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Mechanism Design

Strategyproof Mechanism: Le)

« Agents have private information ﬁ

* No agent has an incentive to misreport her data %
Goal:

« Approximation guarantees of strategyproof
mechanisms
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Single Facility Location

» N: set of n strategic agents
e X = {xq .. ,x,}: each agent i has a preferred location x; € R*
s f(X) € R?: location of the facility

e d(x;, f(X)) = 0: Euclidean distance of agent i from the facility

« Goal: minimize some social cost objective

— Egalitarian Social Cost:

maxd(x;, f(X
nax d(x;, f (X)) g
— Utilitarian Social Cost: |
D d(x, f00)
IEN
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Utilitarian Social Cost

« Goal: minimize )., d(x;, f (X))

Median f=—————————=D

Input:

X = {xq,....,%,}
Output:

fXx) = meiéllban X;

Strategyproof
Optimal
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Egalitarian Social Cost

« Goal: minimize max d(x;, f (X))
l
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Egalitarian Social Cost

« Goal: minimize rnee}vxd(xl,f(X))

Input:
X = {x,....,%,}
Output:

fX) = (maxx; — minx;)/2
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Egalitarian Social Cost

« Goal: minimize mee}vxd(xl,f(X))

Input:

X = {x,....,%,}
Output:

fX) = (maxx; — minx;)/2
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Strategyproof Mechanisms - Deterministic

Median fr——————————— =D

Input:

« Strategyproof:

X = {xq, ..., %}

Output: Returning any fixed x; is strategyproof

f(X) = median x;
tEN e 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

LRM }—_'R

Input: « Strategyproof
X = {x1, .., %}

Sitiipu: _  1.5-approximation:
w.p. o f(X) = min x;

1 .
w.p. >: f(X) Z%lﬁlxi

1 1 1 1 1 1 3

1 - — - = - - - = -

W.p. Zf(X)Z%CIlexl 4X2+2X1+4X2 2+2+2 5

« 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

« Goal: minimize )., d(x;, f (X))

« Coordinatewise median: V2 — apx

i
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Strategyproof Mechanisms — Euclidean Plane

« Goal: minimize max d(x;, f (X))
l

Input:
X = {xli "'!xn}
Output:

f(X) = center of the
minimum bounding circle

 Random Dictatorship: 2 — apx

« Centroid Mechanism: 2 — % - apx
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Strategyproof Mechanisms — Other Settings

« 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 Mechanism Design

Randomized Strategic Facility Location with Predictions

Eric Balkanski, Vasilis Gkatzelis , Golnoosh Shahkarami
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Learning-Augmented Algorithms
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* Motivation
» Application

* Formal setting
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Learning-Augmented Algorithms

Example: Binary Search
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Learning-Augmented Algorithms
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Learning-Augmented Algorithms
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Learning-Augmented Algorithms

Example: Binary Search

O/ MAX PLANCK INSTITUTE Saarland Informatics . . . :
“"9 FOR INFORMATICS SIC Campus Learning-Augmented Mechanism Design Golnoosh Shahkarami



Learning-Augmented Algorithms

Example: Binary Search
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Learning-Augmented Algorithms

THEORY MACHINE LEARNING
Worst case analysis Statistical analysis
Robust Efficient

l’ Too pessimistic l’ No guarantees

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

LEARNING-AUGMENTED

ALGORITHMS Given some predictions
Predictions . Imp.rove the peﬁo_rmance guarantees when
having good predictions
Efficient
« Being robust against bad predictions
Robust
//;}> aarland Informatics
’wy e SIC gamlpusdl format Learning-Augmented Mechanism Design Golnoosh Shahkarami
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Learning-Augmented Algorithms

Online Algorithms

Input that has not yet arrived
Improve competitive ratio

Mechanism Design

Private data of agents
Improve approximation guarantees

Graph Algorithms

Optimum Solution
Improve running time

Distortion in Voting

Utilities of agents
Improve approximation guarantees

Data Structure, Sorting

(Offline) optimal solution
Improve running time
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Learning-Augmented Algorithms

We do not know quality of the predictions
» Define prediction error n

« There are several ways to do so
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Performance Guarantee

Prediction Error n

Learning-Augmented Mechanism Design
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Learning-Augmented Algorithms

Properties of learning-augmented algorithms

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

=
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Performance Guarantee

Prediction Error n
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Learning-Augmented Algorithms

Properties of learning-augmented algorithms

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

g

aw_{
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Prediction Error n
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Learning-Augmented Algorithms

. i . S ———
Properties of learning-augmented algorithms 2
©
. ®©
* Robustness: Losing only a constant factor of the a
algorithm’s existing worst-case performance Q memeemess—ss—s———————
guarantee if n is large. S
=
« Consistency: Improve the algorithm’s %
performance guarantee if n is zero. o
« Smoothness: The performance guarantee Prediction Error n
degrades gracefully with the quality of the
predictions.
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Learning-Augmented Algorithms

Properties of learning-augmented algorithms

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

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

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

Prediction Error n
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Related Work

Competitive Caching Mechanism Design Mechanism Design Online Mechanism Design
Scheduling
@ . © ©
Banerjee et al. Agrawal et al. Berger et al.
SODA 2022 EC 2022 EC 2024
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Online Fair Division Mechanism Design Metric Distortion
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Strategyproof Mechanisms

Can we improve the approximation factors using predictions?

