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RSOME

- RSOME (Robust Stochastic Optimization Made Easy)

Deterministic : ;_E’} c 0 PT
Optlmloz ation Q\“-" Cardinal Optimizer
Solvers
Robust T

Optimizationc

o
Distributionally
Robust Optimization

MODELING POWER READABILITY ACCESSIBILITY

Tailored modeling frameworks Consistent with N-dimensional Distributed under a free GPL
for robust and distributionally arrays and vectorized operations V3.0 license with the support to
robust optimization. of the NumPy package. a great variety of solvers.

Slide content credited to Peng Xiong



RSOME

- RSOME (Robust Stochastic Optimization Made Easy)

- |Installation

a Search projects Q Help Sponsors Login Register

rso m e 1 03 ] 1 v Latest version

pip install rsome (@ Released: Oct 29, 2024

Robust Stochastic Optimization Made Easy

PyPI v1.3.1 | PyPI downloads 4.7k/month | commit activity 0/month | last commit november
) pages-build-deployment |passing | repo status 'Active psed |

e Website: RSOME for Python

e PyPl: RSOME 1.3.1

Slide content credited to Peng Xiong



RSOME

- RSOME (Robust Stochastic Optimization Made Easy)

- Solvers
. . Second-order Exponential .
License Required RSOME P Semidefiniteness
Solver . . cone cone .
type version interface . . constraints
constraints constraints
. . Open-
scipy.optimize >=1.9.0 lpg solver No No No
source
Open-
CyLP >=0.9.0 clp solver No No No
source
Open-
OR-Tools >=75.7466 ort solver No No No
source
Open-
ECOS >=2.0.10 eco_solver Yes Yes No
source
Gurobi Commercial >=9.1.0 grb_solver Yes No No
Mosek Commercial >=10.0.44  msk solver  Yes Yes Yes
CPLEX Commercial >=12.9.0.0 cpx solver Yes No No
COPT Commercial >=7.2.2 cpt_solver Yes Yes Yes




COPT

- Solver

@, GOP1

Cardinal Optimizer

COPT (Cardinal Optimizer) is a mathematical
optimization solver for large-scale
problems. It is developed by Cardinal
Operations.
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Exponential Cone

- Exponential cone: a 3-dim closed convex cone

exp(m) perspective func:tion> y exp <§> >0

epigraph
T
closure {(Qj,y’Z) | yexp (—) < zZ,y > O}
Y

{(:E,y,z) | 2 > yexp (%) ,y>O}U{(£C,O,Z) |l <0,z>0}




. MUSEK
Exponential Cone k
- Exponential cone
Kexp := {(z1,22,23) | 1 > x2exp(x3/T2),22 > 0} U
{(71,0,23) | 71 > 0,23 < 0}

- Model exponential function: |t > exp(z) <= (t,1,2) € Kexp
- Model softplus function:

t > log(1 + exp(x))
< exp(t) > 1+ exp(x) 3
< 1> exp(—t)+exp(xr—1t) :
<— 1>u+v 2

(u, 1, —t) € Kexp

(v, 1, x — 1) € Kexp

Softplus vs ReLU (Plus) Function




Exponential Cone

- Exponential cone related functions/constraints in RSOME

entropy (x) The entropic expression -sum (x*1log (x) ). x must be a vector.
exp (x) The element-wise natural exponential of x.

The element-wise perspective natural
pexp (X, y) .

exponential y * exp (x/y).

The element-wise perspective natural
plog(x, y) .

logarithmy * log(x/y).

The element-wise softplus term log (1 +
softplus (x)

exp (x)).
Convex Constraints Output Remarks
expcone (x, y, z) The exponential cone constraint z * exp (x/z) <= y. x and z must be scalars.

) ) p and g are vectors,
kldiv(p, g9, r) The KL divergence constraint sum (p*log(p/q)) <= r. )
and r is a scalar.




