

ZP P(data | )

éi%*ﬁ%%ﬂ%i@i_'—ﬁﬁﬂ‘]ﬁ’”’fﬁééﬂ’\]ﬁﬁﬁﬂ?iﬁﬂ@%ﬁ%i‘lﬁ%ﬂﬂ;ﬁ%ﬁﬁ U AL EE e v B 1R AN S, HEAR
, EFNAHMBIERZS) . 2BRGNHNSEZIZIMETRRNEEERZHEMLLSER, EBEHERN
UAI%‘HNB‘TWL BRIMEARENESEX, X—RTEMIREREE NN A TE M55 S g
I ELR, REKERRIEZR Tﬁ;ﬂﬂdﬂE’ﬂéﬁH‘E%DﬂFﬁﬁiﬁE’\JH%%EEET\E%TE'IE, EBERMATEERRENE
EMMBEEUT TS EEEIAIL:

P(hypothesis | data) =

¢]1Qe



1) RIERA ST AHE M
2) REEREBMEH SENFS];

3) BIMESIBRRARL

b) BRFIEEEN. NEIEE LERERE,

=. SRR A

ARSI AN R KA — LR A BT R, Zoubin Ghahramani E& BB F I M T N A, thE LIRS
T NMHETREREZ S (Bayesian Deep Learning) M KSR EFMIRW L (Deep Sum-Product Networks), 3 &
BT IIHIRAEZINII AN, WHERENHEM (Laplace Approximation) . T (Variational
approximation) LARSREZZES) (Deep Kernel Learning) %, IR KSREFIFIW

BT, W

1) AT AR IR AN D PR AL,
2) MNERAISREHZMEERE;
3) BIFHIRENAEE;
4) TR MRIBES;

5) BRHNAGAMAMF M RET

6) SLERKRWMAARMNZEEE.

Probabilistic
Programming

Automatic
Statistician

Automating

Machine Learning

Bayesian
Nonparametrics

Bayesian Deep Bayesian
Leaming Optimisation

5. BatlgsE S REEX

o0

4) FEN—IPBIAIRIERIZ S RAPITTE, AMRERGESLIENANREN RS —BINBGREF1L

Y, MNRGRT EN—LEX

Large-scale
Inference

Computational
Resource
Allocation




f& EIRZ 4N, Zoubin Ghahramani ENAT AT/ L DA E:

3.1 BEhifE : HEEE

TR RTE (Probabilistic Programming) &, Zoubin Ghahramani 1§ T & B RE R RIEIEE I AIES
. SHOANRMERBALN: H—RRARMXRERIEE AMNSHMEEERTAERIBIENITENER,
B9 Edward, Pyro, STAN IAK Turing 5155 ; E_RARXLEEARKEEZEEXMNHBIES|E, AT
NUMEIEHATFZ P ERERHERT, BI90 MCMC X4% (Particle MCMC) . ZE23 il (Variational inference) . F3I
1#£& (Sequential Monte Carlo) %,

K =5; N=201; initial = £i11(1.0 / K, K)
means = (collect(1.0:K)*2-K)*2

@model homdemo begin
states = tzeros(Int,N)

# Uncomment for a Bayesian HMM
# fo =1:K, T[i,:] = Dirichlet(ones(K)./K); end
states[1] - Categorical(initial}

for i = 1:N
states[i] ~ Categorical(vec(T[states[i-1],:1)}
obs[i] ~ Normal (means[states[i]], 4)

and
return states
and

Probabilistic programming could revolutionise scientific modelling, ML, and AL

—» NIPS 2015 tutorial by Frank Wood
—» Noah Goodman’s book
» Turing: http://turing.ml/

+ Pyro: https://eng.uber.com/pyro/

6: MERmIE

3.2 Bmpfift: MMHERLf

MHEE Bayesian Optimization) SR TEMATRTEBNESR "NIHHER", RE—MTOBERNE
BittcE% BEESABENEAREAR. BRI Black-Box Functions) £ B&MAKBEITERNES, 1
B RX— R N AN BB 2 SRMEEFIIRRMEEAHE SRR, BEX—BBEENSEA. B
g AR AR E MBS ERF SR EE ZHNAE. I, MHERAS A EA—METREENFER
fftt, EERIHEZEZA#T T RITHE, EBERDOIHELN TEEI—TEURME, RESZDEE

WREBREIS .

