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Challenges of Optimizing Decisions Under Uncertainty 

“All Models are Wrong” 
  – George Box, JASA 1976



Expertise on Decisions Making under Uncertainty

• Applied Probabilist
• Model decision problem as a stochastic process. 
• Focus on formulating stochastic process with analytical tractability.

• Decision Theorist
• Rank various decisions under uncertainty.
• Focus on rational agents with extensive computational powers.  

• Statistician
• Estimate parameters of stochastic process from data.
• Focus on convergence analysis as data increases.

• Optimization Expert
• Obtain the best solution for the decision problem
• Focus on efficiency of algorithm and optimality of the solution.



The Blind Men and the Elephant

• Illustrator unknown - From The Heath readers by grades, D.C. Heath 
and Company (Boston).

"The moral of the parable is that humans have a tendency to 
claim absolute truth based on their limited, subjective 
experience as they ignore other people's limited, subjective 
experiences which may be equally true.” - Wikipedia



A Portfolio Management Problem

<latexit sha1_base64="cUwmA9WffCcTy3+z4pSzw3E6Dkc="></latexit>

• Investment in N stocks.

• Uncertain future stock returns r̃.

• Portfolio allocation x 2 RN .

• Future portfolio returns: r̃>x.



A Portfolio Management Problem

• Applied Probablist
• Model stock returns as a multivariate normal distributed random variable.

<latexit sha1_base64="ofVEIQgb0D9dY+Ubz6lfyQmDd7o="></latexit>

r̃ ⇠ N (µ,⌃)
r̃>x ⇠ N (µ>x,x>⌃x)



A Portfolio Management Problem

• Decision Theorist
• Rational agents follows Expected Utility Theory (EUT) 
• Consistent with the following Axioms (von Neumann/Morgenstern)

• Complete Ordering
• Transitivity
• Independence
• Continuity



A Portfolio Management Problem

• Decision Theorist
• Rank portfolio decisions based on an agent with Constant Absolute Risk 

Aversion- Exponential Utility.  
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⌘i⌘
= µ>x�

x>⌃x

2
where

u(r) = � exp(�r/)



A Portfolio Management Problem

• Statistician
<latexit sha1_base64="afq/ZXwTE7SGIV4IYrv6Woqq1OA="></latexit>

Given empirical distribution:

r̃ ⇠ P̂

Estimate mean and covariance by maximizing
likelihood:

µ̂ = EP̂ [r̃] , ⌃̂ = EP̂
h
(r̃ � µ̂)(r̃ � µ̂)>

i



A Portfolio Management Problem

• Optimization Expert
• Obtain optimal portfolio decision by solving a tractable convex quadratic 

optimization problem.

<latexit sha1_base64="/iybGg4n4Q1n9gFcAkzMsgMLg1A="></latexit>

max µ̂>x� x>⌃̂x
2

s.t. 1>x = 1



A Portfolio Management Problem

• Optimization Expert
• Constraint on expected return:

<latexit sha1_base64="8+PcaZSJlG3jnlF4tYPLv12HHho="></latexit>

min x>⌃̂x
s.t. µ̂>x = ⌧

1>x = 1

Expected return of equal weighted portfolio:

⌧ =
1

N
µ̂>1



Optimizer’s Curse: Inferior Performance

• DeMiguel, Victor, Lorenzo Garlappi, 
and Raman Uppal. "Optimal versus 
naive diversification: How inefficient is 
the 1/N portfolio strategy?." The 
Review of Financial Studies (2009).
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A Deterministic Decision Model

• 𝑓: attribute function.
• 𝒙 ∈ 𝒳: here-and-now decisions.
• &𝒛 ∈ 𝒵: Specified input vector, where 𝒵 is the support set.

16
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V =






min c→x
s.t. f(x, ẑ) ↑ ω

x ↓ X



On Attribute Function

• Often expressed as an optimization problem over wait-and-see or 
recourse variables.

