
Mechanism Design Without Money

Kurt Mehlhorn, Javier Cembrano, Golnoosh Shahkarami

May 6, 2025

Strategic Facility Location Problem



Golnoosh ShahkaramiLearning-Augmented Mechanism Design 2

Goal: 
• Approximation guarantees of strategyproof

mechanisms

Strategyproof Mechanism:
• Agents have private information
• No agent has an incentive to misreport her data

Mechanism Design
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Single Facility Location
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• 𝑵: set of 𝑛 strategic agents

• 𝑿 = 𝒙𝟏, … , 𝒙𝒏 : each agent 𝑖 has a preferred location 𝒙𝒊 ∈ ℝ𝟐

• 𝒇(𝑿) ∈ ℝ𝟐: location of the facility

• 𝒅(𝒙𝒊, 𝒇(𝑿)) ≥ 𝟎: Euclidean distance of agent 𝑖 from the facility

• Goal: minimize some social cost objective

– Egalitarian Social Cost: 

max
%∈'

𝑑(𝑥% , 𝑓(𝑋))

– Utilitarian Social Cost: 

6
%∈'

𝑑(𝑥% , 𝑓(𝑋))

𝒅(𝒙
𝒊 , 𝒇(𝑿))
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Utilitarian Social Cost
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Input: 
𝑋 = 𝑥(, … , 𝑥)

Output:
𝑓 𝑋 = 𝑚𝑒𝑑𝑖𝑎𝑛

%∈'
𝑥%

Median D

• Goal: minimize ∑%∈' 𝑑(𝑥% , 𝑓(𝑋))

Strategyproof

Optimal
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Egalitarian Social Cost
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Input: 
𝑋 = 𝑥(, … , 𝑥)

Output:
𝑓 𝑋 = (max

%∈'
𝑥% − min

%∈'
𝑥%)/2

OPT D

• Goal: minimize max
%∈'

𝑑(𝑥% , 𝑓(𝑋))
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Egalitarian Social Cost
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Input: 
𝑋 = 𝑥(, … , 𝑥)

Output:
𝑓 𝑋 = (max

%∈'
𝑥% − min

%∈'
𝑥%)/2

OPT D

• Goal: minimize max
%∈'

𝑑(𝑥% , 𝑓(𝑋))

𝒅(𝒙𝒊, 𝒇(𝑿))
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Egalitarian Social Cost
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Input: 
𝑋 = 𝑥(, … , 𝑥)

Output:
𝑓 𝑋 = (max

%∈'
𝑥% − min

%∈'
𝑥%)/2

OPT D

• Goal: minimize max
%∈'

𝑑(𝑥% , 𝑓(𝑋))

𝒅’(𝒙𝒊, 𝒇(𝑿))
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Strategyproof Mechanisms - Deterministic
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Input: 
𝑋 = 𝑥(, … , 𝑥)

Output:
𝑓 𝑋 = 𝑚𝑒𝑑𝑖𝑎𝑛

%∈'
𝑥%

Median D
• Strategyproof: 

Returning any fixed x* is strategyproof

• 𝟐-approximation: 

Any point in the interval [x(, x+] is 2-approximation 

• Tight: 

Any deterministic strategyproof mechanism has an 

approximation ratio of at least 2
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Strategyproof Mechanisms - Randomized
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𝟏
𝟒

𝟏
𝟐

𝟏
𝟒

Input: 
𝑋 = 𝑥$, … , 𝑥%

Output: 
w.p. 𝟏

𝟒
: 𝑓 𝑋 = 𝑚𝑖𝑛

&∈(
𝑥&

w.p. 𝟏
𝟐 : 𝑓 𝑋 = 𝑚𝑖𝑑

&∈(
𝑥&

w.p. 𝟏
𝟒
: 𝑓 𝑋 = 𝑚𝑎𝑥

&∈(
𝑥&

LRM R
• Strategyproof

• 𝟏. 𝟓-approximation: 

(
,
×2 + (

-
×1+ (

,
×2 = (

-
+ (

-
+ (

-
= .

