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Going to ASTEC

Through a complex road network, what should you do ?
@ national roads ?

@ highways ?

Trade-off

@ national roads are cheaper but slower

@ highways are faster but expensive (toll and oil)

No best solution, only different trade-offs.
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Going to ASTEC

Through a complex road network, what should you do ?
@ national roads ?

@ highways ?

Trade-off

@ national roads are cheaper but slower

@ highways are faster but expensive (toll and oil)

No best solution, only different trade-offs.

Complex problem

@ several roads

@ variable speed (but no more than the limit)

Driving at low speed on highway is inefficient.
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Multi-Objective in Computing Systems

Several trade-offs in modern computing systems:
o Computation time

Power consumption

Real-time constraints

Reliability

Memory consumption

Image quality/Refresh rate

o
o
o
o
(]
o Latency/Bandwidth

Scheduling

Allocate a set of tasks onto machines (processors) respecting a set of
constraints to optimize a performance index.
Broad literature on single objective optimization.

Erik Saule (BMI) Multi-Objective Scheduling ASTEC 09 3/51



o Introduction

Q Definitions and General Methods
© The 1 || Lz, >, C; Problem
e Memory Constraint

e Fault Tolerance

@ Conclusion
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Definitions - Problem

Multi objective scheduling problem

Let m be the number of processors, denoted by P4, ..., Pp,. Let n be the
number of task, denoted by ty,...,¢,, with processing time p; ; for task ¢,
on processor Pj.

The multi-objective optimization problem consists of finding starting times
o(i) for all tasks and a function 7 that maps tasks to processors (7 (i) = j
if ¢, is scheduled on P;), such that the processors compute jobs one at a
time:

Vi, i' if w(t;) = w(t;) then C; < o (') or C; < o(i)

and the objective functions are minimized:

min (fl(w,a(l),...,o(n)),...,fk(w,a(l), . ,a(n))>
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Definitions - Optimality
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Pareto dominance (Partial Order)

S, Pareto dominates S if S7 is not worse than S5 on all dimensions and
better on at least one.

Otherwise they are Pareto independent, such as S; and Ss.
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Definitions - Optimality
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Pareto optimal solution

A Pareto non-dominated solution.
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Definitions - Optimality
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Weak Pareto optimality

Sy is a Weak Pareto optimal solution if no solution is strictly better than
Sy on all the dimensions.
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Definitions - Optimality
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Pareto set

The set of Pareto optimal solutions.
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How to Solve a Multi Objective Problem 7

Three main methods :

Lexicographical Ordering

Objective functions are totally ordered: Lex(f1, fa,. .., fx)-
S1 < Sz (f1(51) < f1(82))V (f1(S1) = f1(82) A f2(51) < f2(S2)) V...
V(f1(S1) = fi(S2) A+ A fr—1(S1) = fe—1(S2) A fr(S1) < fr(S2))
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How to Solve a Multi Objective Problem 7

Three main methods :

Lexicographical Ordering
Objective functions are totally ordered: Lex(f1, fa,. .., fx)-

S1 < S2 & (f1(S1) < f1(S2)) V (f1(S1) = f1(S2) A f2(S1) < fa(S2)) V. ..
V(f1(S1) = fr(S2) A=+ A fi1(S1) = fe—1(S2) A fr(S1) < fi(S2))

Aggregation

Optimizes an aggregation function (usually linear):

f(8) = a1 fi(S) + azfa(S) + - - - + ar fr(S)
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How to Solve a Multi Objective Problem 7

Three main methods :

Lexicographical Ordering
Objective functions are totally ordered: Lex(f1, fa,. .., fx)-

S1 < S2 & (f1(S1) < f1(52)) V(f1(S1) = f1(S2) A f2(S1) < fo(S2)) V...
V(f1(S1) = fi(S2) A= A froe1(S1) = fru—1(S2) A fr(S1) < fr(S2))

Aggregation

Optimizes an aggregation function (usually linear):

f(8) = a1 fi(S) + azfa(S) + - - - + ar fr(S)