• A decision model can have multiple attribute functions

17
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V =

8
><

>:

min c>x
s.t. fm(x, ẑ)  ⌧m 8m 2 [M ]

x 2 X

<latexit sha1_base64="3YVQ1AwFmFWixv+JsfADrcuzM68="></latexit>

f(x, z) =

8
><

>:

min d>y
s.t. By � A(z)x+ b(z)

y 2 RN1



Budgeted Robust Optimization Model

• 𝒵 𝛾 : uncertainty set: subset of support set that contains the 
specified input vector

• Δ z, &z :Disparity metric
• 𝛾: Disparity budget parameter

<latexit sha1_base64="I8nYYeFNsVhJXPeOqDt8p6iKc4g="></latexit>

min c>x
s.t. f(x, z)  ⌧ 8z 2 Z(�)

x 2 X

<latexit sha1_base64="fuJRY5FRTC05Muoen4XbP5NwDkg="></latexit>

Z(�) = {z 2 Z | �(z, ẑ)  �} .



On Disparity Metric

• Evaluate distance from specified input.
• Typically based in L-p norm:

• 𝐃 : Deviation Matrix: Determine the shape of the uncertainty set
• The choice of L-p norm has the impact on its tractability.
• p=1 is associated with the uncertainty set of “The Price of Robustness”.

19
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�(z, ẑ) = kD�1(z � ẑ)kp.



Budgeted Robust Optimization Model

• Exact or safe tractable approximations available. 
• Many works on tractable reformulations
• Facilitated by algebraic modeling language such as RSOME.

<latexit sha1_base64="jwLRlDwfI5d5hM4WBHCEdTO2+uQ="></latexit>

min c>x
s.t. f(x, z)  ⌧ 8z 2 Z(�)

x 2 X



RSOME – Robust Stochastic Optimization Made Easy

21



Budgeted Robust Optimization Model

• Question:
• How do we specify the disparity budget parameter?

• Statistical Guarantee?
• Interpretability?

<latexit sha1_base64="jwLRlDwfI5d5hM4WBHCEdTO2+uQ="></latexit>

min c>x
s.t. f(x, z)  ⌧ 8z 2 Z(�)

x 2 X



Relation to Chance Constraint

• Robust constraint as a tractable approximation of chance constraints
• Caveat:
• Bound	is	weak	and	depends	on	attribute	function
• Probability	distribution	is	often not	known.

<latexit sha1_base64="bDB77qmTsz4RHNztNvEagRKnaAo="></latexit>

Suppose z̃ ⇠ P, then

f(x, z)  ⌧ 8z 2 Z(�)
+

P [f(x, z̃) > ⌧ ]  P [�(z̃, ẑ) > �]



Satisficing Decision Model

• Simon (1955, 1959) 
• Human behavior to achieve at least some minimum level of a particular 

variable, but which does not necessarily maximize its value. Coined the 
term satisfice. (Satisfy + Suffice).

• Lanzilloti (1958)
• Managers are primarily concerned about target returns on investment.

• Mao (1970)
• Manager’s perception of risk: the prospect of not meeting some target 

rate of return.



Satisficing Decision Model

25
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P-Model:

max P [f(x, z̃)  ⌧ ]
s.t. c>x  V1

x 2 X

• Charnes and Cooper. Operations Research. 1963. Deterministic Equivalents 
for Optimizing and Satisficing under Chance Constraints. 

• Computationally intractable



Tractable Satisficing Models

• D. Brown and M. Sim. 2009. Satisficing Measures for Analysis of Risky 
Positions. Management Science.
• D. Brown, E. De Giorgi and M. Sim. 2012. Aspirational Preferences and their 

Representation by Risk Measures. Management Science.
• D.Z. Long, M. Sim and M. Zhou 2022. Robust Satisficing. Operations 

Research.
• M Sim, Q Tang, M Zhou, T Zhu. 2024. The Analytics of Robust Satisficing - 

Predict, Optimize, Satisfice, then Fortify. Operations Research. 



Budgeted Robust Satisficing Model

• 𝑉! ≥ 𝑉: the specified target.
• Target is less abstract than budget parameter

• Maximize the budget parameter, subject to budgeted robust feasibility
• Quasiconcave maximation problem 
• Binary search on budget parameter  

27
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s.t. f(x, z)  ⌧ 8z 2 Z(�)

c>x  V1
x 2 X , � � 0



Tolerated Robust Optimization Model

• 𝜅 ∈ 0,+∞ : disparity tolerance parameter.
• Violation of attribute constraint can be tolerated
• Magnitude of violation is proportional to the distance from the 

specified input vector

28
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min c>x
s.t. f(x, z)  ⌧ + �(z, ẑ) 8z 2 Z

x 2 X



Relation to Profiled Chance Constraint

• Ensure	that	greater	violation	of	constraint	might	occur	at	lower	
probability.
• May not provide probabilistic guarantee of constraint feasibility. 

