== I

IS v e &
ouiira y o (sddiwis S
sholssia (5 gadiuun
Distributed Problem-Solving: Multiagent Searching
aald (5u¥ 58 kIS
u..;bLé G0 3 ¢ grudige s il
Ol LAY

http://courses.fouladi.ir/mas



-

SOLVING PROBLEMS BY SEARCHING

-l Gl g« gadiany 4 oo siime (s 5o Sle 5l ok Jael,

ot ) daoly
il o i alla 4 3T edla 311 Jole o slal <€ LAGISS 5 sladLai

Prepared by Kazim Fouladi | Fall 2017 | 3" Edition

P



-

Slla slasd

STATE SPACE

LG—:\T(SL&‘UQ:\‘J 9 Lo o4 C)S.A.A CSLA“:“HA (§40d (g4c gonn ul | BN (5‘-1&5
g oo 03l iuled 81,8 SO IB o
Lo 5 31 i o i b (38T lle 31 s s slacla (s samme

edla slas il g

LJ‘; él‘):
ol edla G ol s 1 (s e

Prepared by Kazim Fouladi | Fall 2017 | 3" Edition

P



Ao s g0 3

roleais slagiumw

-

Prepared by Kazim Fouladi | Fall 2017 | 3¢ Edition

P

Wi i 523 (s Uiy sladdl 5o

ACTIONS(S) :Scdla 5o o Jole (Sas slagns

e Slla sLasd
problem state-space

RESULT($,a) : S o da @ (S 5. Salla 5o 40

?
GBaa (S5 0k (implicit) Sas  Gua oYla 4o gans oLy s (eXplicit) g o
SRS o S (sade (S SO siwe A LS S
(5, @, ) GHS S oo olla 0 alla 0 313 (s4im 1 (step cost) alS st

v

ool
Initial State
< ‘su NS
Auvailable Actions
JK du\-é
Transition Model
Saa (9051
Goal Test

SE G
Path Cost Function

e Ayl Sy (sladdl 3o |




roleais slagiumw

((‘S-LGLﬁus:t)) .Se.w)ks 63%:‘-“-‘? CSLAL):{’J

Prepared by Kazim Fouladi | Fall 2017 | 3¢ Edition

P
)”};(PK

Lo 9o Olae basl g,

g(n) = depth(n) @@

f(n) = —depth(n)

SLSTL (7)) Sty ; g8 25 3 Sl o SLalST: A7) Sty ; 908 g5 ey



Prepared by Kazim Fouladi | Fall 2017 | 3" Edition

P

roleais slagiumw
holesia (s gatiwa [ oudiaa ) od sl Ja

DISTRIBUTED PROBLEM-SOLVING: MULTIAGENT SEARCHING

-2 g alasl (Concurrent) 3 5 508 g (Asynchronous) alKeals o oty 031 55 oo (Aao sliwlas

Agent 2
Agent 3
Agent 1



selbas i

roleais slagimawy

PATH FINDING PROBLEMS

Jie

Start —> |

G‘fal Example: Finding a path through a Maze
—_—
11 [ — — 1 1= C
= ||| L 11971 15
= -]
- | -
| B C [ ]

e
| =

NGl Mip
_E‘ -_!_-_-‘—| ' | .'J r_r
| i B NG

Prepared by Kazim Fouladi | Fall 2017 | 3¢ Edition

e,
)U%Pb/



u-LALcA.-:: Sl

PATH FINDING PROBLEMS

Initial
State

(\ Prepared by Kazim Fouladi | Fall 2017 | 3" Edition

-
}w\.

JGa

Example: Solving the 8-puzzle problem

2

Goal
State




Prepared by Kazim Fouladi | Fall 2017 | 3" Edition

-

roleais slagiumw
(S’l:’Jf'““ LY

Goge a0

PATH FINDING PROBLEM: FORMAL DEFINITION

P

P e oSS 55 sladdl e 5 b srie gl S

(N,L,S,G,W)

J-\SL;ALs—ILAJJLQL)hA-‘L;&SJQ‘SJ-ﬁ‘ Lao S (s4e gano
SetofNodes

Set of Dnected Links

LS oo clla oyl s

Initial State

Sua ella s Sua slacdls (sde gano G
Set of Goal States

Liols [ S (b 1u gl oo e §59 S B 54 4 LG9 ses gae W
Set of Weights

asls e s LaT o sluca wisn € crwl gl S (6 S SO (subwar



(5462 Jeol

-

Qi)

PRINCIPLE OF OPTIMALITY

Shaid g Sl ol dags sowe S S S
Cadl dugs ae o (sdadad ja Principle of Optimality
u T y v

Al V g U S o S T8 L 6S o) ST

¢« ¢ T e

Uu T y v

¢« o

x Yy

C_\a.u‘i,ia.né:\fe.}daa‘L;Jb:QJJC;JJmJJL:ﬁGJLmM:L@_'L;U&‘MSgd;&‘fl:sﬁ(s‘)f)ul_\).};‘adulu‘