-

• Tight: 

Any randomized strategyproof mechanism has an 

approximation ratio of at least 1.5 on the line metric 
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Strategyproof Mechanisms – Euclidean Plane
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Input: 
𝑋 = 𝑥(, … , 𝑥)

Output:
𝑓 𝑋 = ?

OPT D

• Coordinatewise median: 2 – apx

• Goal: minimize ∑%∈' 𝑑(𝑥% , 𝑓(𝑋))
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Strategyproof Mechanisms – Euclidean Plane
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Input: 
𝑋 = 𝑥(, … , 𝑥)

Output:
𝑓 𝑋 = 𝑐𝑒𝑛𝑡𝑒𝑟 𝑜𝑓 𝑡ℎ𝑒

𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑏𝑜𝑢𝑛𝑑𝑖𝑛𝑔 𝑐𝑖𝑟𝑐𝑙𝑒

OPT

• Random Dictatorship: 2 – apx

• Centroid Mechanism: 2 − !
" - apx

• Goal: minimize max
%∈'

𝑑(𝑥% , 𝑓(𝑋))
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Strategyproof Mechanisms – Other Settings
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• Two Facilities
– PROCACCIA, A., TENNENHOLTZ, M., Approximate Mechanism Design without Money (EC’2013)

• Other Metrics (Circle, Tree, …)

– Alon, N., Feldman, M., PROCACCIA, A., TENNENHOLTZ, M., Strategyproof Approximation of the 
Minimax on Networks (MOR’2010)

– Meir, R., Strategyproof Facility Location for Three Agents on a Circle (SAGT'19)
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Learning-Augmented Algorithms

• Motivation

• Application

• Formal setting
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Learning-Augmented Algorithms
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Example: Binary Search
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Learning-Augmented Algorithms
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Learning-Augmented Algorithms
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Learning-Augmented Algorithms
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Learning-Augmented Algorithms
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Learning-Augmented Algorithms
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Learning-Augmented Algorithms
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Learning-Augmented Algorithms
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Learning-Augmented Algorithms
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Learning-Augmented Algorithms
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Learning-Augmented Algorithms
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Learning-Augmented Algorithms
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Learning-Augmented Algorithms
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Learning-Augmented Algorithms
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THEORY

Worst case analysis

Robust

Too pessimistic

PlaceholderMACHINE LEARNING

Statistical analysis

Efficient

No guarantees

VS

Can we get the best of both worlds?
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Learning-Augmented Algorithms
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LEARNING-AUGMENTED 
ALGORITHMS

Predictions

Efficient

Robust

Given some predictions

• Improve the performance guarantees when 
having good predictions 

• Being robust against bad predictions
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Learning-Augmented Algorithms
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Graph Algorithms 
Optimum Solution

Improve running time

Online Algorithms
Input that has not yet arrived

Improve competitive ratio

Data Structure, Sorting
(Offline) optimal solution

Improve running time

Distortion in Voting
Utilities of agents
Improve approximation guarantees

Mechanism Design
Private data of agents
Improve approximation guarantees
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Learning-Augmented Algorithms
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We do not know quality of the predictions

• Define prediction error η

• There are several ways to do so

Pe
rfo

rm
an

ce
 G

ua
ra

nt
ee

 

Prediction Error η
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Learning-Augmented Algorithms

33

Properties of learning-augmented algorithms 

• Robustness: Losing only a constant factor of the 
algorithm’s existing worst-case performance 
guarantee if η is large.

Pe
rfo

rm
an

ce
 G
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ra

nt
ee

 

Prediction Error η
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Learning-Augmented Algorithms
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Properties of learning-augmented algorithms 

• Robustness: Losing only a constant factor of the 
algorithm’s existing worst-case performance 
guarantee if η is large.

• Consistency: Improve the algorithm’s 
performance guarantee if η is zero. 

• Smoothness: The performance guarantee 
degrades gracefully with the quality of the 
predictions.

Pe
rfo

rm
an

ce
 G

ua
ra

nt
ee

 

Prediction Error η
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Learning-Augmented Algorithms
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Properties of learning-augmented algorithms 

• Robustness: Losing only a constant factor of the 
algorithm’s existing worst-case performance 
guarantee if η is large.

