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Abstract

1 Introduction

Agents are mobile, intercommunicating, computational units that can act au-
tonomously within a complex dynamic environment in order to realize a set of
goals or tasks for which they are designed [?]. An agent’s environment consists
of other agents as well as the physical infrastructure. The infrastructure in turn
is comprised of machines that provide computational resources for agents and
a network that provides resources for agent intercommunication. At any point
in time, an agent “resides” on a particular machine, and attempts to realize its
goals by communicating with other agents over the network and by perform-
ing computation using the resources of the machine on which it resides. Agent
communication and computation result in consumption of both network and
machine resources. The extent to which each of these resources is consumed
depends largely on the distribution of agents to machines. We refer to an entity
that determines the assignment of agents to machines as a controller. The con-
troller’s logic implements an agent mobility algorithm. In this paper, we consider
the problem of designing agent mobility algorithms which permit the system of
agents to make optimal use of computation and communication resources.
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The NRL Center for Computational Science has developed CHIME [?], a multi-
agent system for heterogeneous distributed computing. Within CHIME, agent
mobility is a crucial enabler of performance optimization, since it permits bal-
ancing computational load and minimization of latency in inter-agent commu-
nications. This is particularly important for performance-critical applications
written over the CHIME framework—one such application is as Optiprism [?],
a hierarchical network management system for all-optical networks. Until re-
cently, CHIME supported agent mobility services, but did not assist agents in
determining when a change in their physical location might improve application
performance. The algorithms exposited in this paper have been implemented
and tested within the CHIME framework.

In considering agent mobility algorithms, it is illustrative to consider two de-
generate extremes:

¢ Assign all agents to a single machine. Such an assignment certainly makes
the system communication cost very small, but causes a very high com-
putational load on a single machine.

¢ Assign || agents to each machine, where n is the number of agents and m
is the number of machines. While this assignment balances the load evenly
on machines, it typically results in prohibitively high communication cost
between agents.

Our goal here is to investigate the space of solutions between these two degen-
erate approaches. In doing so, we will quantify the intuition that the minimiza-
tion of communication cost and computational load are inversely related. We
shall then describe an algorithm that incorporates a tunable trade-off between
optimizing communication cost and optimizing machine load. The proposed
algorithm will take into account the computational needs and communication
patterns of agents at time ¢, and use these to determine the assignment of agents
to machines at time ¢ + 1.

2 Aspects of the Agent Mobility Model

We have identified the key actors within the system to be: the agents and the
controllers. The infrastructure resources consists of a set of machines and a
network interconnecting them. We denote the set of agents as V, the set of
controllers as A, the set of machines as M, and the network links as E. A
model of agent mobility has several important and independent aspects, which
we identify and describe.



2.1 Infrastructure Characteristics

The phrase “infrastructure characteristics” refers to the properties of machines
and the network that are independent of the presence of agents. The model must
describe the computation and communication resources of the infrastructure.
Possible approaches include:

I1 Static Uniform— Network characteristics and machine capabilities do not
change over time. In particular there are a fixed number of machines, and
a fixed topology of links interconnecting them. All links in the network
have the same characteristics and all machines have the same capabilities.

12 Static Non-Uniform— Network characteristics and machine capabilities
do not change over time, but network links may have have different char-
acteristics and machines may have different capabilities.

I3 Dynamic Non-Uniform— Network characteristics and machine capabili-
ties may change over time. The number of machines and the topology
of links interconnecting them may change. Network links may have have
different, characteristics and machines may have different capabilities.

In this paper we consider a static, non-uniform approach where machines ca-
pabilities are uniform but network links may have different delays associated
with them. Machines are modelled as a set of m vertices M, while network
links are modelled as weighted edges of a complete graph on M. The weight
of the link connecting machines M; and Mj; is denoted d;;, and represents the
cost (in terms of delay) of sending a single message across the link. We take
0 < di; < d;; for all j # 4 to reflect the fact that inter-machine communication
is more costly than intra-machine communication. We also assume a symmetric
case where all machines have the same computational capabilities. The graph
(M, E,d) captures the infrastructure characteristics.

2.2 Agent Characteristics

The term “agent characteristics” refers to the computational and communi-
cation needs of agents. The model can approach agent characteristics under
various hypotheses:

Al Static— An agent’s computation and communication needs do not change
over time. The number of agents in the system is fixed.