Prepared by Kazim Fouladi | Fall 2017 | 3¢ Edition

P



AR

oaiipn ) 95 (2l yiuss slaaiy ) oSNl

-

roleais slagiumw

Prepared by Kazim Fouladi | Fall 2017 | 3¢ Edition

P

plEaals (sLigs 55354l

Asynchronous Dynamic Programming

OASJ:\S.)L:! S:'JAGZ' A* ‘53.3:\.&1?
Learning Real-Time A* (LRTA*)

e * 5
3y A (§ 9
Real-Time A* (RTA*)

S ;s wals (5 gt
Moving Target Search (MTS)

S G4 b g9 s g
Real-Time Bidirectional Search (RTBS)



Y

roleais slagiumw

plEanls (sLiga (53 y4els 3

ASYNCHRONOUS DYNAMIC PROGRAMMING

Prepared by Kazim Fouladi | Fall 2017 | 3¢ Edition

P

ol (S Juo! 3ubs
, h*(i) = min f*(7
%h*m (i) = min ()
cplBaals sl st
s R 54 5l Aae eliwlas SIS LI, AT

F7(9) = w(i, g) + b(3)

0 J&Uigaﬂb‘&au@ja‘iﬁ: h*(Z)
o T8 5 lss S i B sula = w(ia ])

w\1
(’j) jgwgeﬂ&ﬁ")‘;é&(saﬁu’L.(sa;")‘d‘alj&f‘;auds= f*(])




Y
plEasls (sLsga (653 y4eld 3
s

ASYNCHRONOUS DYNAMIC PROGRAMMING
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procedure ASYNCHDP (node )

h(i) — min; f(7)

if ¢ is a goal node then 1o X gl 1 Jele
O R .
S else 1] sobaan 5o 55140 (gl sdawlan)
: | initialize h (i) arbitrarily (e.g., to oo or 0) fG) «— w(i, 7) + h(y)
©  repeat e e et e
. forall neighbors j do LG )
f(5) = w(i, j) + h(5) h(@) < min, f(5)
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o0 ) oo
1 @ Cﬁ) 1
o0 ) 0
® 1 1 ®
3N\ | 3
procedure ASYNCHDP (node ) @ 2 > @
if ¢ is @ goal node then @ . ®.@)
| R(i) — 0 (1)

else
| initialize (%) arbitrarily (e.g., to oo or 0)

repeat
forall neighbors j do

L f(G) < w(i, j) + h(j)
h(i) < min; f(j)
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procedure ASYNCHDP (node ) @ 2 i
if ¢ is @ goal node then . ° ..
| h(i) — 0 (11)
else

| initialize (%) arbitrarily (e.g., to oo or 0)

repeat
forall neighbors j do

L f(G) < w(i, j) + h(j)
h(i) < min; f(j)
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procedure ASYNCHDP (node ) @ 2 g
if ¢ is @ goal node then 3 -
| h(i) — 0 (111)
else

| initialize (%) arbitrarily (e.g., to oo or 0)

repeat
forall neighbors j do

L f(G) < w(i, j) + h(j)
h(i) < min; f(j)
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LEARNING REAL-TIME A* (LRTA¥*)
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procedure LRTA™ foed st e s LSS 1 Jole 58
1+ 8 // the start node 1] sliad 5a slhle (gl 4o olSh)
while 7 is not a goal node do () <« w(i, 5) + h(j)

v S (02033 5 3nplsinny)
J »J J . : :
' : N g h(i) « min; fi7)
1 «<— argmin, f(4) 7/ breaking ties at random - .
h(i) — max(h(i), f(i")) (oS Lasy)
| 1 «— 7 J(7) aaio b J s ulian 4 (38,
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LEARNING REAL-TIME A* (LRTA¥*)

o

Y

procedure LRTA*
i 8 / the start node
while 7 is not a goal node do
foreach neighbor j do
F(G) = w(i,5) + h(j)
17— arg min_,— f(j) // breaking ties at random
h(i) — max(h(i), (1))

1 — 1
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LEARNING REAL-TIME A* (LRTA¥*)
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procedure LRTA* 2 3
] the start node .
while 7 is not a goal node do ﬁI'St trlal
foreach neighbor j do
F(G) — w(i,j) + h(j)
v — argmin; f(j) breaking ties at random
h(i) < max(h(i), f(i'))

7 — 1
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LEARNING REAL-TIME A* (LRTA¥*)
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procedure LRTA* 3
i 8 the start node .
while 7 is not a goal node do SeCOIld trlal
foreach neighbor j do
f() = w(i,5) + h(j)
17— arg min‘,- f(j) breaking ties at random
h(2) < max(h(i), f('))

7 — 1
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LEARNING REAL-TIME A* (LRTA¥*)
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procedure LRTA*
i 8 the start node
while 7 is not a goal node do
foreach neighbor j do
f() = w(i,5) + h(j)
17— arg min‘,- f(j) breaking ties at random
h(2) < max(h(i), f('))

7 — 1
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LEARNING REAL-TIME A* (LRTA¥*)
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procedure LRTA*
i 8 the start node
while 7 is not a goal node do
foreach neighbor j do
f() = w(i,5) + h(j)
17— arg min‘,- f(j) breaking ties at random
h(2) < max(h(i), f('))

7 — 1
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The h-values never decrease, and remain admissible.