Feature 2

Logistic Regression

o1
min —
w,b N

> log (1 + exp(—ys(w ' ®; +b)))

1=1

Logistic Regression Decision Boundary

0
Feature 1

from rsome import ro
import rsome as rso

from rsome import cpt solver as solver
lr = ro.Model ()

w = lr.dvar (n features) # Welght vector
b = lr.dvar () # Bias term

loss = lr.dvar(n samples)

lr.st(loss >= rso.softplus(-y train *
(X train @ w + b) ) )

lr.min(sum(loss) * (1/n samples))
lr.solve (solver)

w opt = w.get ()
b opt = b.get ()




Exponential Conic Optimization

Home > Operations Research > Vol. 53,No.6 >
Digital Circuit Optimization via Geometric Programming

Stephen P. Boyd, Seung-Jean Kim, Dinesh D. Patil, Mark A. Horowitz

Published Online: 1 Dec 2005 | https://doi.org/10.1287/opre.1050.0254

Math. Program., Ser. A (2017) 161:1-32
DOI 10.1007/s10107-016-0998-2
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FULL LENGTH PAPER

Relative entropy optimization and its applications

Venkat Chandrasekaran! - Parikshit Shah?

Home > Management Science > Vol. 68,No.3 >

Joint Estimation and Robustness Optimization

Taozeng Zhu ", Jingui Xie “*, Melvyn Sim

Published Online: 26 Feb 2021 | https://doi.org/10.1287/mnsc.2020.3898

Exact Logit-Based Product Design

Irem Akcakusg

UCLA Anderson School of Management, University of California, Los Angeles, California 90095, United States,

emine.irem.akcakus.phd@anderson.ucla.edu

Velibor V. Misié

UCLA Anderson School of Management, University of California, Los Angeles, California 90095, United States,

Foundations and Trends® in Communications and Information Theory > Vol 2 > Issue 1-2

Geometric Programming for Communication Systems

By Mung Chiang, Princeton University, USA, chiangm@princeton.edu &4

Optim Eng (2007) 8: 67-127
DOI 10.1007/s11081-007-9001-7

EDUCATIONAL SECTION

A tutorial on geometric programming

Stephen Boyd - Seung-Jean Kim -
Lieven Vandenberghe - Arash Hassibi

SR R RPREG R PR i R POSSSIEAIR P, IRt

Likelihood robust optimization for data-driven
problems

< Zizhuo Wang! - Peter W. Glynn? . Yinyu Ye?

Infinite-Dimensional Fisher Markets and Tractable Fair
Division
Yuan Gao

, Christian Kroer

Published Online: 21 Sep 2022 | https://doi.org/10.1287/opre.2022.2344




Optimization Under Uncertainty

- Deterministic Optimization min f(x, z)
rcX
- Stochastic Optimization e ~
P min Ep [f(z, 2)]

rxeX

- Robust Optimization .
min max f(x, 2)
rxeX z€Z

- Distributionally Robust Optimization

. - -
min sup Ep f(z, 2)]




Stochastic Optimization

- Stochastic O ptl mization Part IV Approximation and Sampling Methods
. n = 8 [Evaluating and Approximating Expectations ...................
Imin 4P f £ ] < 8.1 Direct Solutions with Multiple Inti s s noeamseesmimmieens
xcX 8.2 Discrete Bounding Approximatior

_ 8.3 Using Bounds in Algorithms . ...
- Chal |enge: com pute eXpeCtathn 8.4 Bounds in Chance-Constrained Pr John R. Birge

8.5 Generalized Bounds ........... FraNgorLoealix

- Two a pproa ches a. Extensions of basic bound:

- Deterministic approximation b.  Bounds based on separable INfroduction

: : C. General-moment bounds . to Stochastic
B Sample_based apprOX|mat|on 8.6 General Convergence Properties . Programming

Second Edition

9 Monte Carlo Methods .............
9.1 Sample Average Approximation ai
in the L-Shaped Method .......
9.2 Stochastic Decomposition ......
9.3 Stochastic Quasi-Gradient Methoc LSty
9.4 Sampling Methods for Probabilistic Constraints and Quantiles . .
9.5 General Results for Sample Average Approximation and
Sequential SAMpPHAg :us:susiasniassiasssin ians sanisansss




Optimization Under Uncertainty

- Stochastic Optimization
- Challenge: compute expectation

- Robust perspective: approximate expectation by upper bounds

min Ep | f(, 2))

Pe F—

ip [ f(x, 2)] < sup

PeF

p [f (2, Z),

Home > Operations Research > Vol. 56, No.2 >

A Linear Decision-Based Approximation Approach to
Stochastic Programming

Xin Chen, Melvyn Sim, Peng Sun, Jiawei Zhang

Published Online: 19 Nov 2007 | https://doi.org/10.1287/opre.1070.0457




Optimization Under Uncertainty
- Robust perspective: approximate expectation by upper bounds