A\

e(fi,.--, fu—1\fx): Given parameters wy,...,wk_1, find the solution S
that minimizes fj such that f1(S) < w1, ..., fr—1(S) < wi—1.
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Classical Method: Lexicographical Ordering
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Only a few solutions are reachable (and no tradeoff solutions).
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Classical Method: Linear Aggregation
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Classical Method: Linear Aggregation
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Classical Method: Linear Aggregation
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fi
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Classical Method: Linear Aggregation

ot
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Classical Method: Linear Aggregation, drawbacks
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Classical Method: Linear Aggregation, drawbacks
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Classical Method: Linear Aggregation, drawbacks

fo
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Classical Method: Linear Aggregation, drawbacks
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Reachable solutions are said to be supported (or extreme).
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Classical Method: e-constraint
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Classical Method: e-constraint
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Classical Method: e-constraint
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Classical Method: e-constraint
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Classical Method: e-constraint

@ Allows the enumeration of the Pareto set.

@ If the e-constraint problem is polynomial and the cardinality of the
Pareto set is polynomial, enumerating the Pareto set can be done in
polynomial time.

@ In fact, e-constraint is even equivalent to the enumeration.
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Classical Method: e-constraint

@ Allows the enumeration of the Pareto set.

@ If the e-constraint problem is polynomial and the cardinality of the
Pareto set is polynomial, enumerating the Pareto set can be done in
polynomial time.

@ In fact, e-constraint is even equivalent to the enumeration.

v

@ Solving each subproblem is generally an NP-Hard problem.

@ The cardinality of the set is generally exponential.
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Classical Method: e-constraint

@ Allows the enumeration of the Pareto set.

@ If the e-constraint problem is polynomial and the cardinality of the
Pareto set is polynomial, enumerating the Pareto set can be done in
polynomial time.

@ In fact, e-constraint is even equivalent to the enumeration.

Bad points

@ Solving each subproblem is generally an NP-Hard problem.

@ The cardinality of the set is generally exponential.

Need for approximation!
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Approximating

Mono-objective approximation
Well defined: S is a p-approximation if f(S) < pf*

Multi-objective approximation

definition needed!
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Approximating

Mono-objective approximation
Well defined: S is a p-approximation if f(S) < pf*

Multi-objective approximation

Sisap=(p1,...,pr)-approximation of the Zenith if for all objective
0, fo(S) < pof (sometimes called simultaneous approximation).

Pisap=(p1,...,pr)-approximation of the Pareto set P* if
VS* € P*,3S € P, for all objective o, f,(S) < p,S* [PY00]
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Multi-Objective Approximation
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Multi-Objective Approximation
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Multi-Objective Approximation
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Multi-Objective Approximation
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How to obtain a Zenith approximation 7

ad hoc methods
degradation control

combining solutions [SW97]

e 6 o6 o

parametric algorithm (1 + A1 + %)—approximation
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How to obtain a Pareto set approximation 7

<E, /)2>-approximation algorithm

Given a parameter w, a <E, p2>—approximation algorithm Algo returns a

solution S such that f1(5) < piw and f2(S) < pafs ™ where f3 ™ is the
best value of f5 in solution such that f; < w.

ASTEC09 16 /51
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How to obtain a Pareto set approximation 7

<E, /)2>-approximation algorithm

Given a parameter w, a <E, p2>—approximation algorithm Algo returns a
solution S such that f1(5) < piw and f2(S) < pafs ™ where f3 ™ is the
best value of f5 in solution such that f; < w.

v

(p1 + €, p2)-approximation of the Pareto set [PYO0O]

wi = (1+ S)ifri
$; = Algo(u)
=1 P e
tmazx Ogl—}—H f{nzn

return {S1,...,Si 00}
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Pareto set approximation : [PYQ0]

2

+5

h
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Pareto set approximation : [PYQ0]
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Pareto set approximation : [PYQ0]

f2 : 3 Algo(wiy1)
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Pareto set approximation : [PYQ0]

f2 : 3 Algo(wiy1)
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W; Wit1 = (1 I L)wi fl
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e The 1 H Lm(wmzci Problem
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Generalities on 1 || L0z, > C;

The problem

One processor, n tasks having deadline d; to optimize both 3" C; and
maz;C; — d;.