• Consistency: Improve the algorithm’s 
performance guarantee if η is zero. 

• Smoothness: The performance guarantee 
degrades gracefully with the quality of the 
predictions.

Pe
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SODA 2022

Online Fair Division

EC 2022

ITCS 2023

Mechanism Design
Scheduling

Mechanism Design
Facility location

EC 2024

Metric Distortion

EC 2024
Balkanski et al.

Online Mechanism Design

ICML 2018

Competitive Caching

IJCAI 2022

Mechanism Design

Lykouris and Vassilvitskii.

Agrawal et al.

Chenyang et al.

Banerjee et al.

Balkanski et al.

Berger et al.
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𝟏
𝟒

𝟏
𝟐

𝟏
𝟒

Can we improve the approximation factors using predictions?

What would be a reasonable notion of prediction?
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Goal: 
• Improve approximation guarantees of 

strategyproof mechanisms using predictions

Strategyproof Mechanism:
• Agents have private information
• No agent has an incentive to misreport her data

Learning-Augmented Mechanism Design
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• Optimal facility location

• 𝑭∗

• Every agents' location and IDs

• 𝑿∗ = 𝒙𝟏∗ , … , 𝒙𝒏∗

Prediction Settings

40

• ID of extreme agents

• 𝒆∗ = 𝒆𝟏∗ , 𝒆𝟐∗

,
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Deterministic Mechanisms with 𝑭∗ Prediction
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Input: 
𝑋 = 𝑥$, … , 𝑥%

Output:
If 𝑭∗ ∈ 𝑚𝑖𝑛

&∈(
𝑥& , 𝑚𝑎𝑥&∈(

𝑥& : 𝑓 𝑋 = 𝑭∗

If 𝑭∗ < 𝑚𝑖𝑛
&∈(

𝑥& : 𝑓 𝑋 = 𝑚𝑖𝑛
&∈(

𝑥&
If 𝑭∗ > 𝑚𝑎𝑥

&∈(
𝑥& : 𝑓 𝑋 = 𝑚𝑎𝑥

&∈(
𝑥&

MinMaxP D*

EC 2022

Learning-Augmented Mechanism Design: 
Leveraging Predictions for Facility Location

Agrawal et al.
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Deterministic Mechanisms with 𝑭∗ Prediction
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Input: 
𝑋 = 𝑥$, … , 𝑥%

Output:
If 𝑭∗ ∈ 𝑚𝑖𝑛

&∈(
𝑥& , 𝑚𝑎𝑥&∈(

𝑥& : 𝑓 𝑋 = 𝑭∗

If 𝑭∗ < 𝑚𝑖𝑛
&∈(

𝑥& : 𝑓 𝑋 = 𝑚𝑖𝑛
&∈(

𝑥&
If 𝑭∗ > 𝑚𝑎𝑥

&∈(
𝑥& : 𝑓 𝑋 = 𝑚𝑎𝑥

&∈(
𝑥&

MinMaxP D*

Learning-Augmented Mechanism Design: 
Leveraging Predictions for Facility Location

[Agrawal et al., 2022]
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Input: 
𝑋 = 𝑥$, … , 𝑥%

Output:
If 𝑭∗ ∈ 𝑚𝑖𝑛

&∈(
𝑥& , 𝑚𝑎𝑥&∈(

𝑥& : 𝑓 𝑋 = 𝑭∗

If 𝑭∗ < 𝑚𝑖𝑛
&∈(

𝑥& : 𝑓 𝑋 = 𝑚𝑖𝑛
&∈(

𝑥&
If 𝑭∗ > 𝑚𝑎𝑥

&∈(
𝑥& : 𝑓 𝑋 = 𝑚𝑎𝑥

&∈(
𝑥&

MinMaxP D*

EC 2022

Learning-Augmented Mechanism Design: 
Leveraging Predictions for Facility Location

Agrawal et al.
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Deterministic Mechanisms with 𝑭∗ Prediction