A2 Dynamic— An agent’s computation and communication needs can change
over time. The number of agents in the system is changing.

In this paper we consider the static approach. We assume that an agent’s
activities are well-approximated by a random process that can be described by a



finite set of parameters. Specifically, the intercommunication needs of the agents
are modelled as a symmetric |V| by |V| real matrix C whose rows and columns
each sum to 1. Entry C,, , represents the probability with which agents u and v
communicate. The computation needs of agents are represented as a length |V|
real vector 6. Entry ¢, represents the relative computational requirements of
agent u. The vector (Cy )yev and value 6, capture the characteristics of agent
u. Note that agent u does not typically have explicit knowledge of (Cy,,)vey Or
0,—the model merely hypothesizes that the values exist. In what follows, the
special cases when (Cy y)vev = ﬁ and &, = 1 are referred to as uniform agent
communication patterns and uniform agent computation needs, respectively.

2.3 Controller Characteristics

The term “controller characteristics” refers to constraints on the behavior of
controllers. The model must address the following questions: How do controllers
move agents? Can controllers move several agents simultaneously? Is there an
inherent cost for moving an agent?

C1 Sequential— Agent movements are determined by the controllers, which
operate sequentially; no two agents can migrate at the same time.

C2 Parallel synchronous— Agents movements are determined by the con-
trollers, which operate concurrently at discrete time intervals.

In this paper we consider only the sequential approach. The assignment of
agents to machines at time ¢ is given by a function f; : V' — M. The controllers
determine f; at each time ¢. In the sequential approach f; and f;4, differ in at
most one value of their domain. In this work we consider controllers which can
move agents without paying any cost.

2.4 Infrastructure State

The phrase “infrastructure state” refers to the properties of machines and the
network that are dependent on the presence of agents. The model must de-
scribe the utilization of computation and communication resources infrastruc-
ture. Here we consider:

S1 Computational Load— The effect of agents on the computational resources.
The computational load on a machine M; at time ¢ is denoted L;(m), and
defined to be the sum of the computational needs of all agents that reside
on the machine M; at time ¢.

Lt(Mi) = Z 61}

veV; fi(v)=M;



S2 Link Utilization— The effect of agents on the communication resources.
The utilization of a link (Mj;, M;) is defined to be the expected communi-
cation per unit time between all agents that reside on M; and M;.

vo(M;, M) = > Cuso
w,vEV; fi (u)=M;; ft (U):Mj

2.5 Controller Distribution

The model must address the following question: How many controllers are op-
erating?

D1 Centralized— There is one controller.

D2 Distributed (machine-based)— There is one controller associated with each
machine.

For scalability reasons, we will consider the distributed (machine-based) ap-
proach. A natural question then arises: What information does each controller
have about agent/infrastructure characteristics and infrastructure state, and how
accurate is this information?

In our model, each controller A; has all infrastructure characteristics but can
only estimate agent characteristics for agents on its own machine. Since even
agent u itself does not typically know (Cly,y)vev Or &y, these quantities have to
be estimated based on the historical communicative and computational actions
of u. Thus, while controller 4; has accurate information about (M, E, d), it has
only estimates of (Cy,)vev and &, for each agent u residing on M;. Specifically,
we assume that A; can ask machine M; the following information:

Q1 What is the cumulative frequency of agent u’s communication with agents
on machine M; ? (where u is presently on machine M;, and j is in
1,...,m).

Q2 How much computation has agent u been doing? (for any u currently on
These questions provide A; with estimates for
'Vi{ui (U, M]) = Z Cu,v
vEV;fi(v)=M;

and §,,, respectively, for each agent u presently on machine M;. In practice, these
quantities can be measured by machine M;, since it provides computational
resources for agent u and mediates between u and the communication network.

In addition, A; can obtain some information about infrastructure state by asking
machine M;:



Q3 What is the current (estimated) load on the machine M; (j € 1,...,m)?

The answer to this question is denoted L}*{(M;). In implementation, each
machine measures its own computational load, and this information can be
propagated to all machines using either an independent protocol, or piggybacked
on top of inter-agent communication.

Based on the answers to questions of the form Q1-Q3, controller A; must make
a decision about ejecting an agent v to another machine M.