1|| >°C; is solved by the Shortest Processing Time (Smith’s rule). \

1 || Linqs reduces to 1| d; | @ using a binary search (the same is true for
1| Linaz = k).
1| d; |0 is solved by Earliest Deadline First (Jackson's rule).
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The € constraint problem: ¢(Ly,q.\ Y C;)

Can be solved using the backward Smith's rule: From the latest deadline
to the first one, schedule the largest job available

| N\

Bounding the number of Pareto optimal solutions

Pareto optimal solutions can be reached by local improvement: there is
less than n? of them.[Hoo04]

v
Enumeration can be done in polynomial time
+
+
+
+
+
+
+
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The € constraint problem: ¢(Ly,q.\ Y C;)

]_|d1|ZC1

Can be solved using the backward Smith's rule: From the latest deadline

to the first one, schedule the largest job available

| N\

Bounding the number of Pareto optimal solutions

Pareto optimal solutions can be reached by local improvement: there is

less than n? of them.[Hoo04]

v
Enumeration can be done in polynomial time

-
.
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]_|d1|ZC1

Can be solved using the backward Smith's rule: From the latest deadline

to the first one, schedule the largest job available

| N\

Bounding the number of Pareto optimal solutions

Pareto optimal solutions can be reached by local improvement: there is

less than n? of them.[Hoo04]

v
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@ Memory Constraint
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Physic applications
In the LHC, simulation tasks generate huge amount of data. Storage is a
key issue as changing/cleaning hard-drives takes a long time. [CBB™05]

Embedded Systems
Application graphs are scheduled onto a MPSoC. Processing times are
worst-case evaluations. The makespan is optimized at run-time by

changing the processor executing the task. Code size on a processor in a
MPSoC is limited. [CKCO07]
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Model

A set of tasks T = {t1,...,tn}

M Processors

Processing time p,

°
°

@ Memory consumption s;
o A memory limit M,,,..
°

(A precedence constraint graph G)
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Model

A set of tasks T = {t1,...,tn}

M Processors

Processing time p,

°
°

@ Memory consumption s;
o A memory limit M,,,..
°

(A precedence constraint graph G)

Solution

| N\

@ A function 7 allocating tasks to processors.

@ A function o allocating tasks to times.

;8 < M,

m(i)=j maz
the date when the last task finishes.

Memory constraint: max; >
Optimize C

max’
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Complexity

No memory constraint

Optimizing the makespan is N P-hard. But there exists approximation
algorithms: LPT is a %—approximation algorithm and there exists a PTAS.
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Complexity

No memory constraint

Optimizing the makespan is N P-hard. But there exists approximation
algorithms: LPT is a %—approximation algorithm and there exists a PTAS.

Our case

| A\

Deciding whether there is a solution or not is N P-complete. Thus, no
polynomial approximation algorithm could be derived (unless P = N P).

v
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Complexity

No memory constraint

Optimizing the makespan is N P-hard. But there exists approximation
algorithms: LPT is a %—approximation algorithm and there exists a PTAS.

Our case

| A\

Deciding whether there is a solution or not is N P-complete. Thus, no
polynomial approximation algorithm could be derived (unless P = N P).

v

= What could we do ?
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A Classical Solution

Dealing with N P-Complete Decision Problems

Two techniques:
@ deriving structural properties

@ consider the optimization problem and derive approximation properties
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A Classical Solution

Dealing with N P-Complete Decision Problems

Two techniques:
@ deriving structural properties

@ consider the optimization problem and derive approximation properties

A Bi-objective Optimization Problem

Transform the memory constraint into an objective
Moz = Tl Zw(i):j Si
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A Classical Solution

Dealing with N P-Complete Decision Problems

Two techniques:
@ deriving structural properties

@ consider the optimization problem and derive approximation properties

A Bi-objective Optimization Problem

Transform the memory constraint into an objective

M4, = max; Zw(i):j §i
Minimize C,,,,, and M, ...
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A Classical Solution

Dealing with N P-Complete Decision Problems

Two techniques:
@ deriving structural properties

@ consider the optimization problem and derive approximation properties

A Bi-objective Optimization Problem

Transform the memory constraint into an objective
M4, = max; Zw(i):j §i
Minimize C,,,,, and M,

max
Notice: the problem is still NP-Complete. Approximation is needed.
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Zenith approximation
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Mixing Two Schedules

The SBO algorithm

Let us have 2 schedules Sy and S¢, each one optimal on one objective.