44

Input: 
𝑋 = 𝑥$, … , 𝑥%

Output:
If 𝑭∗ ∈ 𝑚𝑖𝑛

&∈(
𝑥& , 𝑚𝑎𝑥&∈(

𝑥& : 𝑓 𝑋 = 𝑭∗

If 𝑭∗ < 𝑚𝑖𝑛
&∈(

𝑥& : 𝑓 𝑋 = 𝑚𝑖𝑛
&∈(

𝑥&
If 𝑭∗ > 𝑚𝑎𝑥

&∈(
𝑥& : 𝑓 𝑋 = 𝑚𝑎𝑥

&∈(
𝑥&

MinMaxP D*

1 consistent
2 robust

Input: 
𝑋 = 𝑥$, … , 𝑥%

Output:
MinMaxP on each axis

MinBoundingBox D*

1 consistent
1 + √2 robust

EC 2022

Learning-Augmented Mechanism Design: 
Leveraging Predictions for Facility Location

Agrawal et al.
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Randomized Strategic Facility Location
with Predictions on the Line

1

1.25

1.5

1.75

2

1 1.25 1.5 1.75 2 2.25 2.5

C
on
si
st
en
cy

Robustness

• Consistency-Robustness tradeoff

• MinMaxP: 1 consistent, 2 robust [Agrawal et al., EC’22]

Given a prediction 𝑭∗ (the optimal facility location):

• LRM: 1.5 consistent, 1.5 robust
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Randomized Mechanisms with Predictions - Line
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1

1.25

1.5

1.75

2

1 1.25 1.5 1.75 2 2.25 2.5

C
on
si
st
en
cy

Robustness

F*

Given a prediction 𝑭∗ (the optimal facility location):
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Randomized Mechanisms with Predictions - Line
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1

1.25

1.5

1.75

2

1 1.25 1.5 1.75 2 2.25 2.5

C
on
si
st
en
cy

Robustness

X*

Given a prediction 𝑿∗ (full predictions):
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Randomized Mechanisms with Predictions - Line
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1

1.25

1.5

1.75

2

1 1.25 1.5 1.75 2 2.25 2.5

C
on
si
st
en
cy

Robustness

X*

others

Given other predictions 𝑿0𝟏∗ (missing one location):
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• Random Dictatorship: 2 – apx

• Centroid Mechanism: 2 − !
"

- apx

Randomized Strategic Facility Location
with Predictions on the Euclidean Plane

Input: 
𝑋 = 𝑥(, … , 𝑥)

Output:
𝑓 𝑋 = 𝑐𝑒𝑛𝑡𝑒𝑟 𝑜𝑓 𝑡ℎ𝑒

𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑏𝑜𝑢𝑛𝑑𝑖𝑛𝑔 𝑐𝑖𝑟𝑐𝑙𝑒

OPT D
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Randomized Mechanisms - Euclidean Plane

• Lower bound of 1.5 on the line does not hold!

50

𝟏
𝟒

𝟏
𝟐

𝟏
𝟒

Input: 
𝑋 = 𝑥$, … , 𝑥%

Output: 
w.p. 𝟏

𝟒
: 𝑓 𝑋 = 𝑚𝑖𝑛

&∈(
𝑥&

w.p. 𝟏
𝟐 : 𝑓 𝑋 = 𝑚𝑖𝑑

&∈(
𝑥&

w.p. 𝟏
𝟒
: 𝑓 𝑋 = 𝑚𝑎𝑥

&∈(
𝑥&

LRM R

ü 𝟏. 𝟓-apx
ü tight

• The gap of (𝟏. 𝟏𝟏𝟖, 𝟐 − 𝟏
𝐧
) remains open! 
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Randomized Mechanisms with Predictions - Euclidean Plane
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• MinBoundingBox: 1 consistent, 1 + √2 robust

1

1.25

1.5

1.75

2

1 1.25 1.5 1.75 2 2.25 2.5

C
on
si
st
en
cy

Robustness

Given a prediction 𝑭∗ (the optimal facility location):