D e



Black-box optimization
in a nutshell:

@ initial sample
@ initialize our model

€ get the acquisition
function a(x)

1 O optimize it!
Xnext = arg maxa(x)

@ sample new data;
update model

@ repeat!

© make

recommendation

LD

7 NHERILIE

ZAAFR NI B AL R MR B2 IMA T E TR IMRSTH,. FEFENRAZ—, BEEANEZE—TE
ZERARNAEBNREIER, AREUTERTEERERENER:

1) IHER AR S

2) SECEIHEEZETIATHER;
3) RENHEPFAEIREAT

4) FERZ LR,

)

) ==

5) BXRTREFINE SR
6) FEMHZ MBIHAIREE,

3.3 Bah4iit : BUERFHMATIERE

BRIEAE, TRXLEHE, BUERAFLINABRANME, AMAEZELENLZ ZHIRNEE
MER. STERMSFEIER. WK, FR—MENMNEPRMERNAARNERARZE, ZMAR
FARGEEALIENE. BREE, RIFNRENREEFEERNT 408D, XBEAKBRAFA
B[R,

Zoubin Ghahramani INABEIGITR A —LEAER:
FRAEENES, EXRINENEIRESLHROMKR AR A LRI RAERN—LLR K,
—MERER, BUERIERIESEE,

)
)
3) —MITMREIRIZS R, RUEE RSN EIE,
) BEMRFRINERE, RENBRIZEMIFEWALEIERNAXNE MR,

eDDe



M. %xF Uber

YEJ Uber (EERIZEZR, Zoubin Ghahramani #& F3RM BT Uber IIEXE =180, Uber, HXGEE “HF7,
ERUTEEFRSNRRLAE, HETHENEERNERITE APP, BRILZ N, Uber BE#H A Rides,
Uber Eats, Jump bikes, scooters, Uber Air LA Freight 5 XZ N, fERITENBREHE, Uber BRIEE
=BT 60 ZMERM 700 EiHT, BIEHKAFY 9300 A, SXIEMHIA 1700 HREITRS.

Uber (IR REBA, BT Zoubin Ghahramani 24, ETHB—RHEBHEERNZR. £2FFR. TENMR
FRURKMOATERE. NBFIMBNEHARA, LI, Uber RIBRTFHHBNREZINRABE
Horovod MRk AT REMERRENFIRNIZE Pyro, FEET Python 5 PyTorch, B3 FEZHHEE,
PIAGHIEEE, BBERE. BA. PIY BN R, EBIURFESERINVAEMERER, BMRE
FIF N MR EN T SIS,

8: Horovod # Pyro B9#ni&

Zoubin Ghahramani #£5| Uber CEOQ Dara Khosrowshahi f91Ei% “Uber A5 52— B K BERE HksL £ 8940
#REEEA, REERERCIMIERUREMEROAHEL.” HERERE: RERIMBACIIERA
MR, BRRSLFRFEMNCREA R BEIXMABE REARMERZTITHNNEER, HBAALEBEX Uber
RRMRARBIFANEEN,

h. B4%

FEARFIRES, Zoubin Ghahramani Mgz F I MA T EEIZICEM S TEZNANNBNTRE, FHMSF
BR7REZINGEME. SUERARNER. MRENRBRYE, #EEERM 7 EERRATEERRPI—
LaradE, SENMENREZS . SiRERNENNEF. MRRE “BR" —8HIMASRR AR IR E R
(BMERNBEIESATLERE) B, THLAIMPERNATEERRLBNEZE X, 1IEA Zoubin Ghahramani fft
= “MERERAMBATEERASRRE T —MER, FINESHERHEEHMNBRERFZS, E5REKELHE
&8, ERIEMRRASHEM.”

eD3e



@ DiEFSREE Jorge Nocedal: 1EEE SRR ERERF
Bip . BRTEX BB

Jorge Nocedal &/REHAIERA (Zero-Order Optimization Methods with Applications to Reinforcement
Learning) (858FSREMAMAFTERENA) .

