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RSOME
- RSOME (Robust Stochastic Optimization Made Easy)

- Solvers



COPT
- Solver



Exponential Cone
- Exponential cone: a 3-dim closed convex cone
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Exponential Cone
- Exponential cone

- Model exponential function: 
- Model softplus function:

<latexit sha1_base64="0hpq+qXDHQ/HVoGsskaBs+xmWfM="></latexit>

t � exp(x) () (t, 1, x) 2 Kexp

<latexit sha1_base64="LQGeZTKxsC9pN2wPL1umoZkfG5s="></latexit>

t � log(1 + exp(x))
() exp(t) � 1 + exp(x)
() 1 � exp(�t) + exp(x� t)
() 1 � u+ v

(u, 1,�t) 2 Kexp

(v, 1, x� t) 2 Kexp

<latexit sha1_base64="9p5FdRtj6sPQNJOZQx8DWow3LFM=">AAAvQ3icvVpbc9tEFN5wLeGWwgwvvGhIW9qZYHxrkjJTpjTQMpQOSZsmhaj1SLJiayzbqiQndo1n+Bf8En4AD/wIfgNvDK/McM5ZyZJ1XVsK8URerc/5zmXPZbW2apmG41arf6698uprr7/x5qW31t9+59333t+4/MGRMxzZmv5EG5pD+6mqOLppDPQnruGa+lPL1pW+aurHam8PPz8+023HGA4O3YmlP+srnYFxamiKC1Otjd8lWdU7xmCq2LYymU1Nc7Yu9xW3qynm9MGsN </latexit>

Kexp := {(x1, x2, x3) | x1 � x2 exp(x3/x2), x2 > 0}[
{(x1, 0, x3) | x1 � 0, x3  0}



Exponential Cone
- Exponential cone related functions/constraints in RSOME



Logistic Regression
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�
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� from rsome import ro

import rsome as rso
from rsome import cpt_solver as solver

lr = ro.Model()

w = lr.dvar(n_features) # Weight 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



Optimization Under Uncertainty
- Deterministic Optimization

- Stochastic Optimization

- Robust Optimization

- Distributionally Robust Optimization
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Stochastic Optimization
- Stochastic Optimization

- Challenge: compute expectation
- Two approaches

- Deterministic approximation
- Sample-based approximation
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Optimization Under Uncertainty
- Stochastic Optimization

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

- More information ⇒	smaller ambiguity set ⇒	less conservative
- Modeling idea: leverage the moment-generating function (MGF)
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Optimization Under Uncertainty
- Robust perspective: approximate expectation by upper bounds

- Modeling idea: leverage the moment-generating function (MGF)
- Tractability: exponential conic optimization 
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Part II



Problem Background
- Stochastic demand of heterogeneous customers

- arrival time 
- departure time 
- energy requirement

- Decision: charging schedule
- Electricity tariff structure

- energy charge
- demand charge

- Goal: minimize cost

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



Problem Description

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

Arrival: 9:00
Desired departure: 10:45
Charging quantity: 20 
kWh

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



Problem Description

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

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

10kWh 10kWh
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Arrival: 9:00
Desired departure: 10:45
Charging quantity: 20 
kWh

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

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

Energy cost/ kWh

20kWh 20kWh 20kWh 20kWh 20kWh 10kWh 10kWh 0kWh 0kWhEnergy consumption



Problem Description

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

10kWh 10kWh

10kWh 10kWh 10kWh 10kWh 10kWh

10kWh 10kWh 10kWh 10kWh 10kWh

$0.1 $0.1 $0.1 $0.1 $0.2 $0.2 $0.2 $0.2 $0.2

Arrival: 9:00
Desired departure: 10:45
Charging quantity: 20 
kWh

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

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

Energy cost/ kWh

20kWh 20kWh 20kWh 20kWh 20kWh 10kWh 10kWh 0kWh 0kWhEnergy consumption

Peak load: 80 kW

Demand charge: $1/ kW Cost = $16 (energy charge) + $80 (demand charge)



Problem Description

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

4 kWh 10kWh 6kWh

10kWh 4kWh 4kWh 5kWh 4kWh 3kWh 10kWh 10kWh

10kWh 9kWh 10kWh 9kWh 8kWh 4kWh

$0.1 $0.1 $0.1 $0.1 $0.2 $0.2 $0.2 $0.2 $0.2

Arrival: 9:00
Desired departure: 10:45
Charging quantity: 20 
kWh

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

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

Energy cost/ kWh

14kWh 14kWh 14kWh 14kWh 14kWh 12kWh 14kWh 14kWh 10kWhEnergy consumption

Peak load: 56 kW

Demand charge: $1/ kW Cost = $18.4 (energy charge) + $56 (demand charge)



Problem Description
Unit energy charge

Energy consumption

Unit demand charge
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Problem Description
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The Stochastic Program
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The Stochastic Program
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The Stochastic Program
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The Stochastic Program
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The Stochastic Program