C* schedule ¢ according to S¢. Or schedule 4
accordlng to §M otherW|se.

Sc SM

[ i | ‘\

= W o=
.
N

Cmaz M, max

1 is scheduled on processor 1. j is scheduled on processor 4.
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SBO'’s property

Property
o8O < o0 (and MGED) < oM, )
Tc Ty
b
Ui

o If MZGZ < CZM, then i is scheduled according to S., Sas otherwise.

® > et Pi < Chae

© > iery Pi < Xiery, SMOﬁ = J\C/}ZZZ > ieTy, Si < Cnag

© > iep Pi < Dieto Pi T 2iery Pi < 2Chaz

L]
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Enhanced Version

SBO is a (2,2)-approximation of the Zenith
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Enhanced Version

SBO is a (2,2)-approximation of the Zenith

Adding a parameter

Add a A parameter. The comparison becomes “if —5i— < A-Pi"
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Enhanced Version

SBO is a (2,2)-approximation of the Zenith

Adding a parameter

Add a A parameter. The comparison becomes "if ;53— < A P _»

*
mazx Cmaz

| A

Using non-optimal schedules

When Sy (resp. S¢) is a par-approximation (resp pc-approximation).

. e S p; "
The comparison becomes “if Moman(5) < ACmaz(Sc) .
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Enhanced Version

SBO is a (2,2)-approximation of the Zenith

Adding a parameter

Add a A parameter. The comparison becomes “if 15— < AC;‘TM”'

mazx

Using non-optimal schedules

| N\

When Sy (resp. S¢) is a par-approximation (resp pc-approximation).
. s S i "
The comparison becomes “if Moman(5) < ACmaz(Sc)

| hd
A\

Properties

SBOA is a ((1+ %)pc, (14 A)par)-approximation algorithm of the
Zenith.
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Enhanced Version

SBO is a (2,2)-approximation of the Zenith

Adding a parameter

Add a A parameter. The comparison becomes "if ;53— < A P _»

*
mazx Cmaz

| N\

Using non-optimal schedules

When Sy (resp. S¢) is a par-approximation (resp pc-approximation).

: e Si p;
The comparison becomes “if Moman(5) < ACmaz(Sc)

| A

Properties

SBOA is a ((1+ %)pc, (14 A)par)-approximation algorithm of the
Zenith.

using a PTAS : (1+ 1 + 6,14+ A +e)

using LPT: (3(1 4 %), 3(1+ A)).
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The (2, 2) Impossibility

A particular instance

3 tasks. (1,¢€),(e,1),(1 —€,1 —€). Only 3 Pareto optimal solutions:

€
1—¢€]1

€ |1|
1—€| :

€

|1—e|

1+e

2—c¢

v
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The (2, 2) Impossibility

A particular instance

3 tasks. (1,¢€),(e,1),(1 —€,1 —€). Only 3 Pareto optimal solutions:
€ € | 1 | € |1 — € |
1—¢€]1 1—¢| : 1 :
1 1+e 2—¢

Inapproximability

When € goes to 2, values of Pareto optimal solutions goes to

(1,2),(2,2),(3,1). There is no algorithm better than (2, 3).
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The (2, 2) Impossibility

A particular instance

3 tasks. (1,¢€),(e,1),(1 —€,1 —€). Only 3 Pareto optimal solutions:
€ € | 1 | € |1 — € |

1—¢€]1 1—¢| : 1 :

1 1+e€ 2 — ¢

v

Inapproximability

When € goes to 2, values of Pareto optimal solutions goes to

(1,2),(2,2),(3,1). There is no algorithm better than (2, 3).

It does not rely on P £ N P assumption
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The (14 &,1+ (m —1)(1 — 1)) Impossibility

k + 1 tasks. (1,€) and k tasks: (€, 1) Only k4 1 Pareto optimal solutions:
1 tasks
e T ]
111y o
1 k — i tasks 1+4
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The (14 &,1+ (m —1)(1 — 1)) Impossibility

k + 1 tasks. (1,€) and k tasks: (€, 1) Only k4 1 Pareto optimal solutions:
1 tasks
e T ]
111y o .
1 k — i tasks 1+4

Inapproximability

The idea extends to m processors:
There is no algorithm better than
A4 51+ (m—-1)1-¢)),Vk>2,0<i<k

ASTEC09 31 /51
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Summing Up

PM
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Restricted List Scheduling

Precedence graph G

o Compute a lower bound LB on memory.
@ Select a ready task 1.
@ Mark processors with memory usage greater than ALB — s;

@ Schedule i on the unmarked processor that will complete it the
soonest

@ Loop until the end of the DAG.
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RLS's properties

Property

There is less than Lﬁj marked processors for A > 2.