• Random Dictatorship: 2 consistent, 2 robust
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Randomized Mechanisms with Predictions - Euclidean Plane
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1

1.25

1.5

1.75

2

1 1.25 1.5 1.75 2 2.25 2.5

C
on
si
st
en
cy

Robustness

F*

Given a prediction 𝑿∗ (full predictions):
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Randomized Mechanisms with Predictions - Euclidean Plane
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Given a prediction 𝒆∗ (IDs of extreme agents predictions):

, ,

1

1.25

1.5

1.75

2

1 1.25 1.5 1.75 2 2.25 2.5

C
on
si
st
en
cy

Robustness

F*

e*
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Randomized Mechanisms with Predictions - Euclidean Plane
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Given a prediction 𝒆∗ (IDs of extreme agents predictions) 

and a prediction 𝑭∗ (the optimal facility location):

, ,

1

1.25

1.5

1.75

2

1 1.25 1.5 1.75 2 2.25 2.5

C
on
si
st
en
cy

Robustness

F*

e*

F* + e*
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Randomized Mechanisms with Predictions - Euclidean Plane
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Input: 
𝑋 = 𝑥$, … , 𝑥% ,	𝒆∗ = 𝒆𝟏∗ , 𝒆𝟐∗ , 𝒆𝟑∗

Output: 
w.p. 𝟏

𝟐 : 𝑓 𝑋 = (𝑥𝒆𝟏∗+𝑥𝒆𝟐∗ + 𝑥𝒆𝟑∗ )/𝟑

w.p. 𝟏
𝟔
: 𝑓 𝑋 = 𝑥𝒆𝟏∗

w.p. 𝟏
𝟔 : 𝑓 𝑋 = 𝑥𝒆𝟐∗

w.p. 𝟏
𝟔 : 𝑓 𝑋 = 𝑥𝒆𝟑∗

Centroid R*

1.67 consistent
2 robust

, ,
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Randomized Mechanisms with Predictions - Euclidean Plane
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𝟏
𝟔

𝟏
𝟐 𝟏

𝟔

𝟏
𝟔

Input: 
𝑋 = 𝑥$, … , 𝑥% ,	𝒆∗ = 𝒆𝟏∗ , 𝒆𝟐∗ , 𝒆𝟑∗

Output: 
w.p. 𝟏

𝟐 : 𝑓 𝑋 = (𝑥𝒆𝟏∗+𝑥𝒆𝟐∗ + 𝑥𝒆𝟑∗ )/𝟑

w.p. 𝟏
𝟔
: 𝑓 𝑋 = 𝑥𝒆𝟏∗

w.p. 𝟏
𝟔 : 𝑓 𝑋 = 𝑥𝒆𝟐∗

w.p. 𝟏
𝟔 : 𝑓 𝑋 = 𝑥𝒆𝟑∗

Centroid R*

1.67 consistent
2 robust

, ,

<latexit sha1_base64="z7FfPkNvlGSN5n8Ohbnf7BlO2oc=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjMi1WXRhS4r2AdMh5JJM21oJhmSO0IZ+hluXCji1q9x59+YaWehrQcCh3PuJeeeMBHcgOt+O6W19Y3NrfJ2ZWd3b/+genjUMSrVlLWpEkr3QmKY4JK1gYNgvUQzEoeCdcPJbe53n5g2XMlHmCYsiMlI8ohTAlby+zGBMSUiu5sNqjW37s6BV4lXkBoq0BpUv/pDRdOYSaCCGON7bgJBRjRwKtis0k8NSwidkBHzLZUkZibI5pFn+MwqQxwpbZ8EPFd/b2QkNmYah3Yyj2iWvVz8z/NTiK6DjMskBSbp4qMoFRgUzu/HQ64ZBTG1hFDNbVZMx0QTCralii3BWz55lXQu6l6j3ni4rDVvijrK6ASdonPkoSvURPeohdqIIoWe0St6c8B5cd6dj8VoySl2jtEfOJ8/fP6RaA==</latexit>
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Input: 
𝑋 = 𝑥$, … , 𝑥% ,	𝒆∗ = 𝒆𝟏∗ , 𝒆𝟐∗ , 𝒆𝟑∗