-
-

~
J

What would be a reasonable notion of prediction?

e
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Learning-Augmented Mechanism Design

Strategyproof Mechanism: Le)

« Agents have private information 'R

* No agent has an incentive to misreport her data %
Goal:

* Improve approximation guarantees of
strategyproof mechanisms using predictions

3y

/ / MAX PLANCK INSTITUTE Saarland Informatics . . . .
”"} ) FOR INFORMATICS SIC & Learning-Augmented Mechanism Design Golnoosh Shahkarami



Prediction Settings

* Every agents' location and IDs &
* * * a Q
© X' = {x X vy

« Optimal facility location

e F*

* |D of extreme agents

c e = {ei' ez} u - { % %}
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Deterministic Mechanisms with F* Prediction

MinMaxP]_ ¥ m—=D

Input:
X = {x1, .., %}
Output:
If F [rlré%lxl,r?eaxxl] fX)=F
If F* < mzl\?xl fx) = rlréll\rllxl

If F* > maxx;: f(X) = max x;
ieN ! fX) ieN !

Learning-Augmented Mechanism Design:
Leveraging Predictions for Facility Location

Agrawal et al. EC 2022
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Deterministic Mechanisms with F* Prediction

MinMaxP]_ ¥ m—=D

Input:
X = {x1, .., %}
Output:
If F [rlré%lxl,r?eaxxl] fX)=F
If F* < mzl\?xl fx) = rlréll\rllxl

If F* > maxx;: f(X) = max x;
ieN ! fX) ieN !

Learning-Augmented Mechanism Design:
Leveraging Predictions for Facility Location

[Agrawal et al.,

W MAX PLANCK INSTITUTE Saarland Informatics . . .
{7 ) For INFoRMATICS S Campus Learning-Augmented Mechanism Design

2022]
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Deterministic Mechanisms with F* Prediction

MinMaxP]_ ¥ m—=D

Input:
X = {x1, .., %}
Output:
If F [rlré%lxl,r?eaxxl] fX)=F
If F* < mzl\?xl fx) = rlréll\rllxl

If F* > maxx;: f(X) = max x;
ieN ! fX) ieN !

Learning-Augmented Mechanism Design:
Leveraging Predictions for Facility Location

Agrawal et al. EC 2022
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Deterministic Mechanisms with F* Prediction

MinMaxP]_ * m— =D

Input:
X = {xl’ ...,xn}
Output:
If F [%%lxl,r?eaxxl] fX)=F
If F* < Tlré%lxl fX) = TL’gI\T}xl
* . X) =
If £ > max x; fX) = EN *1 1 consistent

2 robust

MinBoundingBox]— *=0=-D

Input: Learning-Augmented Mechanism Design:
X = {xq1, ..., x5} Leveraging Predictions for Facility Location
QUi Agrawaletal.  EC 2022

MinMaxP on each axis :
1 consistent

1+ V2 robust

/747 MAX PLANCK INSTITUTE Saarland Informatics i i ' |
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Randomized Strategic Facility Location
with Predictions on the Line

« Consistency-Robustness tradeoff

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

1.75
>
8]
c
2 _
QL 15 ° —
2 711)
[}
o
1.25 . .
«  MinMaxP: 1 consistent, 2 robust [Agrawal et al., EC'22]
1 ° _
1 1.25 1.5 1.75 2 2.25 2.5 ° LRM: 1.5 conS|stent, 1.5 robust
Robustness
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Randomized Mechanisms with Predictions - Line

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

2 j E

1.75

Consistency
(6]

12 For any 6 € [0,0.5], there exists a randomized strategyproof
mechanism that is
1 ° _ H
1 1.25 1.5 1.75 2 2.25 2.5 1 + 6 CO”SlStent, and
Robustness ° 2 — O-robust.
2\ MAX PLANCK INSTITUTE aarland Informatics . . . .
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Randomized Mechanisms with Predictions - Line

Given a prediction X (full predictions):

1.75

Consistency
[6)]

1.25

No strategyproof mechanism that is 1 + d-consistent for some
Y s 15 175 2 o 25 4 € [0, 0.5], can also guarantee robustness better than 2 — 6.