Proof: argument based on the area
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RLS's properties

Property

There is less than Lﬁj marked processors for A > 2.

Proof: argument based on the area

RLSAisa (2+ ﬁ — A—_l), A)-approximation algorithm of the Zenith.

m(A—2

Proof: Graham analysis on the unmarked processors
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© Fault Tolerance
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@ Hardware breakdown

o Cosmic rays (ECC memory)

v

In Grid computing

@ more processors, more failures

@ maintenance operations

@ power outage
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@ Hardware breakdown

o Cosmic rays (ECC memory)

v

In Grid computing

@ more processors, more failures

@ maintenance operations

@ power outage

Critical Embedded Systems

Car braking systems, Avionic, Aeronautic, ...

@ Real-time Constraints

@ No error allowed
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A Bunch of Models

Architecture

Heterogeneous processors

(Fully connected network of processors)
(Communication according to the delay model)
(An application DAG)
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A Bunch of Models

@ Heterogeneous processors

o (Fully connected network of processors)

o (Communication according to the delay model)
@ (An application DAG)

v

Failures

@ transient

fail-silent
statistically independent

(only affect computations)

occur following a Poisson’s process
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Formal definitions
The Scheduling Problem

o A set T of n tasks (with dependencies)

@ A set of m processors
@ Task ¢ on processor j is computed in p;; time units
@ Failures on j follow a Poisson’s process of parameter A;:
P(i, j) = e~ P
A solution is composed of two functions:

o 7, a spatial allocation (7 () is the set of processors scheduling i)

@ o, temporal allocation (o(i, ) is the starting time of ¢ on )
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Formal definitions
The Scheduling Problem

A set T' of n tasks (with dependencies)

°
@ A set of m processors
@ Task ¢ on processor j is computed in p;; time units
@ Failures on j follow a Poisson’s process of parameter A;:
P(i, j) = e~ P
A solution is composed of two functions:

o 7, a spatial allocation (7 () is the set of processors scheduling i)

@ o, temporal allocation (o(i, ) is the starting time of ¢ on )

Objective functions

@ The makespan C

max

@ The reliability rel, the probability of success of the application
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Computing the reliability

In general
rel(m,o) = [1,(P(i is ok)).

Without duplication

rel(r, o) = [, (expwu)pi,ﬂ)

With duplication

rel(m,0) = [ier (1~ Mjentn 1 ~ P(0:9))) =
Mier (1~ [Mjeny 1 —exp™"07))

Remark: Does not depend on starting time

Erik Saule (BMI) Multi-Objective Scheduling ASTEC 09



Inapproximability of the Zenith

The zenith solution can not be approximated within a constant factor I

Idea of the proof

rel
*‘,
One task, two processors. '3
The first is fast but unreliable. 18
The second is slow but very reliable. I
No existing tradeoff /,’ el
Z#”—'” T Ty
Cmaa:
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Pareto Set Approximation

fol | .
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Independent Task no Replication on Uniform Machines

Properties
Processor capabilities are linked by their speed. Dij = D;T;-
The reliability becomes : rel = e~ 2iem M) Tr()P:

CMLT

@ Dual approximation: looking for a schedule of C,,,., < w

@ Sort task in non increasing order of p;

@ Schedule greedily each task on the processor j that minimizes \;7;
under two constrains s < w and c) <w

@ If no such processor exist, reject w.

hlgh Tj )‘j

low 7;);

w time
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Independent Task no Replication on Uniform Machines

Properties

Processor capabilities are linked by their speed. Dij = D;T;-
The reliability becomes : rel = e~ Lier An()Tr()Ps

CMLT

@ Dual approximation: looking for a schedule of C,,,., < w

@ Sort task in non increasing order of p;