Output: 
w.p. 𝟏

𝟐 : 𝑓 𝑋 =

w.p. 𝟏
𝟔
: 𝑓 𝑋 = 𝑥𝒆𝟏∗

w.p. 𝟏
𝟔 : 𝑓 𝑋 = 𝑥𝒆𝟐∗

w.p. 𝟏
𝟔 : 𝑓 𝑋 = 𝑥𝒆𝟑∗

Centroid R*

1.67 consistent
2 robust

<latexit sha1_base64="7Yw4M+5Um8q+ITTJivRpZWpgjlo=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Ae0IWy203bpZhN2N2IJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZemAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCalGwSU2DTcCO4lCGoUC2+H4dua3H1FpHssHM0nQj+hQ8gFn1Fip/RRkGHjToFxxq+4cZJV4OalAjkZQ/ur1Y5ZGKA0TVOuu5ybGz6gynAmclnqpxoSyMR1i11JJI9R+Nj93Ss6s0ieDWNmShszV3xMZjbSeRKHtjKgZ6WVvJv7ndVMzuPYzLpPUoGSLRYNUEBOT2e+kzxUyIyaWUKa4vZWwEVWUGZtQyYbgLb+8SloXVa9Wrd1fVuo3eRxFOIFTOAcPrqAOd9CAJjAYwzO8wpuTOC/Ou/OxaC04+cwx/IHz+QNLcY+P</latexit>xe1

<latexit sha1_base64="8f2tLak0ZUUwSDjtYLXLe19+Ogk=">AAAB73icbVDLSgNBEOyNr7i+oh69DAbBU9gNEj0GvXiMYB6QLMvspJMMmX04MyuGJT/hxYMiXv0db/6Nk2QPmljQUFR1090VJIIr7TjfVmFtfWNzq7ht7+zu7R+UDo9aKk4lwyaLRSw7AVUoeIRNzbXATiKRhoHAdjC+mfntR5SKx9G9niTohXQY8QFnVBup8+Rn6FftqV8qOxVnDrJK3JyUIUfDL331+jFLQ4w0E1Sprusk2suo1JwJnNq9VGFC2ZgOsWtoRENUXja/d0rOjNIng1iaijSZq78nMhoqNQkD0xlSPVLL3kz8z+umenDlZTxKUo0RWywapILomMyeJ30ukWkxMYQyyc2thI2opEybiGwTgrv88ippVSturVK7uyjXr/M4inACp3AOLlxCHW6hAU1gIOAZXuHNerBerHfrY9FasPKZY/gD6/MHg2CPpA==</latexit>xe2
<latexit sha1_base64="jgay+FXuJVPZC1cAnEEGM6s2sFg=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4KolK9Vj04rGC/YA2hM122i7dbMLuRiyhP8KLB0W8+nu8+W/ctjlo64OBx3szzMwLE8G1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1Q6pRcIkNw43AdqKQRqHAVji6nfqtR1Sax/LBjBP0IzqQvM8ZNVZqPQUZBheToFR2K+4MZJl4OSlDjnpQ+ur2YpZGKA0TVOuO5ybGz6gynAmcFLupxoSyER1gx1JJI9R+Njt3Qk6t0iP9WNmShszU3xMZjbQeR6HtjKgZ6kVvKv7ndVLTv/YzLpPUoGTzRf1UEBOT6e+kxxUyI8aWUKa4vZWwIVWUGZtQ0YbgLb68TJrnFa9aqd5flms3eRwFOIYTOAMPrqAGd1CHBjAYwTO8wpuTOC/Ou/Mxb11x8pkj+APn8wdOe4+R</latexit>xe3