PeF— P [f(il?, 2)] < Sup P [f(él?, 2)]
PeF
- More information = smaller ambiguity set = less conservative

- Modeling idea: leverage the moment-generating function (MGF)

Home > Operations Research > Vol. 67, No.5 >

Distributionally Robust Optimization with Infinitely
Constrained Ambiguity Sets

Zhi Chen "7, Melvyn Sim ", Huan Xu

Published Online: 5 Jul 2019 | https:/doi.org/10.1287/opre.2018.1799




Optimization Under Uncertainty

- Robust perspective: approximate expectation by upper bounds

PeF = Eplf(x,2)] < sup Ep[f(x, 2)]
PeF

- Modeling idea: leverage the moment-generating function (MGF)

- Tractability: exponential conic optimization

Home > Operations Research > Vol.72,No.5 >

An Exponential Cone Programming Approach for
Managing Electric Vehicle Charging

Li Chen “*7, Long He """, Yangfang (Helen) Zhou

Published Online: 16 May 2023 | https://doi.org/10.1287/opre.2023.2460




Part |l

Home > Operations Research > Vol. 72,No.5 >

An Exponential Cone Programming Approach for
Managing Electric Vehicle Charging

Li Chen “7, Long He "7, Yangfang (Helen) Zhou

Published Online: 16 May 2023 | https://doi.org/10.1287/opre.2023.2460




Problem Background

- Stochastic demand of heterogeneous customers

- arrival time

- departure time

- energy requirement et ey oo oy 1=~~~ et darand f h
- Decision: charging schedule
- Electricity tariff structure =

- energy charge 2

- demand charge 2 ,

S Energy Consumption

- Goal: minimize cost

Source: https://www.sdge.com/businesses/pricing-plans/understanding-demand



Problem Description

Arrival: 9:00 9:00 9:15 9:30 9:45 10:00 10:15 10:30 10:45 11:00 11:15
Desired departure: 10:45

Charging quantity: 20

kWh

Arrival: 9:00
Desired departure: 11:15
Charging quantity: 50

kWh




Problem Description

9:30 am

9:00 9:15 9:30 9:45 10:00 10:15 10:30 10:45 11:00 11:15

Arrival: 9:30
Desired departure: 11:00
Charging quantity: 50 kWh




Problem Description

Energy cost/ kWh $0.1 $0.1 $0.1 $0.1 $0.2 $0.2 $0.2 $0.2 $0.2

Arrival: 9:00 9:00 9:15 9:30 9:45 10:00 10:15 10:30 10:45 11:00 11:15

Desired departure: 10:45
Charging quantity:
kWh

10kWh  10kWh

Arrival: 9:00
Desired departure:
Charging quantity:

kWh 10kWh ' 10kWh © 10kWh ' 10kWh ' 10kWh

Arrival: 9:30
Desired departure:
Charging quantity:

kWh 10kWh = 10kWh = 10kWh | 10kWh = 10kWh

=

Energy consumption 20kWh 20kWh 20kWh 20kWh 20kWh 10kWh 10kWh OkWh  OkWh




Problem Description

Demand charge: $1/ kW Cost = $16 (energy charge) + $80 (demand charge)
Energy cost/ kWh $0.1  $0.1  $0.1  $0.1  $0.2  $0.2  $0.2  $0.2  $0.2

Arrival: 9:00 9:00 9:15 9:30 9:45 10:00 10:15 10:30 10:45 11:00 11:15

Desired departure: 10:45
Charging quantity:
kWh

10kWh  10kWh

Arrival: 9:00
Desired departure: 11:15
Charging quantity:

kWh 10kWh ' 10kWh ' 10kWh ' 10kWh ' 10kWh

Arrival: 9:30
Desired departure:
Charging quantity:

kWh 10kWh = 10kWh = 10kWh | 10kWh = 10kWh

6=0>

Energy consumption 20kWh 20kWh 20kWh 20kWh 20kWh 10kWh 10kWh OkWh  OkWh

Peak load: 80 kW




Problem Description

Demand charge: $1/ kW Cost = $18.4 (energy charge) + $56 (demand charge)
Energy cost/ kWh $0.1 $0.1 $0.1 $0.1 $0.2 $0.2 $0.2 $0.2 $0.2

