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class notes, and reference books or papers
@ “Convex optimization”, Stephen Boyd and Lieven Vandenberghe

@ “Numerical Optimization”, Jorge Nocedal and Stephen Wright,
Springer

@ “Optimization Theory and Methods”, Wenyu Sun, Ya-Xiang Yuan

o LA, XNEBF, P, FHH, ML BE. FEEEL aH)
HraAt, % =ha, ISBN: 9787040550351

o U ATLRAMM, KEEIH T &)k (AL T
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Optimal transport

HEFON R

ML F

M ALAF AE1E H %
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7% 4L % 7] (reinforcement learning)
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e Machine learning
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o MEFI, ALEH
o THHEMMIL, B RiEFTAE(ChatGPT)
e E#: AlphaGo, AlphaGo Zero

o AEANAFTHAREIILXEZ: f: XY

° §éiﬁ%#@?ﬁiﬂ'}(Alphafold2) X BORET Y s
o REHf: X: »F4M v RT#
o M FEFEH%L . FEEAN, RETHRY T Lt iir b
THEAEE S

o M8 KRINAIR % 694k
{(x,-,y,-) |x,- eX,yieY,1<i< N}

@ MEFIAME frofgRRIE
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min Zz (x1,0),yi) + pp(0)  —HH X,
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EFI . R A, Ak

@ ground truth: ¥}, = argmin E[¢(h(x, 0), y)]
veH

@ optimal hypothesis: 6}, = arg ?%E[E(h(x,e),y)]
S
@ empirical optimal hypothesis: 6% = argminj%,zflzl L(h(xi,0),yi)
0cH

@ returned hypothesis: §

/ \\\
( T o \
a = / -
( H 65 Approximation Error
(Expressiveness)
Estimation Error
03 (Generalization)
\ 2 Training Error /
\\‘\\‘ (Optimization) / .
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ML F 3 54

% B = %% +Michael Jordan# 2 ARt R K& — TR
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ML F 3 54

“Statistics and the Oncoming Al Revolution”

@ What has made ML so successful? What

are the disciplines supporting ML and i‘[ﬂﬂ% A
providing a good basis to understand the Em[nanuel
Candés

challenges, open problems, and limitations
of the current techniques?

1) basic statistical tools: linear models,
generalized linear models, logistic
regression, cross validation, overfitting . ..
2) probability theory and probabilistic
modeling.

@ How about engineering disciplines?
Clearly, progress in
optimization—particularly in convex
optimization—has fueled ML algorithms
for the last two decades.
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e Sparse and low-rank optimization
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min /o min x|, min ],
(EO) x€R’ (EZ) xeR’ (El) xeR
st. Ax=0b. st. Ax=0b. st. Ax=b.

o Hb||x|oRdex PAEALY K. T ||| R Tk éﬁu%’i B
BAA AT R AL, (oA £ FF ERNPEGy, Kk kiE®
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ARRLEY SRR, ARG 6 HAL AL FIRE B i 9% 9] A

@ N4 ||x]. = (Z?:lxiz)l/z
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£ MATLABI 3%

T EAEA, u b
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randn (m, n);

sprandn (n,
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& AR B Tk B

@ 5N RIEMEM PHACHIFRTLEN TG E S, NZ P T IA
MY R A ME—NEEX, A ELEEENAEF T O TR
Tk B RX; = My, (i,)) € 2

o kA% & (low rank matrix completion)
min  rank(X),
XeRan
s.t. X,'j = M,'j, (l,]) € (.
rank (X)E4F & 4B X PT A dF K41 715 69 4K

0 4EIEXMA% %4 (nuclear norm) 4 48 & By A 4 A 69 F=
B |1 X = D2 0u(X):

min - [|X[l.,
XeRmxn

s.t. X,‘j = M,‘j, (l,_]) € (.
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e Al For Science
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%A% 4% 22 M 28 Convolutional neural network (CNN)
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%A% 4% 22 M 28 Convolutional neural network (CNN)

LeCunFAA I 2 T HF LG ENL . TLERITRA E R
BH X FEGFEHRF

‘ C3:1 maps 16@10:10
WPUT C1: ature maps 4.1, maps 16@545

a2

SZ1 maps
B@14x14

|
‘ FuIIcmAec‘u’nn ‘ Gaussian connections
Canvaluions Subsamping  Comvaluions ~ Subsampling Full connection
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Schrédinger equation

@ The N-electron Schrédinger equation
HY = EV,

where H is the molecular Hamiltonian operator, ¥ is a N-electron
antisymmetric wave function.

@ Curse of dimensionality: computational work goes as 103V.

@ Kohn-Sham total energy minimization (Manifold Optimization):

XIg(iEI Eks (X) = Elinetic (X) + Eion (X) + Exartree (X) + Ex¢ (X) ,

where VEgs(X) = H(X)X.
@ Kohn-Sham equation:

HX)X =X\, X'X=1I
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FermiNet: 4FAE/E AL AL 9] B+ R B 4% 22 W 4-+SGD

@ Minimizing the following Rayleigh quotient:

Jo*(r dr

N’*

Ey =minE\Y
0 mg}n[]

@ Variational Quantum Monte Carlo:
[ws(r Hy‘/g )dr
% (r

fﬁgz( )\|2dr (gp ( )H!pﬁ( ))

= Ep,(r) [EL(r)] = solved by SGD

min L(0) =

@ Local Energy: E;(r) = @, ' (r)HTy(r),
Probability distribution: Py (r) = ¢l

25/41



e Railway Timetabling
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Passenger
Demand

[’ Network Planning Problem ‘
(NPP)

T

Lme Planning Problem ‘
\ (LPP)

7

Strategic Level

(RSPP)

[ Train Timetabling Problem | (Rolling Stock Planning Problem |
(TTP) S‘

v 1

(CPP)

Crew Planning Problem

Tactical Level

Disruption / Conflict Detectlor(l ggc:(})(fsoluuon Problem

Operational Level
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Railway Line

Station 4

Station §

Station 2

Station 1

S G ~ 7 i
SRR 20 min =ik 20 min 18 min = Time
(@' Seenario 1 (b Scenario 2 (©) Seenario 3
= Stwpping pattem ——— Train trajectory
a Distance b Distance c
Station4 I j’ / / / / /
Station3 \I) / / / /
Station2 G & / / / / / /
Stationl l > g
Train A B C C A B Time », B ¢ Time
Train stop plan Train schedule 1 Train schedule 2
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Commercial Solvers
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=] min > 3w xg,
fEF ageAy
run
pr(s1,52) Vas€ AP N (sy,52)
5% var € AYYns
t
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f g
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Xg, — Z Xap =31 ifus=1 Vur €V, VfEF
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Xap S I, Vvr €ER
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%a, € (0.1}

References: Simultaneously re-optimizing timetables and platform
schedules under planned track maintenance for a high-speed railway
network, https://doi.org/10.1016/5.trc.2020.102823
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