Jorge Nocedal, EEILAZHR, BEFLMUMNE. NBHFNEEFSIFIRG LRI, 2009 FiR
ERET-MEPFEEL 2010 F, MAKITAEETWHNBHFF Bt 2012 FIRTFAE -B- FFEX;
2017 &, ®WIRFB - WIKSIRIER, 2020 FHEEXE TERKFrt. Nocedal EERIFAR T BN HEE A FETL
MIREPIELEML, tEIETHNEENIRCHROMIURTEGHIEZIRG, HERSMNERSIZEHRH
FRENE LR,

Nocedal fESZHHIEL, HERMMAKTET, BAIEE A UEMRBE TRND AR SERRMNRE, B
HIXFTEEROFZRERRN 557, HPEE RENMRL. K, EAHTOTENRBE, BR=EH
ZM%E, BREEREZIHD, AHEBREIHD, XE B AF—EANHE, PaBIUmEd M
FIEROREZ S R BRREBAI IR, AREHTP Nocedal LAFKA1D Z T MAVIREIBEE—FMitb. FMB
EMMHEE LB —MSRES, £—EXREMmEEMLE, NSERRANRE. EMMLTEEIY
BREREUET S BARR AN RER A, BARMM MR BEERDIFLIRIIM AL B,

—. BBMASREFES

RERZMNEEEZETHMOER: E-EESEARTNIUURALEN, - 2ESENZRTHENITHK
EENTNRBN R EEEEE. XE, ROGEEFZEEEREMGS: 1) JLUATHAMD: 2) FJLME
FIEE TRERTAEITHM. AW, HATEREREE FEEAA—ERILRSAIERES IR FAITEIE
MER/IVE. WTEMR, BNRMERCIRETERBETELE, UREBERESHNVPENER, HKHHN
FHARZ, bWl ¥aE. 2T ROER. XL EITES.

Gradient Descent

f (x) = nonlinear function of x

Loss

m

10 MAREVIEET A, IFGMARKEEIAENMAESER
eD/e



ERFAHREIIIT R IR D), A OMBRZRZERBF B RTINEE, fla0

e Minsky 1961
| doubt that in any one simple mechanism, e.g., hill-climbing, will we find the means to build an efficient
and general problem-solving machine. (BR%E, FEEA—NERANFIF, HIAOMEL, HIIRTEEHEIE
Y — N ERANE R e AR R HA T E.)

e Minsky and Papert 1998
If we can detect relative improvement, then “hill-climbing” may be feasible, but its use requires some
structural knowledge of the search space. And unless this structure meets certain conditions, hill—
climbing may do more harm than good. (@NRIKAIBEGEIMEIEROBGH, BBA “TEIL” FIEEERI1THY, 1B
EENERFTE—LERRTENEMIIR, RIFXMELHEFELESM, SURLERTF.)

BXE, AREANERZEOEMIFTRT, BETHEERGNBRRIREE, EEANEATH. BT “=15"

HREZ IR, BNEEBINELALER, RMEE THEERS T RIFNER. BXTREEES, ()
BEBIRZIFORE, HFEBTRERR, FANBRNTEFESZ DT IELRE.

MAEBEREZIPOERTALERBERERIABE, SAENEZRMRITHEFER AT ZMNE
. IR ERLE, HIRITHVIREN T EAAMA, REEBREIEZ T A AIRB R EEAIZR,
Nocedal RTRZZX MM E S T I=AHE: 1) HTERFE; 2) REMENKNXMNIILZ 3) BRIEE
FIARRERE WAL,

BLMPRRZLEER FRMAERE? BARR, RRENFERNM—TIFEMERE, XTRHMBEZEN
BH (BEFAFTREON), BMFTURSHRANGEEFNECHBE, BN, REGEES TRE, 34,
MN—THE LTI RENIHNRERY, BEFEPEIAREBRIFAOIEXEREAIA L ERE?

BRRER, XMEB—TT2RDENEE, HAIETERTS “SFEE OEIIERE. B Jorge Nocedal #HiZiE
HT BRAZ—EEN— B, I—ERERUHITESENRENIME, AR EREOINATAE L

“RAEEL, Nocedal /AT T —TRBAENHIF: RIRE—TIOBRIERE (x), ERNTEERNE X) MR
BENMIRREIET (x) MIEEN f(x), BPARMNBEERNE f(x) BER TRIMVME () T EEHEERM g,