Arrival: 9:00 9:00 9:15 9:30 9:45 10:00 10:15 10:30 10:45 11:00 11:15
Desired departure: 10:45

Charging quantity:

kWh
4 kWh + 10kWh 6kWh
Arrival: 9:00
Desired departure:
Charging quantity:
kWh 10kWh ' 4kWh ' 4kWh ' 5kWh ' 4kWh ' 3kWh 10kWh '+ 10kWh

Arrival: 9:30
Desired departure:
Charging quantity: 50
kWh

i 10kWh  9kWh  10kWh , 9kWh  8kWh  4kWh

Energy consumption 14kWh 14kWh 14kWh 14kWh 14kWh 12kWh 14kWh 14kWh 10kWh

Peak load: 56 kW



Problem Description

Unit demand charge d
Unitenergy charge €1 €2 €3 €4

Period 1 2 3 4

(SV7TV7/U’V)® xV,SV

Energy consumption f1 f2 f3 f4

€5 €+ er
S t T
L1,
Lyt - Toy,T,
LV, 1y

R A

Peak load: g%{ft}



Problem Description

Period 1 2 3 4 5 t T

®
(31,7_1,?1/1) Qxlgsl 371,71

I | I I \ | |
SvyT?J)u’U *CU’U,SU i i i : il'v,t : :‘/E’U,TU:
| |

®
G=0>

®
G=0>

SV7TV7UV 'CCV,SV o o o o o o o o o o o o :’EV,TV

Charging Constraints

Z NTyt = Uy Vv E|[V]
teTy
0<z,: <K/n Yvel|V],teT,




The Stochastic Program

ggﬁ EIP’ tez[;] etft(ma Z) + dg%{ft(w’ Z)}




The Stochastic Program

xrxcX

min Ep Z er fr(x, 2) + dmax {fi(x, 2)}

te[T]

€ [T']

/
vie{a

Zte% NTyt = Uy, Y €& V]

0<x,: < K/n Yo e [V],t €T,

Feasible charging schedule

b



The Stochastic Program

min Ep > eufi(m, Z) + d{g?ﬁ {fi(z, 2)}

| te[T] \ I 1

Energy consumption in period ¢t



The Stochastic Program

min Ep Z er fr(x, 2) + dmax {fi(x, 2)}

rcX (e te|T]

ft(a?'; Z) — Z Ly, tZy —> Number of arrivals of type v

All the types for charging in period t
Vt I:{UE[V]:SU<t§Tv}



The Stochastic Program

min Ep Z er fr(x, 2) + dmax {fi(x, 2)}

xckX el te|T]

- Given arrival distributions Z ~ [ such as independent Poisson
arrivals, one can use sample average approximation (SAA)

1 A .
min = » (Z et fr(@, 25) +d?€1%z§{ft(w,zs)})




The Stochastic Program

- Sample average approximation (SAA)

;rggrég Z (Z erfr(x, 2s) +d12%{ft(w Zs)})

se[S] \te[T]

- Large scale: (>80000) random variables and (>700000)
decision variables, and large sample size (>5000).

- Alternative: a robust perspective using MGF



Exponential Conic Approximation

Ep | Y  eufi(w, 2) + dmax {fi(x, 2)}

= te[T)

= efi(m,A) + dEp [?é?ﬁ {ft(mv'%)}]

/‘tem

(]EP Z| = A= Ep fi(z, 2)] = fi(z, A)



Exponential Conic Approximation

- Bound the expected peak load using MGF:

Be | mux{ (2 2)|
< inf plog > Ep [exp (ft(w’é) ; f’f("’”’)‘))] —I—max{ft(a: )}

pn>0 (T te[T]




Exponential Conic Approximation

- Bound the expected peak load using MGF:

Bp | mx{ (2 2)|

te[T]

< inf plog Z Ep
H=0 te[T]

[eXp (ft(zn, Z) ; fi (e, )\))]

 max{fi(x, A)}

te[T]

- Exploit stochastic independence to decompose log-MGF:

1 log Ep [exp

= ZMlOgEIP

vEVy

- Z’UEVt

(Z’Uevt wvatzv

o

xv,tzv
9!




Exponential Conic Approximation

- Bound the expected peak load using MGF:
- Exploit stochastic independence to decompose log-MGF:

(Z’Uevt xvatzv N Z’Uévt :Uv,t)\?))]