3 Objective Functions

Given the assignment f; of agents V' to machines M the computational load of
the system at time ¢ is defined to be

At d:ef 'rr%ax Lt(Mz)
i=1..

m
while the comunication cost of the system is defined as

r, = > Ye(Mi, M) - di-
M;,M; € M;M;#M;

3.1 Assessing Local Reassignments

The controller A; must determine how to reduce the computational load and
communication cost contributed by agents on machine M;. Suppose agent u is
on machine M; at time ¢, and controller A; wants to evaluate whether u should
be sent to machine Mj,. A; can ask M; question Q1 to obtain an estimate of u’s
communication patterns with agents on M. (Of course A; has no guarantees
of the future behavior of u, but we are assuming that agents communications
are adequately modelled by relative frequencies.) The communications of u

presently contribute
m

Z'Yé\/[i(uan) - dij

=1

to the overall communication cost I'; of the system. Sending agent u to machine
Mj, could be expected to change this contribution to

Z Ve (u, Mj) - dy;
j=1

The above quantity represents the hypothetical cost that communications of u
would have incurred if © had been placed on machine M. We define communi-



cation benefit of moving u from M; to My, as

> v (uy M) - dij — XijCuudij

OTMi (u, M) =1 — — -
Ej:l 'YtMl (u, M) - di

where x;; = 1if i = j and 0 otherwise. Then OT' ™ (v, M},) takes values between
(—00,1), with the optimal choice occuring close to the value 1. This occurs
when the cost of assigning an agent v onto machine My becomes very small.

Controller A; must similarly determine how to reduce the computational load
on M;. The computation of u presently contributes J, to the load on M;. We
define the computation benefit of moving u from M; to My, as

L(Mk) + 0y

M; def o
OANYi (u, M) =1 L(VT:) = o,

The quantity 0™iA(v, M) takes values between (—oo,1), with the optimal
choice occuring close to 1. This occurs when the present load of machine M}, is
much smaller than the load on machine M;.

4 The («a, ) Algorithm

Since controllers must optimize with respect to two objective functions, it is
reasonable to consider a mixed strategy. We represent the relative importance
of computational and communication resources by two numbers a, 3 € RT sat-
isfying (a 4+ 8 = 1). The total cost of the system at time ¢ is defined to be

wy = al'y + BAy
The assignment f; is said to be (a, 8)-optimal if w; is minimal over all choices
of functions f; : V' — M. The overall benefit of moving agent v to machine Mj,

is then taken as

dwMi (v, M) = a - OTMi (v, My) + B - OAM: (v, My,).

At time ¢, each controller 4; (i = 1+ (¢ mod m)) computes a table of values
for each agent v which resides on M;. The table describes the communication,

computation, and overall benefit of moving v to various machines M, ..., M,,.
v M, | My | --- M; .- M,
orM: T Mi(w, My) | --- | T ™ (v, M,,)
OAM: 8AM1'('1),MJ') aAMi('U;Mm)
e T 0w (v, 1)) 9™ (v, Mry)




By examining these tables for agents v residing on M;, the controller A; deter-
mines which agent v and machine M; provides the maximal value of dw: (v, M;)
which is greater than dw™: (v, M;). If more than one such agent-machine pair
exist, the controller picks from one of the candidate pairs uniformly at random.
The controller then ejects agent v from M; to machine M;, effectively dictating
that ft+1 (1)) = M]‘.

5 Convergence of the (0,1) Algorithm

Here we show that the computational load minimizer converges “fast”.

Theorem 5.1. In an agent system with n agents on m machines, where agent
computational needs are bounded in the range 1/k < 0, < k (k € R), the (0,1)
algorithm converges to a (0, 1)-optimal solution in O(nmk?) steps.

Proof. Clearly, the (0,1)-optimal solution is an assignment where the number
of agents on any two machines differs by at most 1. Let M denote the set of
machines, and L; : M — N be the function whose value describes the load on
each machine M; € M. Suppose the optimal assignment of agents to machines
entails a load of A. We define

*M; = max{(Li(M;) — \),0}
to be the extent of overloading on machine M;. Similarly, we put
«M; = max{(\ — Ly(M;)),0}

to represent the extent of loading on machine M;.

Finally, we define
O={M;e M|*M; #0}

to be the set of machines that are overloaded. Then
M\O={M,’€M|*Mi=0)

is the set of machines which are underloaded.

Clearly, the (0,1)-optimal solution is an assignment where O is the empty set,
or equivalently, an assignment for which

We will show that the (0,1) algorithm converges to this state in no more than
O(nmk?) steps.