@ Schedule greedily each task on the processor j that minimizes \;7;
under two constrains s < w and c) <w

@ If no such processor exist, reject w.

hlgh Tj )‘j

[ ]
low 7;); ‘ ]

w time
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Independent Task no Replication on Uniform Machines

Processor capabilities are linked by their speed. Dij = D;T;-
The reliability becomes : rel = e~ Lier An()Tr()Ps

o

CMLT

@ Dual approximation: looking for a schedule of C,,,., < w

@ Sort task in non increasing order of p;

@ Schedule greedily each task on the processor j that minimizes \;7;
under two constrains s < w and c) <w

@ If no such processor exist, reject w.

hlgh Tj )‘j
low 7, ]

w time
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Independent Task no Replication on Uniform Machines

Processor capabilities are linked by their speed. Dij = D;T;-
The reliability becomes : rel = e~ Lier An()Tr()Ps

o

CMLT

@ Dual approximation: looking for a schedule of C,,,., < w

@ Sort task in non increasing order of p;

@ Schedule greedily each task on the processor j that minimizes \;7;
under two constrains s < w and c) <w

@ If no such processor exist, reject w.

hlgh T]‘)\j
low 7;);

w time
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Independent Task no Replication on Uniform Machines

Processor capabilities are linked by their speed. Dij = D;T;-
The reliability becomes : rel = e~ Lier An()Tr()Ps

o

CMLT

@ Dual approximation: looking for a schedule of C,,,., < w

@ Sort task in non increasing order of p;

@ Schedule greedily each task on the processor j that minimizes \;7;
under two constrains s < w and c) <w

@ If no such processor exist, reject w.

hlgh Tj )‘j

low 7;);
w time
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CMLT

Rejection

If CMLT rejects the makespan then no such solution exists.

The proof shows a set of task that can not be scheduled on the processor
using a area argument.
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CMLT

Rejection

If CMLT rejects the makespan then no such solution exists.

The proof shows a set of task that can not be scheduled on the processor
using a area argument.

C

max
rel is optimal (among schedule with C,,,, < w)

< 2w

The makespan bound is direct from the algorithm.
The reliability optimality comes from the overloading of reliable processors.
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CMLT

Rejection
If CM LT rejects the makespan then no such solution exists.

The proof shows a set of task that can not be scheduled on the processor
using a area argument.

Cma:c < 2w
rel is optimal (among schedule with C,,,, < w)

The makespan bound is direct from the algorithm.
The reliability optimality comes from the overloading of reliable processors.

CMLT is a <§, 1>-approximation algorithm.
Using CMLT, one can construct a (2 + ¢, 1)-approximation of the Pareto
set.
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Tasks on Homogeneous Processors with Duplication

rel(m) = [Lier (1 —(1- exp*Afr(i)pi)fﬂ’(iN)

RENEIS

| N\

Reliability does not depend on the actual schedule but only on the number
of copies of each task are scheduled.

Reliability is difficult to analyze. So let's compute it!
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Tasks on Homogeneous Processors with Duplication

rel(m) = [Lier (1 —(1- exp*/\fr(i)pi)fﬂ’(iﬂ)

RENEIS

| N\

Reliability does not depend on the actual schedule but only on the number
of copies of each task are scheduled.
Reliability is difficult to analyze. So let's compute it!

A Dynamic Programming Formulation

R(C7 7’L) = maXjepm (R(C - jpna n— 1) (1 _ (1 - exp_/\w(i)pn)j)))'
R(C,0) =1if C >0 and 0 otherwise.
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To Approximation Algorithm

By scaling the processing time, it is possible to keep the computation
volume below (1 + ¢)C' and obtaining optimal reliability.

v

Algorithm

@ Dual approximation: looking for a schedule of C,,,, < w.

o Let C'=wm.
@ Use the scaled DP to get the number of copies r; of each task.

@ Schedule the r; copies of each task on different processors using List
Scheduling.

A\
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To Approximation Algorithm

Scaling technique

By scaling the processing time, it is possible to keep the computation
volume below (1 + ¢)C' and obtaining optimal reliability.

| N\

Algorithm
@ Dual approximation: looking for a schedule of C,,,, < w.
o Let C'=wm.
@ Use the scaled DP to get the number of copies r; of each task.