LRTA* terminates; the complete execution from the start node to termination at
the goal node 1s called a trial.

If LRTA* is repeated while maintaining the h-values from one trial to the next,
it eventually discovers the shortest path from the start to a goal node.

If LRTA* find the same path on two sequential trials, this is the shortest path.
(However, this path may also be found in one or more previous trials before it
is found twice in a row. Do you see why?)
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MULTIAGENT LEARNING REAL-TIME A* (LRTA*(n))
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LRTA* is a centralized procedure. However, we note that rather than have a
single agent execute this procedure, one can have multiple agents execute it. The
properties of the algorithm (call it LRTA*(n), with n agents) are not altered, but
the convergence to the shortest path can be sped up dramatically. First, if the
agents each break ties differently, some will reach the goal much faster than others.
Furthermore, if they all have access to a shared h-value table, the learning of one
agent can teach the others. Specifically, after every round and for every i, h(i) =
max; h; (i), where h; () is agent j’s updated value for h (7). Figure 2.5 shows an
execution of LRTA*(2)—that is, LRTA* with two agents—starting from the same
initial state as in Figure 2.4. (The hollow arrows show paths traversed by a single
agent, while the dark arrows show paths traversed by both agents.)
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MULTIAGENT LEARNING REAL-TIME A* (LRTA*(n))
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REAL-TIME A* (RTA*)
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procedure RTA 1] salisan 5a (sl (oo 4 0lK3)

1§ // the start node
while ¢ is not a goal node do fg) = w(, 3) + h())
foreach neighbqr ] do H(O2ed3 g Hlwalsiads)
f(G) = w(i, j) + h(j) h(i) < second-min; f(4)
i — arg sec ond- 111111J f(j) // breaking ties at random — s
(i) « max(h(i), f(i")) (o 2550
L i1 J) pasion b J s olinan 4 (533,

h never overestimates the distance to the goal, that is, h(i) < h* (i)

caass alash by BLESS g y3dus a1 s ) 3Ll i s 2eTLIS LRTA® & s RTA*
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MOVING TARGET SEARCH (MTS)
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MOVING TARGET SEARCH (MTS)
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When Problem-Solver Moves:
for each neighbor x; calculate h(x;,y;)

update h(x;,y;) < maX(h(xi;}’i);minx}{h(x]{:yi) +1})
move to x; = arg miny; h(x;, y;)
X; < Xj

When Target Moves:

for new position (neighbor) y; calculate h(x;, y;)
update A(x;, y;) « max(hCx, v, {h(x: y;) — 1)
move to y;

yi < y; (new goal for problem-solver)
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4 Search Algorithms for Agents

Makoto Yokoo and Toru Ishida

4.1 Introduction

In this chapter,

ving

bt st be ol

we virtually

A I e by

t h-finding problems, constraint satis

is ta find

configuration.

Gerhard Weiss (ed.),

Multiagent Systems: A Modern Approach to
Distributed Artificial Intelligence,

MIT Press, 1999.

Chapter 4

Prepared by Kazim Fouladi | Fall 2017 | 3" Edition

—
’H'K



Prepared by Kazim Fouladi | Fall2017 | 39 Edition

YA

glolesis slo

(Qutedetented

Multiagent Systems

YOAV SHOHAM
KEVIN LEYTON-BROWN

Yoav Shoham and Kevin Leyton-brown,

Multiagent Systems: Algorithmic, Game-Theoretic,
and Logical Foundations,

Cambridge University Press, 2009.

Chapter 2

b/

Distributed Optimization

In the previous chapter we locked at distributed ways of mesting Flobal constraints.
Here we up the ante; weaskhuwl@!ns(m 103 dismibwed fashion. optimize a
global objective fmctica. families of and
associated sample problems. They are. g

» Distritured dynamic programming (as spplied to path-planning problems)
- Distributed solutions to Markov Decision Problems (MDPs).

* Optimization algorishms with an economic favor (as applied to marching and
scheduling problems),
* Coordmation via social laws and comventions, and the axample of mraffic rules.

dynamic programming for path

Like =raph coloring, path plazming constintes another common sbstract problem-
solving framework. A path-planning problem cansists of a weightad directed sraph
with a set of i nodes N, directed links [, 3 weight fmction w: L — R, and two
nodes #,¢ £ N. The goal is to find a direcsed path from # to ¢ having minimal total
weight More generally, we considera set of gosl nodes T — N, and are interested
i the shortest path Som & to any of the goal nodes t = T

This abstract framework applies in many domains. Certainly it applies when
there is some concrete network &t hand (e ., a trensporiation or telecommmnication
network). But it also applies i more roundabout ways. For example, in @ planming
problem the nodes can be states of the world, the arcs actions available to the agent,
and the weights the cost (or, altematively, time) of each scion.

Asynchronous dynamic programming
Path planning is a well-studied problem m computer science and operstions re-
search. We are inferested in distributed solutions, in which eech node performs o
Tocal computation. with access ouly to the state of its neighbors. Underlying our