<latexit sha1_base64="UAABa+lxgiyKIaq75XDnrodkv4U="></latexit>

Suppose z̃ ⇠ P, then

f(x, z)  ⌧ + �(z, ẑ) 8z 2 Z
+

P [f(x, z̃) > ⌧ + r]  P [�(z̃, ẑ) > r] 8r > 0



Tolerated Robust Satisficing Model

• 𝑉! ≥ 𝑉: the specified target.
• Target is less abstract than tolerance parameter

• Minimize the tolerance parameter, subject to tolerated robust feasibility
• Limit	violation	of	constraint	as	much	as	possible
• Convex optimization problem 

30
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min 
s.t. f(x, z)  ⌧ + �(z, ẑ) 8z 2 Z

c>x  V1
x 2 X ,  � 0



Unified Robust Optimization Framework

• Dual	parameter	specifications
• 𝛾 ∈ 0,+∞ : disparity budget.
• 𝜅 ∈ 0,+∞ : disparity tolerance.

• Recovers budgeted robust optimization model if 𝜅 = ∞.
• Recovers tolerated robust optimization model if 𝛾 = 0.

31
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min c>x
s.t. f(x, z)  ⌧ + (�(z, ẑ)� �)+, 8z 2 Z

x 2 X



Probabilistic Guarantee

• Ensure	that	greater	violation	of	constraint	might	occur	at	lower	
probability.
• Also provide probabilistic guarantee of constraint feasibility. 

<latexit sha1_base64="6GqsGxrBV7E1m3rBnM6jHH/1N+E="></latexit>

Suppose z̃ ⇠ P, then

f(x, z)  ⌧ + (�(z, ẑ)� �)+ 8z 2 Z
+

P [f(x, z̃) > ⌧ + r]  P [�(z̃, ẑ) > � + r] 8r > 0



Unified Robust Satisficing Framework

33

• Specify two target𝑠: 	 𝑉! ≥ 𝑉1 ≥ 𝑉
• Step 1: Maximize budget as much as possible:

• Step 2:  Minimize tolerance as much as possible:

<latexit sha1_base64="Aii20egZ+Dj66X+TT4DVdUv+osc="></latexit>

�? =

8
>>><

>>>:

max �
s.t. f(x, z)  ⌧ 8z 2 Z(�)

c>x  V1
x 2 X , � � 0

<latexit sha1_base64="0ftnDmjVnQiZsTOfcbntuUPyk/Y="></latexit>

min 
s.t. f(x, z)  ⌧ + (�(z, ẑ)� �?)+, 8z 2 Z

c>x  V2
x 2 X , � 0



A Tour of Robust Decision Models

34
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Estimating Parameters of Disparity Metric

• Robust models are characterized by the disparity metric:

• Suppose we restrict disparity to L-p norm:

• Can we estimate the parameters of the disparity metric from data?
• What would be the objective function of such estimation procedure? 

35
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min c>x
s.t. f(x, z)  ⌧ + (�(z, ẑ)� �)+, 8z 2 Z

x 2 X

<latexit sha1_base64="L0PH/YRALF4TE8OtTfYkJvvBwuM="></latexit>

�(z, ẑ) = kD�1(z � ẑ)kp.



Probabilistic Guarantee 

36
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Suppose x is feasible in:

f(x, z)  ⌧ + (kD�1(z � ẑ)kp � �)+, 8z 2 Z

and

EP
h
 (kD�1(z̃ � ẑ)kp)

i
 1.

 : nonnegative, convex and increasing devia-
tion penalty function.
By Markov inequality,

P [f(x, z̃) > ⌧ + r]  P
h
kD�1(z̃ � ẑ)kp > r)

i

 P
h
 (kD�1(z̃ � ẑ)kp) >  (r))

i

 1/ (r) 8r � 0.



Probabilistic Guarantee 

37
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By specifying the deviation penalty function  

and ensuring that

EP
h
 (kD�1(z̃ � ẑ)kp)

i
 1,

we have:

P [f(x, z̃) > ⌧ + r]  1/ (r) 8r � 0.