@ Schedule the r; copies of each task on different processors using List
Scheduling.

Theorem

| A\

This algorithm is a <2 + €, 1>—approximation algorithm.
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@ Conclusion
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Why use multi objective approximation ?

It allows to study/tackle more complex problem.

With such properties :
@ Really multi-objective
@ Impossible to approximate due to strong constraints
@ Complex objective function that can be expressed as an increasing

aggregation

ASTEC09 47 /51
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How to study a multi objective problem 7

The important questions :

@ What about the mono objective sub problems ?
@ What is the complexity of the multi objective decision problem ?
@ What is the shape of the Pareto set ?
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How to study a multi objective problem 7

The important questions :

@ What about the mono objective sub problems ?

o Complexity, approximation algorithms, negative approximation result.
o Helps understanding the problem.
o Most of the time solve the next question.

@ What is the complexity of the multi objective decision problem ?
@ What is the shape of the Pareto set ?
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How to study a multi objective problem ?

The important questions :

@ What about the mono objective sub problems ?

o Complexity, approximation algorithms, negative approximation result.
o Helps understanding the problem.
o Most of the time solve the next question.

@ What is the complexity of the multi objective decision problem ?

o If NP-Complete, approximation is needed.
o Caution: all mono objective versions may be polynomial, but the multi
objective one still can be NP-Complete.

@ What is the shape of the Pareto set ?
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How to study a multi objective problem ?
The important questions :

@ What about the mono objective sub problems ?

o Complexity, approximation algorithms, negative approximation result.
o Helps understanding the problem.
e Most of the time solve the next question.

@ What is the complexity of the multi objective decision problem ?

o If NP-Complete, approximation is needed.
e Caution: all mono objective versions may be polynomial, but the multi
objective one still can be NP-Complete.

@ What is the shape of the Pareto set ?

e Cardinality ? Maximum values Convex ? Concave ?

o If its size is exponential, approximation is needed.

o If the interesting objective values are unbounded, Pareto set
approximation is not polynomial.

e If it is not convex, linear aggregation is a bad idea.
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How to solve a multi-objective optimization problem ?

Optimally in polynomial time

If the cardinality of the Pareto set is bounded and if the € constraint
problem can be solved in polynomial time.

| A\

Approximating the Zenith
@ look for inapproximability bound (not complexity results)
@ mixing several solutions

@ most of the time it reuses the mono objective arguments

| N\

Approximating the Pareto set
@ there could be no Zenith approximation possible
o if the size of the objective values are polynomial

@ when the cardinality of the Pareto set is exponential.

@ close to dual approximation techniques

N\
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What's next ?

Multi-objective as a field to study

@ Methods and concept come from the study of various problems
@ Studying other applicative problems could lead to new results

@ link between Zenith and Pareto set approximation ?
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What's next ?

Multi-objective as a field to study

@ Methods and concept come from the study of various problems
@ Studying other applicative problems could lead to new results

@ link between Zenith and Pareto set approximation ?

What about problems where the information is incomplete ?

@ Most algorithms use a global knowledge of the instance.
@ How to deal with Online or Distributed problems ?

@ How to derive a Pareto set approximation ?
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What's next ?

Multi-objective as a field to study

@ Methods and concept come from the study of various problems
@ Studying other applicative problems could lead to new results

@ link between Zenith and Pareto set approximation ?

What about problems where the information is incomplete ?

@ Most algorithms use a global knowledge of the instance.
@ How to deal with Online or Distributed problems ?

@ How to derive a Pareto set approximation ?

What about links with other theory 7
Mainly, with Game Theory.

@ Truthfulness, Equity, Jealousy, ...

o If players rewards are not unidimensional
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Going Further
Presented Things

o General: [Hoo04, TB07, DRST09]
@ Memory constraint: [SDMO08]
o Fault Tolerant: [JST08, DJSS07, GST09, ST09]

v

Other Things

@ Polynomial Problems: [Hoo04, TBEQ7]

@ Zenith Approximation:
[SW97, BEM06, RSTU02, ARSY99, CMNS97, BBL04, ABF07]

o Pareto Approximation: [PY00, ST93, ABG05, ABKO01]
o Power Aware: [GM02, Bun06, AF06]

o Pipelined execution: Ask Anne ! :)
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