<latexit sha1_base64="z7FfPkNvlGSN5n8Ohbnf7BlO2oc=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjMi1WXRhS4r2AdMh5JJM21oJhmSO0IZ+hluXCji1q9x59+YaWehrQcCh3PuJeeeMBHcgOt+O6W19Y3NrfJ2ZWd3b/+genjUMSrVlLWpEkr3QmKY4JK1gYNgvUQzEoeCdcPJbe53n5g2XMlHmCYsiMlI8ohTAlby+zGBMSUiu5sNqjW37s6BV4lXkBoq0BpUv/pDRdOYSaCCGON7bgJBRjRwKtis0k8NSwidkBHzLZUkZibI5pFn+MwqQxwpbZ8EPFd/b2QkNmYah3Yyj2iWvVz8z/NTiK6DjMskBSbp4qMoFRgUzu/HQ64ZBTG1hFDNbVZMx0QTCralii3BWz55lXQu6l6j3ni4rDVvijrK6ASdonPkoSvURPeohdqIIoWe0St6c8B5cd6dj8VoySl2jtEfOJ8/fP6RaA==</latexit>

G

<latexit sha1_base64="izn73OTm3XgsIYh7TdX9YQVLTeo=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKRI9BL95MwDwgWcLspDcZMzu7zMwKIeQLvHhQxKuf5M2/cZLsQRMLGoqqbrq7gkRwbVz328mtrW9sbuW3Czu7e/sHxcOjpo5TxbDBYhGrdkA1Ci6xYbgR2E4U0igQ2ApGtzO/9YRK81g+mHGCfkQHkoecUWOl+n2vWHLL7hxklXgZKUGGWq/41e3HLI1QGiao1h3PTYw/ocpwJnBa6KYaE8pGdIAdSyWNUPuT+aFTcmaVPgljZUsaMld/T0xopPU4CmxnRM1QL3sz8T+vk5rw2p9wmaQGJVssClNBTExmX5M+V8iMGFtCmeL2VsKGVFFmbDYFG4K3/PIqaV6UvUq5Ur8sVW+yOPJwAqdwDh5cQRXuoAYNYIDwDK/w5jw6L86787FozTnZzDH8gfP5A6unjN4=</latexit>

O

<latexit sha1_base64="b1eQ5b5xDlfVAUBGo2GLuA9aEp8=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY9ELxwhkUcCGzI7NDAyO7uZmTUhG77AiweN8eonefNvHGAPClbSSaWqO91dQSy4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS0eJYthkkYhUJ6AaBZfYNNwI7MQKaRgIbAeT+7nffkKleSQfzDRGP6QjyYecUWOlRq1fLLlldwGyTryMlCBDvV/86g0iloQoDRNU667nxsZPqTKcCZwVeonGmLIJHWHXUklD1H66OHRGLqwyIMNI2ZKGLNTfEykNtZ6Gge0MqRnrVW8u/ud1EzO89VMu48SgZMtFw0QQE5H512TAFTIjppZQpri9lbAxVZQZm03BhuCtvrxOWldlr1KuNK5L1bssjjycwTlcggc3UIUa1KEJDBCe4RXenEfnxXl3PpatOSebOYU/cD5/AKELjNc=</latexit>

H

<latexit sha1_base64="z7FfPkNvlGSN5n8Ohbnf7BlO2oc=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjMi1WXRhS4r2AdMh5JJM21oJhmSO0IZ+hluXCji1q9x59+YaWehrQcCh3PuJeeeMBHcgOt+O6W19Y3NrfJ2ZWd3b/+genjUMSrVlLWpEkr3QmKY4JK1gYNgvUQzEoeCdcPJbe53n5g2XMlHmCYsiMlI8ohTAlby+zGBMSUiu5sNqjW37s6BV4lXkBoq0BpUv/pDRdOYSaCCGON7bgJBRjRwKtis0k8NSwidkBHzLZUkZibI5pFn+MwqQxwpbZ8EPFd/b2QkNmYah3Yyj2iWvVz8z/NTiK6DjMskBSbp4qMoFRgUzu/HQ64ZBTG1hFDNbVZMx0QTCralii3BWz55lXQu6l6j3ni4rDVvijrK6ASdonPkoSvURPeohdqIIoWe0St6c8B5cd6dj8VoySl2jtEfOJ8/fP6RaA==</latexit>
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Randomized Strategic Facility Location with Predictions [Balkanski et al., 2024]