Suppose  (r) = r7, then

P [f(x, z̃) > ⌧ + r]  r�7 8r � 0.



Volume of Confidence Set

38

• The volume of the norm ball is related to the size of the uncertainty set. 
• The larger the size of the uncertainty set, the more conservative the robust 

solution might become. 

<latexit sha1_base64="300sTPQ+p88Dd5/3+u46ksP+eY8="></latexit>

Define confidence set:

B(ẑ,D, �) =
n
z 2 RL | kD�1(z̃ � ẑ)kp  �

o
.

Volume of confidence set:

Vol(B(ẑ,D, �)) = det(D)�LVol(B(0, I,1)).



Minimum Volume Confidence Set (MVCS)

39

Volume of confidence set.

Ensures probabilistic guarantee.

• Key idea in estimating the parameters of the deviation metric:
• Minimizing the volume of the confidence set, while providing 

the probabilistic guarantee. 
• Estimating based on providing the least conservative solution 

with the desired probabilistic guarantee. 

<latexit sha1_base64="IoUocpMu+sBUEHQIH6vXZvaM7Ag="></latexit>

inf det(D)
s.t. EP

h
 (kD�1(z̃ � ẑ)k)

i
 1

ẑ 2 RL, D 2 SL++.



MVCS Estimation Problem

40

Consider the data-driven setting. We have a set of historical data 

where 𝑧! is the observed outcome of the input vector in scenario 𝜔.

<latexit sha1_base64="t/mH6HRvz+IAg5L7B96XQpYl/8s="></latexit>

D = {(ω, zω) | ω → [!]},



MVCS Estimation Problem

41

• Regularization vector 𝒓 to avoid degeneration.
• Without it, 𝐃 may degenerate to a singular 

matrix, when there is enough data, i.e. Ω is 
small,

<latexit sha1_base64="rskmCk2PJuWEtDN5PFVNibkh2OQ="></latexit>

P̂ [z̃ = zω] = 1
! →ω ↑ !

<latexit sha1_base64="UnFLJALsDlv72eAx7nKRSvJg3os="></latexit>

inf det(D)
s.t. EP̂

h
 (kD�1(z̃ � ẑ)k)

i
 1

D ⌫ Diag(r)
ẑ 2 RL, D 2 SL++.



MVCS Estimation Problem
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Not a Convex Optimization Problem

• Max root-determinant optimization problem with semidefinite constraints
• Root-determinant is concave and SOCP representable -  Supported in RSOME
• Deviation penalty function is conic representable – Power of exponential cone

<latexit sha1_base64="Kr8qWSUqJhNp6Wln3JW62xevkgw="></latexit>

inf det(D)
s.t. EP̂

h
 (kD�1(z̃ � ẑ)k)

i
 1

D ⌫ Diag(r)
ẑ 2 RL, D 2 SL++.

Convert to Convex Optimization via 
change of variables:

<latexit sha1_base64="r9+7tBLs6HgUavPMlpKOLxJHibM="></latexit>

D ! Q�1, ẑ ! Dq

<latexit sha1_base64="Eu/TJDX5rXxjtd+sbx5NdC7bOKA="></latexit>

max L
q
det(Q)

s.t. EP̂ [ (kQz̃ � qk)]  1
Q � Diag�1(r)
q 2 RL, Q 2 SL+.



Deviation Metric Norm and Penalty Function

43

<latexit sha1_base64="PqF73o7tg8fkkK5JvhcGjLzGHZc="></latexit>

Deviation metric based on L-p1 norm:

k · k = k · kp1.

Deviation penalty based on p2 power function:

 (r) = rp2.

Estimation problem:

inf det(D)

s.t. EP̂

✓���D�1(z̃ � ẑ)
���
p1

◆p2
�
 1

ẑ 2 RL, D 2 SL++.



RSOME Code

44

<latexit sha1_base64="9cLz0OEkID+Tws50NapoyUH21Uo="></latexit>

max L
q
det(Q)

s.t. EP̂
⇥
(kQz̃ � qkp1)p2

⇤
 1

q 2 RL, Q 2 SL+.