L

— Z 1 log Kp [eXp (%,t%)] — Z Tyt Ay

VE Vi ’u

i log Ep [exp

- Exponential cone representable log-MGF of Poisson variables:

xv,tzv
v

plog Ep [exp ( )] = )\U(,Léex”’t/ H — 1) is Kexp-representable




Exponential Conic Approximation

- Exponential conic representable upper bound:

a9+ 3 (T o)
u>0,€,¢ te[T] VEVy
s.t. Z Tyt Ay < 7Y vVt € [T]
UEVt
(ECP-U) pexp (zy1/p) < &y Vt e [T],v €V
[ €XP <<—/<3 + Z Aol&o,t — Tus — M)) /M) < Gt vt € [T]
vEVt
Z G < p
te[T]




Exponential Conic Approximation

- Exponential conic constraints:

pexp (To,e /1) < &oe Vi€ [T],v €V

xi[v, t] >= rso.pexp(x[v, t], mu)

[ exp <<—/<; + Z Ao (vt — Tyt — ,u)) /,u) < (; Vt € |T]

VEV:

zeta[t] >= rso.pexp(-kappa + sum((xi[v, t] - x[v, t] - mu) * v rates|[v]
for v in vt types[t]), mu)




Comparison with SAA

- SAA with 38000 samples: >36 hours, far from optimality
- ECP is near optimal: optimality gap = 0.71%

—e— SAA objective
840 1 —#~— SAA evaluation
e (22619, 805.0)

\.\_...

o¢]
o
o

.s.:-.,‘
_.—"137962, 799.30)

-
- ’
-’-

Expected cost
~ ~
(@)] (e}
o o

~
N
o

720 -

700

500 1000 2000 3000 5000 8000
Sample size



Key ldeas

- Modeling
- Incorporate more distributional information via MGF
- Exploit stochastic independence via MGF

- Computation
- Computational scalability by ECP approximation

Home > Operations Research > Vol.72,No.5 >

An Exponential Cone Programming Approach for
Managing Electric Vehicle Charging

Li Chen ", Long He ", Yangfang (Helen) Zhou

Published Online: 16 May 2023 | https://doi.org/10.1287/opre.2023.2460




Part Il

- A general framework

Home > Operations Research > Ahead of Print >
Robust Optimization with Moment-Dispersion Ambiguity

Li Chen “=, Chenyi Fu “", Fan Si “*, Melvyn Sim ", Peng Xiong

Published Online: 16 Dec 2024 | https://doi.org/10.1287/opre.2023.0579




Make It General

- How to generalize these ideas and integrate with existing
RSOME framework?

Home > Management Science > Vol. 66, No. 8 >

Robust Stochastic Optimization Made Easy with RSOME

Zhi Chen ", Melvyn Sim “, Peng Xiong
Published Online: 13 May 2020 | https://doi.org/10.1287/mnsc.2020.3603

( (2,5) ~P

Ep(z|5 € Exm] € Qkm  VE € [K]
Fn=3PePy(R' x[S])| Plz€ Zsn|5=5]=1 Vse[S]
P[5 = s] = ps Vs € [S]
for some p € P,, )

-~




Make It General

- The building block: linear moment ambiguity sets

Ep[3}5

(27 §) ~

P

mt € Qrm VK € [K]

Fn=4PePy(R' x[S])| Pz € Z,ifs=s} =1 Vse|[S]

PE—=-sl=ps EAASy
\ for-seme p-€ P

v "

FrL = {P e Po(RM)

Ep |
Pz

zleWw }
cZl=1




Moment-Dispersion Ambiguity

[Mean uncertainty set}

z~P ./ )
g . IP)EP()(RNZ) E]P)[ ] E >

InEp [exp (v (2 - Ep[2]))] <[¢(v)] Yo e RN
PlzeZ =1 )

A 4
[ Dispersion characteristic function]




Moment-Dispersion Ambiguity

- Moment-dispersion ambiguity sets

( 2 -~y ]P)
B v | EplElew
T= PP K exp (v (2 — B2 2])] <[p(v)] Vo € RY-
\ Plze 2] =1
Definition 1

A function ¢ : RM> — R U {oo} is a dispersion characteristic function if

1. Normalized: ¢(0) = 0.
2. Convex: ((v) is convex in v € RNz,

3. Centered: If p(v) < o0, then lim kp(v/k) = 0.

K—r 00O

4. Variance consistency: If li_>m k*p(v/K) = 0, then p(v) = 0.



Moment-Dispersion Ambiguity

- Moment-dispersion ambiguity sets

( z~P

G :={ P c Py(RY?)