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

<latexit sha1_base64="6gts7zSgx6Ae5G3sPsOUFxs2GXw="></latexit>

min
x2X

EP

2

4
X

t2[T ]

etft(x, z̃) + dmax
t2[T ]

{ft(x, z̃)}

3

5

<latexit sha1_base64="cp0vKQpo75GIIZSrQAd0ZNNe4fU="></latexit>

z̃ ⇠ P

<latexit sha1_base64="Z+ZmvB/mYjDkNWaI3pjQCJWjh/A="></latexit>

min
x2X

1

S

X

s2[S]

0

@
X

t2[T ]

etft(x, ẑs) + dmax
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The Stochastic Program
- Sample average approximation (SAA)

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

- Alternative: a robust perspective using MGF
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Exponential Conic Approximation
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Exponential Conic Approximation
- Bound the expected peak load using MGF:
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Exponential Conic Approximation
- Bound the expected peak load using MGF:

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

- Exponential cone representable log-MGF of Poisson variables:
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Exponential Conic Approximation
- Exponential conic representable upper bound:
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zeta[t] >= rso.pexp(-kappa + sum((xi[v, t] - x[v, t] - mu) * v_rates[v]             
for v in vt_types[t]), mu)

Exponential Conic Approximation

- Exponential conic constraints:
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Comparison with SAA
- SAA with 38000 samples: >36 hours, far from optimality
- ECP is near optimal: optimality gap ≈ 0.71%



Key Ideas
- Modeling

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

- Computation
- Computational scalability by ECP approximation



Part III
- A general framework



Make It General
- How to generalize these ideas and integrate with existing 

RSOME framework?



Make It General
- The building block: linear moment ambiguity sets

<latexit sha1_base64="DRfoOzh3Nm1nx7ZISFSM6gd/BZo="></latexit>

S = 1
<latexit sha1_base64="dht7hELU1RmLjKbIs3CZJBJCSQ4="></latexit>

FL :=

8
<

:P 2 P0(RNz )

������

z̃ ⇠ P
EP [z̃] 2 W
P [z̃ 2 Z] = 1

9
=

;



Moment-Dispersion Ambiguity
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Dispersion characteristic function Support set

Mean uncertainty set



Moment-Dispersion Ambiguity
- Moment-dispersion ambiguity sets

<latexit sha1_base64="erKKaC314ZU1vOp004ROjTv5nBI="></latexit>

G :=

8
>><

>>:
P 2 P0(RNz )

��������

z̃ ⇠ P
EP [z̃] 2 W
lnEP

⇥
exp

�
v>(z̃ � EP [z̃])

�⇤
 '(v) 8v 2 RNz

P [z̃ 2 Z] = 1

9
>>=

>>;



<latexit sha1_base64="ZNnqdX40hcqHrYNBXLJPNiUMnH4="></latexit>

G :=

8
>>>>><

>>>>>:

P 2 P0(RNz )

�����������

z̃ ⇠ P
EP [z̃] = �

lnEP
⇥
exp

�
v>(z̃ � EP [z̃])

�⇤


NzX

i=1

�i(e
vi � vi � 1) 8v 2 RNz

P [z̃ � 0,Az̃  b] = 1

9
>>>>>=

>>>>>;

Moment-Dispersion Ambiguity
- Moment-dispersion ambiguity sets
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Moment-Dispersion Ambiguity
- Moment-dispersion ambiguity sets



Moment-Dispersion Ambiguity
- Moment-dispersion ambiguity sets

- Distributionally robust optimization 
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General Framework
- Moment-dispersion ambiguity sets

- Distributionally robust optimization 
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General Framework
- DRO under mean-dispersion ambiguity 

- Optimization models related to entropic risk measure
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Robust Optimization
- Tractable safe approximation

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

- not too conservative:
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Exponential Conic Approximation
- Piecewise linear convex cost
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Exponential Conic Approximation
- Piecewise linear convex cost
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Exponential Conic Approximation
- Piecewise linear convex cost
- Risk-neutral case
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RSOME Implementation
class GMModel(ro.Model):

def min_ce_infty_data(self, pieces, z, mu, sigmas, Gamma, fset):

K = len(pieces)
Nz = z.size

t = self.dvar(2)
q = self.dvar()
u = self.dvar(Nz)
w = self.dvar(K)
r = self.dvar(K)
eta = self.dvar(K)
v = self.dvar((K, Nz))
vbar = self.dvar(K)

self.min(t.sum())

self.st(eta.sum() <= q, q >= 0)
self.st(rso.pexp(w + r - t[0], q) <= eta)
self.st((v @ mu + vbar <= w).forall(fset))
for k in range(K):

self.in_Phi_Gamma_data(r[k], q, v[k] - u, sigmas, Gamma)
self.st((pieces[k] - v[k] @ z - vbar[k] <= t[1]).forall(fset))
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Summary
- Exponential conic optimization in RSOME + COPT
- Electric vehicle charging scheduling using exponential cones
- Robust optimization with moment-dispersion ambiguity

Thank you!