At each step of the algorithm, the controller A; may eject at most one of the
agents residing on machine M;. There are two cases: M; € M\ O, and M; € O,
which we consider now in turn.

CAseE M; € M\O:

For each agent v on machine M;, define

AM: (v) = maxpg, e nr OAM: (v, My).

If agent v on machine M; satisfies OAM: (v, M;) = AM: (v), then A; will certainly

max
set fiy1(v) = fr(v) = M;. Two scenarios may arise:

(i) For all agents v on machine M;, OAM: (v, M;) = AM: (v). Then no agent will
be ejected from machine M;.

(if) Otherwise let

E; = {v| f(v) = M; and dAM: (v, M;) # Api, ()} # 0.
For each agent v in Ej, there exists some machine M) € M \ O, where j(v)
isin 1,...m, j(v) # i, such that OAM: (v, Mj(,)) = AL (v). The algorithm A;
will set fi1(v) = Mj(,) for exactly one v in E;. Thus, at time ¢ 4 1 one agent
v is ejected from M; to the machine M;(,) which had the least load at time ¢.
Note that after ejecting v to Mj(,), the machine Mj,y is still in M \ O, and in
particular, the membership of O cannot increase.

CASE M; € O:

Let Ly(M;) = /"0 Li(My). Since OAM: (v, M) > OAM: (v, My) for all k, A;
will set f;41(v) = M;. Note that the machine M; is necessarily in M \ O, since
otherwise L;(M}) > Ly(M;) > X for all k, which would imply ¥z, ear Ly (My) >
mA, a contradiction. Thus if an agent v is kicked off an overloaded machine M;
at time ¢, then it is necessarily sent to a non-loaded machine M; at time ¢ + 1,

and *M; decreases by 1.

If the algorithm has not yet converged, then there must be some M; € O. The
quantity ® decreases by at least 1/k with each cycle through the m controllers.
Since ® starts as a positive finite integer < nk, the algorithm converges in no
more than nmk? steps, at which point f;11(v) = fi(v) for all v, ® = 0 and
|O| = 0. O

We remark that since k£ can be exponential in the size of the problem instance,
this algorithm does not imply a polynomial time solution to bin-packing types
of problems.



6 Convergence of the (1,0) Algorithm

An agent system consisting of n agents is said to have near-uniform agent com-
munication patterns if

1

1
C - <=
|Cuo n|<n(n—|—1)

Theorem 6.1. Given an agent system consisting of n agents on m machines,
under the assumption of uniform communication costs and near-uniform com-
munication patterns, the (1,0) algorithm converges to a (1,0)-optimal solution
in O(nm) steps.

Proof. Clearly, the (1,0)-optimal solution is an assignment where all agents
are placed on the same machine. We will show that under the assumption of
uniform communication costs and near-uniform communication patterns, the
(1,0) algorithm converges to this state in no more than O(nm) steps.

If the system has not converged to a state where all agents are on the same
machine, there are at least two machines with agents on them. Without loss of
generality, suppose M7, M> are the two machines with the highest number of
agents ny and no respectively (n1 < n2).

Let u be an agent on M;. Then, '™ (u, M;) = 0, while
Now OT'M1 (u, M,) is by definition,

Y (u, My) - doy + 7" (u, M) - das + Y75 7" (u, M) - doj
Y (u, My) - dyy + 5" (u, My) - dyg + YTy 7" (4, My) - dyj

1

But the hypothesis of near-uniform communication patterns implies that

1 1
M r 1
v H(u, M1) < ng (n + = 1))

Thus
Y (uy My) - doy < M (u, Ma) - dys.
Since dy; = d2z = 0, we get that

ATM (u, My) > 0 = aTM (u, My).

Thus u gets kicked to machine M. The algorithm terminates when all agents
have been kicked to M5, a process which requires at most nm steps. O

10



We note that if the system does not satisfy the condition of near-uniform agent
communication patterns, then the (1,0) algorithm may not converge to an op-
timal solution. This is illustrated by the following example.

***x INSERT EXAMPLE HERE ***

7 Experiments

Here we run some generic experiments to show performance for intermediate
values of o and 8 to show a smooth tradeoff.

++ EXPERIMENTS ***
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Here we try and make quantitive sense of the intuitive idea that communica-
tion cost minimization and load minimization are inversely proportional, using
whatever analysis and experiments appeared earlier.

9 Conclusion

We summarize.
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