Robustness

@

MAX PLANCK INSTITUTE Saarland Informatics . . . .
FOR INFORMATICS SIC = Learning-Augmented Mechanism Design Golnoosh Shahkarami

7
& .

47



Randomized Mechanisms with Predictions - Line

Given other predictions X~ ; (missing one location):

1.75

1.5 oo oo a» a» a» - e av a» a» a» > @ @ @ «
o X *

Consistency

e» e» oOthers

1.25

There is no randomized strategyproof mechanism that is
better than 1. 5-consistent.

1 1.25 1.5 1.75 2 2.25 2.5
Robustness
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Randomized Strategic Facility Location
with Predictions on the Euclidean Plane

O-D

Input:
X = {xl; "'»xn}
Output:
f(X) = center of the
minimum bounding circle

Random Dictatorship: 2 — apx

Centroid Mechanism: 2 — % - apx

MAX PLANCK INSTITUTE
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Randomized Mechanisms - Euclidean Plane

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

=

4

1

f Theorem - Lowerbound |

1 |

4 v 1.5-apx

v tight Any _randomize_d strategyproof mechaqism .in the.

Euclidean metric space has an approximation ratio of at
least 1.118.

« Thegapof(1.118,2 — i) remains open!

7 1
P& "
T
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Randomized Mechanisms with Predictions - Euclidean Plane

2
1.75
>
o
c
o
=t
»n 15
»
c
o
(@]
1.25
1
1 1.25 1.5 1.75
Robustness
/;7/ MAX PLANCK INSTITUTE
\‘%\"/ip FOR INFORMATICS SIC
e {

2 2.25

Saarland Informatics
Campus

2.5

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

+  MinBoundingBox: 1 consistent, 1 + V2 robust

* Random Dictatorship: 2 consistent, 2 robust

Learning-Augmented Mechanism Design

Golnoosh Shahkarami
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Randomized Mechanisms with Predictions - Euclidean Plane

Given a prediction X (full predictions):

3l

1.75 K
- s

F*
1.25 ﬁ

No strategyproof mechanism that is 1-consistent can also

Consistency
o
%
==

iy 195 15 175 3 295 28 guarantee robustness better than 2.
Robustness
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Randomized Mechanisms with Predictions - Euclidean Plane

>
(&)
c
[}
-
0
(2]}
c
o
(&

SN
)

1.75

RN
(&)}

1.25

1 1.25 1.5

1.75

Robustness
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2.5

Given a prediction e* (IDs of extreme agents predictions):

There exists a randomized strategyproof mechanism that for
any number of agents achieves

» 1.67 consistency, and

* 2 robustness.
e ——

Learning-Augmented Mechanism Design Golnoosh Shahkarami
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Randomized Mechanisms with Predictions - Euclidean Plane

Given a prediction e* (IDs of extreme agents predictions)

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

)
175 %

1)

2 1 m

» 1.5 F R 7

e .- o 4

5] .

(&) e F* +e* g

1.25 %
1 °
1 1.25 1.5 1.75 2 2.25 2.5
Robustness
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Randomized Mechanisms with Predictions - Euclidean Plane

Centroid ]_ *=[=R

X = {x4,...,xn}, € = {e],e; e3}

Input:

Output:

W.p. %: fX) = (xe»i+xe§ + xeg)/?’
W.p. %: fX) = Xk

W.p. %: fX) =x.;

W.p. %: fX) =x.;

MAX PLANCK INSTITUTE
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1.67 consistent
2 robust
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Randomized Mechanisms with Predictions - Euclidean Plane

Centroid ]_ *=[=R

X = {x4,...,xn}, € = {e],e; e3}

Input:

Output:

W.p. %: fX) = (xe»i+xe§ + xeg)/?’
W.p. %: fX) = Xk

W.p. %: fX) =x.;

W.p. %: fX) =x.;

MAX PLANCK INSTITUTE
FOR INFORMATICS

Si

1.67 consistent
2 robust
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Randomized Mechanisms with Predictions

e

Centroid ]_ *=[=R

X = {x4,...,xn}, € = {e],e; e3}

Input:

Output:

W.p. %: fxX)=96

W.p. %: fX) = Xk
W.p. %: fX) = X3
W.p. %: fX) =x.;

MAX PLANCK INSTITUTE
FOR INFORMATICS

Si

1.67 consistent
2 robust
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Campus

Learning-Augmented Mechanism Design

Golnoosh Shahkarami

o7



Thank you!
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Randomized Strategic Facility Location with Predictions [Balkanski et al., 2024]
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