Black box box

e Dhe



EHITRFITEN, BNFTESE-LEAEANTR, EP—THRE, BRNBEAEENNERNEENEME
K, MAr—THRE, BNBFEZREESANREEANMIIRE. HNHER(NOSETNERTXLER
BEZR. B, WREHZMEONNILE, HOTURSERERZMENMANE L, ENHETREERE
8, MEXNRBEH#TON. WTE SR, XERIRE—TEGDEEZE, B4, HAIATNEITNEE G
HN—LEHDRBTEAFNDRER. BNEBYRXEZMNE D HTON, MAFTEMNEEENSH, N2
BEMBHHEM AT,

imput Imags

+

-

advarsanal naise

msciassified as

| YIELD |

&l 3: REVEDT

—. EMRERERR

PRBEMAMATE, EXRATHEETRBNSERTEEMRENREDR, AIEN_1TEFE, HF
MREBCLZRIT T RENLSHRNLELE SERNERERERZZNRLQEBIREEL. RRNSEEE
Nelder-Mead 7574, REUEXMIREEE. MELLTEEREREMS, AREFFENBRT, RBEHEE
B EMTSMM AR ARSEEER, More’ M Wild AR EELROXEFICARE ), BEERAEREE,
PREMRIFHIB N (AR 4EE BREUREE AR/ MEIRE R EESBK. (B Nocedal FEH, XETTAHZX
EERREEIFR, WEZNRAMS XEHEHRBREFNT RIE. 2010 F, More’ M Wild 55 ZF
REL, EXEF P AR

careful study dispels many myths about such methods. They found that the best method was one learn
from the function values observed and creates a model of the objective. (FAMFFIERG TIF 2 X TFiXLE S

ERIE, RIS ARMIRENREERF S F R ERAIEE.,)

0T EI R

e



4: MABZRETEMWE RHEERE

BB ERRFATI DERR BRI RN AT BESLE, BARNAIMREX AN ELEREL _IRIEERE,
HEEHES (ERE—RARIOKENTA) KZRHENS/ME, REFR N

X,: mn mx)=xBx+g'x st lxl,<A

B EXBNAEEL, NRBNVEENBAHESERBE ORRYRE, HFBEWROERDEHIESIARS
RIRE T SEEERAFD, BA:

o EOFE (d+1)(d+2)/2 TREE, REBFRILATFTINIRG— 1 7TEH Hessian FEfF;
* RIRE/IMERSTENA Hessian FERF LY, BPARILAERA O(d) T

* BENMAS;

s FHERMETATF=E L,

Nocedal iR SRS, BARLAME IXBEMRBN S EZERARS, BEEATHEDAREEN, ELt
b —EINABRMAREZEMN., B2, MEMRAVRAN, RINZGEDREBCERR HAY6—:

- TEERENFIEGOBEST, ORNEEBIIEEN DRELORE

o EREETAORIEEGE, NREBEE), BASKEERIR), NREMEEA, BASKEER
X, BELEERETAESS3EES:

o RETHTH.

A Itk Nocedal R E&EE Berahas, Byrd 7 2018 FfIXE “Derivative-Free Optimization of Noisy Functions
via Quasi-Newton Methods” H¥§IZ 5 51T T 80H, BUHEN A E:

- 57

TIBES

(@

D/ e



o FRAENWERRAIFWE BFGS);
* IREMRBFR LA,

BB AR RS IEMT LB RIR? Nocedal fTEARIFEEARATAID Z T Wi 5%
FiE—: BHFB (Gaussian Smoothing)

BRIRRMPEEERE, W NESHHROREN/IMIES, BARRAHTRBMRIARRBIFEM. ZEHE
FIBRERIF,

FPx)=E [f(x+5u)] u~N(@O,1,) 6>0 Smoothed function
Define
J
Vi (x)= 2 IACS, 5u )~ f(x) u’ = ¢’ for finite differences

HENARIFBEERED, BARMNNCEROITERER? W TEMR, HIIELLLE—THEIAE,
BB NGBS, REBHABESEE, BERESMENERNREINAE EA, R0HEHE
MBS AENTHEE, IEMIRTELESENSH. IENITELEE—ENSFZIRZIFEEERN,
BEMPZPNEMNEBHAZRELF, FAUEAIERIARBE M5 A,

Algorithm Zero-order Stochastic Gradient Method

Input: x,,0 >0

fork=1,... do

compute g, < V£ (x,)®”