Shape of Uncertainty Set via p1

45
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inf det(D)

s.t. EP̂

���D�1(z̃ � ẑ)
���
p1

�
 1

ẑ 2 RL, D 2 SL++.



Outlier Sensitivity to Estimation via p2
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Outlier

<latexit sha1_base64="DslcuUpyu1dOBwwx95P7HH/Fk64="></latexit>

inf det(D)
s.t. EP̂

h⇣���D�1(z̃ � ẑ)
���
1

⌘p2i  1

ẑ 2 RL, D 2 SL++.



Uncertainty Set and Outlier Sensitivity

47
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inf det(D)

s.t. EP̂

✓���D�1(z̃ � ẑ)
���
p1

◆p2
�
 1

ẑ 2 RL, D 2 SL++.

<latexit sha1_base64="m5lUnS+uyZ6jOhRP0QVVnXVxzzY="></latexit>

Case of p1 = p2 = 2

ẑ? = EP̂ [z̃]

D? = EP̂
h
(z̃ � ẑ?)(z̃ � ẑ?)>

i1/2



Estimating Parameters of Disparity Metric
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Asymmetric Confidence Set

49

<latexit sha1_base64="CqxfGcgnzNdNdh5GeMHkY9eUFTI="></latexit>

B(ẑ,D,�, �̄, �) =
n
z 2 RL | k(Diag�1(�)D�1(z � ẑ))� + (Diag�1(�̄)D�1(z � ẑ))+k  �

o
.

<latexit sha1_base64="HEDDpZLyowGfcaXlOh1Gzx2zkiQ="></latexit>

How shall we estimate ẑ,D,�, �̄?



MCVS  for Asymmetric Confidence Set

50

<latexit sha1_base64="wv5nygZdL2NpyRx9CFUkDy6BL/o="></latexit>

Vol(B(ẑ,D,�, �̄, �)) /
Y

`2[L]

�
¯`

+ �̄`
2

· det(D)

Not	representable	as	a	convex	optimization	problem!

<latexit sha1_base64="S07zBXXoLoAvOmJhBoGWOWLLXl0="></latexit>

inf
Y

`2[L]

�
¯`

+ �̄`
2

· det(D)

s.t. EP̂
⇥
 (k(Diag�1(�)D�1(z̃ � ẑ))� + (Diag�1(�̄)D�1(z̃ � ẑ))+k)

⇤
 1

D ⌫ Diag(r)
ẑ 2 RL, �, �̄ 2 RL

++, D 2 SL++.



MCVS  for Asymmetric Confidence Set
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An alternating optimization strategy:
<latexit sha1_base64="JssABzrHk6mJcQwHCKRhsys78iY="></latexit>

inf
Y

`2[L]

�
¯`

+ �̄`
2

· det(D)

s.t. EP̂
⇥
 (k(Diag�1(�)D�1(z̃ � ẑ))� + (Diag�1(�̄)D�1(z̃ � ẑ))+k)

⇤
 1

D ⌫ Diag(r)
ẑ 2 RL, D 2 SL++.

<latexit sha1_base64="rEev8k9LZL+ajFdiaaEihfWm7Zc="></latexit>

inf
Y

`2[L]

�
¯`

+ �̄`
2

· det(D)

s.t. EP̂
⇥
 (k(Diag�1(�)D�1(z̃ � ẑ))� + (Diag�1(�̄)D�1(z̃ � ẑ))+k)

⇤
 1

D ⌫ Diag(r)
ẑ 2 RL, �, �̄ 2 RL

++, D 2 SL++.

Subproblems	are	conic	representable!
<latexit sha1_base64="f0CwZp3804sYaLLXVI0ENmGkvbk="></latexit>

inf
Y

`2[L]

�
¯`

+ �̄`
2

· det(D)

s.t. EP̂
⇥
 (k(Diag�1(�)D�1(z̃ � ẑ))� + (Diag�1(�̄)D�1(z̃ � ẑ))+k)

⇤
 1

�, �̄ 2 RL
++



MCVS  for Asymmetric Confidence Set
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Asymmetric Uncertainty Sets 
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Predictive Model with Side Information
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Consider the data-driven setting. We have a set of historical data with 
side information: 

where 𝒛! ∈ ℝ" is the observed outcome of the input vector in 
scenario 𝜔, and 𝒔! ∈ ℝ" is the corresponding side information.