Definition 1

A function ¢ : RY> — RU {oo} is a dispersion characteristic function if
@

1. Normalized: ¢(0) = 0.

2. Convex: ¢(v) is convex in v € RV=,
3. Centered: If p(v) < o0, then lim kp(v/k) = 0.

K—r 00O

4. Variance consistency: If lim x?p(v/k) =0, then ¢(v) =

K— 00

0.




Moment-Dispersion Ambiguity

- Moment-dispersion ambiguity sets

( 2 ~ IP) )

Ep [2] = A
1

InEp [exp (v' (2 — Ep[2]))] <[§’UT2’U] Vv € RM-

\ P[z>0,A% <b] =1 " ,

Gg.={Pe PO(RNZ)

Definition 1

A function ¢ : RY> — R U {oo} is a dispersion characteristic function if
1. Normalized: ¢(0) = 0.
2. Convex: ¢(v) is convex in v € RV=,
3. Centered: If p(v) < o0, then lim kp(v/k) = 0.

K—r 00O

4. Variance consistency: If lim x*p(v/k) = 0, then p(v) = 0.

K— 00



Moment-Dispersion Ambiguity

- Moment-dispersion ambiguity sets

;

Gg.=<KPe PO(RNZ)

\

Z~P ‘
Ep [2] <4

InEp [exp (v' (2 —Ep[2]))] < p(v) Vo e RN:
Plze Z]=1

- Distributionally robust optimization

certainty equivalent

min sup CEp f(m, 2)] (entropic risk measure)

[ ess supp[¢] if k=0

\CES [g} = kInEp [eXp ({/m)} if Kk >0

\Ep[g} if K = o0




General Framework

- Moment-dispersion ambiguity sets

;

\

g.=<{Pe PQ(RNZ)

z~P
E]p[i]EW

InEp [exp (v' (2 —Ep[2]))] < p(v) Vo e RN:
Plze Z] =1

- Distributionally robust optimization

min sup C

p [f(x, 2)]

risk tolerance level

[ ess supp¢]

K 1n Ep {exp (é/li)}

| Er €

it Kk =0
itk >0
it Kk = o0



General Framework

ess supp|¢] if k=0
K InEp [exp <§~//<o>} if k>0

L

if Kk =00

- DRO under mean-dispersion ambiguity

min sup C

p Lf(x, 2)]

- Optimization models related to entropic risk measure

Kullback-Leibler Divergence Constrained Distributionally Robust
Optimization

Zhaolin Hu
School of Economics and Management, Tongji University, Shanghai 200092, China

L. Jeff Hong

Department of Industrial Engineering and Logistics Management
The Hong Kong University of Science and Technology, Clear Water Bay, Hong Kong, China

Entropic Value-at-Risk: A New Coherent Risk Measure

A. Ahmadi-Javid

SIAM J. OPTIM.

© 2006 Society for Industrial and Applied Mathematics
Vol. 17, No. 4, pp. 969-996

CONVEX APPROXIMATIONS OF CHANCE CONSTRAINED
PROGRAMS*

ARKADI NEMIROVSKIT AND ALEXANDER SHAPIRO'

Home > Operations Research > Vol. 71,No.1 >
Robust Satisficing

Daniel Zhuoyu Long ", Melvyn Sim ", Minglong Zhou

Published Online: 1 Feb 2022 | https://doi.org/10.1287/opre.2021.2238




Robust Optimization

- Tractable safe approximation

p(r, ) > sup CEp |f(x, 2)]
Peg

conic representable: exponential cones, second-order cones, ...
non-increasing in K to reflect decreasing risk aversion
good quality in risk-neutral case:

p(oco,x) < sup Ep[f(x, 2)]
PeF,

not too conservative:

p(k,x) < sup f(x, z)
zEZ




Exponential Conic Approximation

- Piecewise linear convex cost | p(x, z) > sup CEf [gn[a[){( lap(z) "z + b(z)}
Peg =

p(li, ZB) — inf tl -+ t2 -+ t3
S.t. g1 + Q2 = K

Z Mk < g2

kC[K]

g2 exp ((wx + 1k —t1) /q2) <k vk € [K]

v, p+ U < wy Vu e Wk € [K]
(Tky @2, 06 —u) € P Vk € |[K]|

(ap(x) —vi) 'z + bp(x) — 0 < to Vz € Z,k € [K]
(t3,q1,u) € P

teR3,qeR:, uecRY wrneRs
v, € RY: 7, €R Vk € [K]