X1 = X — O 8y

FiEZ: wEIEEGITINERESE (Finite Differences with Noise Estimation)
E—ERZN AN, BREDERENZHAKERE, SR, HNSENHAETENNED, MEEIA—
%, BIREGMITESTEITES, More’ -Wild 7£ 2012 HF.& RIE(EHIEE:

if we can estimate the noise level, we can compute a good finite—difference interval h
WMRBAVEMEBEIRS, BITBETITELRERED RIFHNLS K h.
of (x) _Sflx+he)—f(x)
ox, h
AT RFE/KEESEMNRAINEEZ, FAt—BFR(TTUEELIRE, BARRED h WRIAXUW TR

h — 8”4(3)”2 ‘le — maxxef |f/!(x)|

-

eD8e



Blan, @FE 5 Fin, BAIEHRBMMEZER 0.025, x = 0.12; BAHELARBIBED h WRIAXEITAT AT
B h_correct = 0.28, MIREFRI h BRI TIEHE, IABMSHUREZEY, NREERER, BLAUEG
BMREAITI.

0.0 0.2 0.4 0.6 0.8 1.0
5: NEHY h W HRAMS LSRN

MARBRT, BANZMEGELRES, FEAGESEZRERTHENE, XERBTHEMN? Nocedal EZAIR
HERAEANDZ T S R EIRAS A ERRE,

Noise estimation (for deterministic or stochastic noise)
NTHERBEOREKFE, B2

ie., o =[var(e(x))]"

Ex &b, EEFEFENNAE v, EE f EEE=EN g+1 DRIE x+ibv:

Compute function differences:
A’ f(x)= f(x)
N f(x) = N[AF )] = A [f(x+ B - N[ f(x0)]]
A'g(x) = fO(EH
ARG, FAMRYE Hamming Difference Table, HA
min £(x) =sin(x)+cos(x)+10°U(0,243) ¢=6 B=10"

HRATEDRERNE,

eDQe



X f Af ATF AF Aty A%F A%F
-3-107° | 1003 7hde-3 215 -3 1.87e —4  -587e—3 ldbe—2 —240e-2
21077 | 1011 0f0e—3 233 -3  —G6Be—3  BTle—3  —10%e—3

—107% | 10 12e-2 -33ke-3  305e—3  —16le—3
i 1.033 867e—=3 =200e-3 1.4de — 3
102 1081 8.38e-3  Llde—3
21077 | 1050 052e—3
3-107° | 1,050
T bb5e —3  B69e—4  T.39e—4  T.3e—4  701e—4  B.20e—4

6: Hamming Difference Table

BRI, HBRBMNESMEDRRETE, MESTERFFEMNEFEN, BHIEEBEERE— T IHRNEN
BTG, BN, HMNED, BIIREREALN, #EE FEATHIXBES R, BNBEISE—THH
EETEN., XEAT, BNORBTEERINNES WRRKBABIIRS, BLER—RLERFNERNIZE
BRI, FELBAUEAXEFRRAENE CFE) FAIREREED, XEMINREBESNEREER.

MABRERFTELRE, —BHAA LRRERGERRE TENNABE, BNt AR NMERMATIE
Bg? MIRFBRESD BFGS RE? ARIWBEFELEMN, EBXMFEEINERBARXAM, TEREEZNERES
RERED BT DR, TEFRERALUSMAEEER.

£ Nocedal WEIER, BATPENERERNREFHTER, ARBEEESERHTBERREDNS KN, EIRERE
NN EE, BAIMAIMER M M4 BUAENEERTEMER, B4 —T, Nocedal WEAEIARIZ
e

s BERENHEREPEERS

s RIBBESEEBREDNLK

* BBERED AT ERE

o B RIMA AR R )

o HATHMEER

s MREREIBNEN, BLABEES FROTE,

RELRRERTMMER: HE-—RHEARESKBEGENBER TENRES K, H_RENREREFTEE
FEITIRE KT,
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Fic. 4.1. Results of 20 runs of Algorithm 2.1. The graph plots the log of the optimality gap
for the true function, log,, (¢(xx) — ¢*), against the iteration number k. The horizontal red dashed
line corresponds to the noise level log,, max {eg,e f} = 0. The vertical purple dashed line marks
the first iteration at which lengthening is performed (k = 8).
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