<latexit sha1_base64="SXq6oJTOW042kLLgj5uwxR/9CTY="></latexit>

D = {(ω, zω, sω)}ω→[!]



Predictive Model with Side Information

55

We focus on affine prediction map 𝝌:ℝ# → ℝ" ,  

where &𝒛$ and R𝐙 are parameters estimated from data.

<latexit sha1_base64="3pMt5bZkHK8MQ4c14ClEUTqD5bo="></latexit>

�(s) = ẑ0 + Ẑs,



Predictive Model with Side Information
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The robust constraint with side information:

Given side information 𝒔, determine decision on 𝒙.	
Example in unit commitment:
• 𝒔: Weather information, AI or expert predictions
• 𝒛: Energy demands
• 𝒙: Production levels of energy

<latexit sha1_base64="gaZJhvYlpSkdefv4PD04JztG10o="></latexit>

f(x, z)  ⌧ + (�(z, ẑ0 + Ẑs)� �)+ 8z 2 Z



• Given the optimal solution of RHS, we can get the optimal solution of LHS:

Predictive Model with Side Information
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MVCS with side information:

<latexit sha1_base64="aT/xPMqBW8/h3jWb35RwTq/6vDs="></latexit>

We utilize the empirical distribution:
P̂ {(z̃, s̃) = (zω, sω)} = 1/! →ω ↑ [!].
to estimate parameters D, ẑ0 and Ẑ.

<latexit sha1_base64="JLI3Jb51+JO0OFUKJi658YgQqYk="></latexit>

inf det(D)
s.t. EP̂ [ω(→D

↑1(z̃ ↑ ẑ0 ↑ Ẑs̃)→)] ↓ 1
D ↔ Diag(r)
ẑ0 ↗ RL, Ẑ ↗ RL↘S, D ↗ SL++.

<latexit sha1_base64="ag024qaOxsppFKDlqzLtDQyHnu0="></latexit>

sup (det(Q))1/L

s.t. EP̂ [ω(→Qz̃ ↑ q ↑Ps̃→)] ↓ 1
Q ↔ Diag↑1(r)
q ↗ RL, P ↗ RL↘S, Q ↗ SL++.

<latexit sha1_base64="mlvknydkOOhNR6VzsYpJQgr4zYw="></latexit>

Dω = Qω→1, ẑω0 = Dωqω, and Ẑω = DωPω.



• Optimal solution can coincide with OLS:

• Statistical properties yet to be discovered. 

Generalizes Ordinary Least Square (OLS)
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<latexit sha1_base64="KHDsaL+qDfZoH0XAmmiE1jRxR9s="></latexit>

inf det(D)
s.t. EP̂ [(kD

�1(z̃ � ẑ0 � Ẑs̃)k2)2]  1
ẑ0 2 RL, Ẑ 2 RL⇥S, D 2 SL++.



Predictive Model with Side Information

Numerical Studies

Estimating Parameters of Disparity Metric

Agenda
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A Tour of Robust Decision Models

Asymmetric Uncertainty Sets 

Challenges of Optimizing Decisions Under Uncertainty 



Resource Allocation for Emergency Service 
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<latexit sha1_base64="sv/lIxPY/maASFBtgs+6wbRsd4U="></latexit>

• L nodes with uncertain demands z`, ` 2 [L]

• Here-and-now decision: x` inventory at location ` 2 [L]

• Location ` is connected to nodes in I` ✓ [L].

<latexit sha1_base64="lTP0eigVqzyzSj1krNTOgXcRiVw="></latexit>

Attribute function: Largest demand shortfall

f(x, z) =

8
>>>>>>>>>><

>>>>>>>>>>:

min v
s.t.

X

j2I`
y`j  xi 8` 2 [L],

X

i2I`
yi` � z` � v 8` 2 [L]

y`j � 0 8j 2 I`, ` 2 [L]
v 2 R.

<latexit sha1_base64="7V1kAW6LuFA7tm96UKO+6taZL1M="></latexit>

Demands are fulfilled if and only if f(x, z)  0.



Empirical Optimization
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<latexit sha1_base64="3xMnn4ejPFV6JcM++Xs5MoeaS+M="></latexit>

Resource allocation that covers all historical demands

VEO =

⇢
min c>x
s.t. f(x, z!)  0 8! 2 [⌦]

x 2 X .

