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g(n) = depth(n) - @

M) = O\ J(0) =/a(n) + h(n) | Fn)\= h(n)

f(n) = —depth(n)
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Example: Solving the 8-puzzle problem
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ASYNCHRONOUS DYNAMIC PROGRAMMING
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ASYNCHRONOUS DYNAMIC PROGRAMMING
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procedure ASYNCHDP (node 7)

if 7 is a goal node then 1o S sl L dele
h(z) < 0 .
else 1] soluen 58 sl (e dawlas)
| initialize h(¢) arbitrarily (e.g., to co or 0) f(g3) < w(i, 5) + h(y)
repeat g G o
forall neighbors j do (o soluplsiady)
f(3) = w(i, j) + h(j) h(1) < min; f(7)
| h(i) < min; f(7)

&
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O 7 O
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3Ny 3
procedure ASYNCHDP (node ) @ 2 g @
if 2 is a goal node then O ] @)
ellseh(i) -0 (1)

| initialize h(7) arbitrarily (e.g., to 0o or 0)

repeat
forall neighbors j do

1) — w(i. §) + h(j)
(i) — min; /(5)
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procedure ASYNCHDP (node 7) @ 2
if 2 is a goal node then . .o
| h(i) <=0
else (11)

| initialize h(7) arbitrarily (e.g., to 0o or 0)

repeat
|\ forall neighbors j do

1) — w(i. §) + h(j)
(i) — min, £(j)
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procedure ASYNCHDP (node 7) @ 2
if 2 is a goal node then 3 coe
| h(i) — 0 (111)
else

| initialize h(7) arbitrarily (e.g., to 0o or 0)

repeat
|\ forall neighbors j do

1) — w(i. §) + h(j)
(i) — min, £(j)
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LEARNING REAL-TIME A* (LRTA%*)
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procedure LRTA" SDG s R
1 < § // the start node ] stlunan 5a s34 (sl 4 0lSD)
while i is not a goal node do fG) — w(i, j) + h(y)

S
&

foreach neighbor j do
f(g) = w(i,j) + h(j)

' «— argmin; f(j)  // breaking ties at random

:(",-\AM* ) LS:JL""‘PK"‘A‘L.‘)
b(i)  min, 1)

h(i) — max(h(i), £(i')) (Uis plas)
| J(J) masigo U J stoloen € o35

h never overestimates the distance to the goal, that is, h(7) < h* (i)
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LEARNING REAL-TIME A* (LRTA%*)

procedure LRTA™
1 S // the start node
while 7 is not a goal node do
foreach neighbor 5 do
f(G) = w(i, j) + h(5)
V'« arg min; f(j) // breaking ties at random

h(i) — max(h(i), f(i'))

| 117

o
&

3
initial state
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LEARNING REAL-TIME A* (LRTA%*)

()N

@)

procedure LRTA"
1 S // the start node
while ¢ is not a goal node do
foreach neighbor 7 do
f(G) = w(i,j) + h(7)
V'« arg min; f(j) // breaking ties at random

h(i) — max(h(i), f(i"))

| 3 — 7

Prepared by Kazim Fouladi | Fall 2022 | 4t Edition
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LEARNING REAL-TIME A* (LRTA%*)

procedure LRTA"

@
1+ 8 // the start node O

while 7 is not a goal node do SGCOIld tI'lal
foreach neighbor 7 do

f(G) = w(i,7) + h(7)
V' arg Hlinj f(j) // breaking ties at random

h(i) — max(h(i), f(i'))

| — 7

o
&
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LEARNING REAL-TIME A* (LRTA%*)

procedure LRTA"
L S // the start node
while 7 is not a goal node do
foreach neighbor 7 do
f(G) = w(i,7) + h(7)
V'« arg min; f(j) // breaking ties at random

h(i) — max(h(i), f(i'))

| — 7

o
&

3
third trial
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LEARNING REAL-TIME A* (LRTA%*)

(Y

procedure LRTA"
L S // the start node
while 7 is not a goal node do
foreach neighbor 7 do
f(G) = w(i,7) + h(7)
V'« arg min; f(j) // breaking ties at random

h(i) — max(h(i), f(i'))

| — 7
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LEARNING REAL-TIME A* (LRTA%*)

o
&

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
1s found twice in a row. Do you see why?)
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MULTIAGENT LEARNING REAL-TIME A* (LRTA*(n))

S
&

LRTA™ 1s 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 7, h(i) =
max; h; (%), where h;(¢) is agent j’s updated value for h(z). 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* Jstolnnd L (51510 (sl da olS3)
71— 8 // the start node , o 'h )
while 7 is not a goal node do 1) wlé 3) + hlj)
foreach neighbor j do (23 (g HlwalSiads)
f(3) = w(i, j) +h(j) h(i) + second-min; f(5)
"« arg second- min; f(4) // breaking ties at random . .
(i) — max(h(i), () oS S50
| 7 — 7 J(7) aasi o b J stolisan & (38,

&
&

h never overestimates the distance to the goal, that is, h(i) < h*(7)
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MOVING TARGET SEARCH (MTS)
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FOGET E e sinde Jole glan cad go = Y

When Problem-Solver Moves:
for each neighbor x; calculate h(x;, y;)

update h(x;,y;) < max(h(x;, y;), minx}{h(x]f,yi) +1})
move to x; = arg minxj h(x;,yi)

xl-<—xj

When Target Moves:

for new position (neighbor) y; calculate h(x;, y;)
update h(x;, y;) < max(h(x;, y;), {h(x;, y;) — 1})
move to y;

yi <y (new goal for problem-solver)

o
&
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Gerhard Weiss (ed.),

Multiagent Systems: A Modern Approach to
Distributed Artificial Intelligence,

MIT Press, 1999.

Chapter 4

—

Search Algorithms for Agents

Makoto Yokoo and Tora [shida

4.1

Introduction

In this chapter, we introdoe
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Multiagent Systems

Algorithmic, Game-Theoretic, and Logical Foundations

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

L,
’U};b/

111

Distribured Optimization

In the previous chapter we looked at dismibuted ways of meeting global consiraints.
Here we up the ante; we ask how agents can, in 3 distibored fashion, optimize a
=lobal ebjective function. Specifically, we consider four families of techniques and
associated sample problems. They are, in order:

» Dismibated dynamic programming (as applied to path-planning problems).
» Distmbated solufions to Markow Decision Problems (MDPs).

» Optimization algorthms with an economic favor (2s applied to matching and
scheduling problems).

» Coordination via social laws and conventions, and the example of maffic miles.

Disiritbuted dynamic programming for path planning

Like graph coloring, path planning constimtes another common abstract problem-
sohving framework. A path-planning problem consists of 8 weighted directed graph
with a set of i nodes V| directed links [, a weight fonction w - I+ B+, and two
nodes &, £ N. The goal is to find a directed path from # to ¢ having minimal total
weight More penerzlly, we consider 2 set of zoal nodes T V| and are interssed
in the shortest path from # to any of the gealnodest £ T

Thiz absmact framework sppliss in many domains. Certainly it applies when
there is some concrete network 2t hand (&.2., 3 ranspomation or elecomnmnicaton
network). But it also spplies in more roundabont ways. For example, in 2 planning
problem the nodes can be states of the world, the arcs actions available to the agent,
and the weights the cost (or, alternatvely, time) of each acdon.

Asvnchronens dynamic programming
Path planning is a well-smdied problem in compurer science and operations re-

search. Wi are interested in distibuted solutions, in which each node performs a
local computation, with access only to the state of its neighbors. Underlying our