Exponential Conic Approximation

- Piecewise linear convex cost

plk, x) =

inf
S.t.

btz 13 O =cl{(t,k,v) € RL xR | sp(v/k) <t}
g1 +q2 =K

Z Me < G2

ke[K]

g2 exp ((wx + 1k —t1) /q2) <k vk € [K]

v, p+ U < wy Yu e Wk € [K]
(rk7Q27vk — ’LL) cd Vk € [K]

(ap(x) —vi) 'z + bp(x) — 0 < o Vz € Z,k € [K]
(t37Q17u’) S

tceR3 qeR: ueRY wrneRs
v, € RY- 7, € R Vk € [K]




Exponential Conic Approximation

- Piecewise linear convex cost
- Risk-neutral case

p(oo, x) =

inf tl + t2

S.t.

qexp ((wg + 1 —t1) /q) < n

v, @+ v < wy

(rk,q,ka —u) cd

(ar(x) —vi) 'z + bi(x) — T < to
tcR? geR,ucRY w,r,ncRY
Vi € RNZ,Q_)k e R

Vk € K]
Yu e W, k € [K]
Vk € K]
Vz € Z,k € [K]

Vk € K]




RSOME Implementation

class GMModel (ro.Model) :

def min ce infty data(self, pieces, z, mu, sigmas, Gamma, fset):

K = len(pleces) inf  t; + to
Nz = z.slze
s.t. 2::nk§§q
g = self.dvar
U = self.dvar (Nz) qexp ((wi +ri —t1) /q) < M Vk € K]
w o= se%?gvar g% v+ U < wg Vu € W,k € [K]
r = self.dvar
eta = self.dvar (K) (re,q, v —u) € P vk € |K]
v = self.dvar ((K, Nz)) (ap(x) —vi) "z + bi(x) — g, < to Vz € Z,k € [K]
vbar = self.dvar (K) t€R2,qER+,uERNz,w,r,n€RK
self.min (t.sum()) v, € RYV: g, eR Vk € [K]

self.st(eta.sum() <= g, g >= 0)

self.st(rso.pexp(w + r = £t[0], g) <= eta)

self.st((v @ mu + vbar <= w) .forall (fset))

for k in range (K) :
self.in Phi Gamma data(r(k], g, v[k] - u, sigmas, Gamma)
self.st((pieces[k] = v[k] @ z - vbar[k] <= t[l]).forall (fset))



RSOME Implementation

class GMModel (ro.Model) :

def min ce infty data(self, pieces, z, mu, sigmas, Gamma, fset):

K = len(pleces) inf 1 + to
Nz = z.slze
s.t. 2::nk§§q
g = self.dvar
U = self.dvar (Nz) qexp ((wi +ri —t1) /q) < M Vk € |K]
w = Seﬁ.gvar%; v+ T < wg Vu € W,k € [K]
r = self.dvar
eta = self.dvar (K) (re,q, v, —u) € P vk € |K]
v = self.dvar ((K, Nz)) (ap(x) —vg) "z + bi(x) — g, < to Vz € Z,k € [K]
vibar = self.dvar (K) tERQ,q€R+,uERNz,w,r,n€RK
self.min (t.sum()) vy € RY: g, e R Vk € [K]

self.st(eta.sum() <= g, g >= 0)

self.st(rso.pexp(w + r = £t[0], qg) <= eta)

self.st((v @ mu + vbar <= w) .forall (fset))

for k in range (K) :
self.in Phi Gamma data(r(k], g, v[k] - u, sigmas, Gamma)
self.st((pieces[k] - v[k] @ z - vbar[k] <= t[l]).forall (fset))



Summary

- Exponential conic optimization in RSOME + COPT
- Electric vehicle charging scheduling using exponential cones
- Robust optimization with moment-dispersion ambiguity

Thank you!
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