=

8
>>>>>><

>>>>>>:

min c>x

s.t.
X

j2I`

y`j!  xi 8` 2 [L], ! 2 [⌦]

X

i2I`

yi`! � z`! 8` 2 [L], ! 2 [⌦]

y`j! � 0 8j 2 I`, ` 2 [L], ! 2 [⌦]

x 2 X .
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• 𝒜 2𝐿 + 1  is the set of all affine functions: 
• Affine recourse adaption on the on lifted variables

<latexit sha1_base64="aTfrYcMDBw4FbRXjzNrQMmA3ETM="></latexit>

Lifted uncertainty set:

Z̄(ω) =
{
(z,w, w̄, u) → Z ↑ RL

+ ↑ RL
+ ↑ R+

∣∣∣ w̄ ↓w = D↓1(z ↓ ẑ)
↔w + w̄↔ ↗ u ↗ ω

}
.

<latexit sha1_base64="5RBBV5mQsF/Pqw1aiR7DH5YNQW8="></latexit> ⇢
min c>x
s.t. f(x, z)  0 8z 2 Z(�)

x 2 X .



8
>>>>>>>><

>>>>>>>>:

min c>x

s.t.
X

j2I`

y`j(w, w̄, u)  x` 8` 2 [L], (z,w, w̄, u) 2 Z̄(�)

0 � z` �
X

i2I`

yi`(w, w̄, u) 8` 2 [L], (z,w, w̄, u) 2 Z̄(�)

y`j(w, w̄, u) � 0 8j 2 I`, ` 2 [L], (z,w, w̄, u) 2 Z̄(�)
y`j 2 A(2L+1) 8j 2 I`, ` 2 [L]
x 2 X .



<latexit sha1_base64="w4Zowg9GqWWJW66MMT0IaT52eqg="></latexit> 8
<

:

min 
s.t. f(x, z)  �(z, ẑ) 8z 2 Z

c>x  V1
x 2 X , � 0



8
>>>>>>>>><

>>>>>>>>>:

min 

s.t.
X

j2I`

y`j(w, w̄, u)  x` 8` 2 [L], (z,w, w̄, u) 2 Z̄)

u � z` �
X

i2I`

yi`(w, w̄, u) 8` 2 [L], (z,w, w̄, u) 2 Z̄

y`j(w, w̄, u) � 0 8j 2 I`, ` 2 [L], (z,w, w̄, u) 2 Z̄
y`j 2 A(2L+1) 8j 2 I`, ` 2 [L]
c>x  V1
x 2 X , � 0.

Lifted uncertainty set:

Z̄ =
n
(z,w, w̄, u) 2 Z ⇥ RL

+ ⇥ RL
+ ⇥ R+

��� w̄ �w = D�1(z � ẑ)
kw + w̄k  u  ū

o
.

Tolerated Robust Satisficing Model
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RSOME Code
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<latexit sha1_base64="5PQO8x7w8XU0HMLaI27uu7Fk5MQ="> </latexit>

min 

s.t.
X

j2I`

y`j(w, w̄, u)  x` 8` 2 [L], (z,w, w̄, u) 2 Z̄

u � z` �
X

i2I`

yi`(w, w̄, u) 8` 2 [L], (z,w, w̄, u) 2 Z̄

y`j(w, w̄, u) � 0 8j 2 I`, ` 2 [L], (z,w, w̄, u) 2 Z̄
y`j 2 A(2L+1) 8j 2 I`, ` 2 [L]
c>x  V1
x 2 X , � 0.

<latexit sha1_base64="gyI3yCS3FqrZzGiFB65fR1lorwg="></latexit>

Z̄ =
n
(z,w, w̄, u) 2 Z ⇥ RL

+ ⇥ RL
+ ⇥ R+

��� w̄ �w = D�1(z � ẑ)
kp1w + w̄k  u  ū

o
.



Out of Sample Evaluations 
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Comparison results with different 
norms.

• Average total violation:
the expected number of unfulfilled 
demands. 

• Violation probability:
the percentage of scenarios that 
the demand can not be fulfilled.

• Observe “Optimizer’s Curse”
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