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GAME THEORY BASED JOB ALLOCATION/LOAD BALANCING IN
DISTRIBUTED SYSTEMS WITH APPLICATIONS TO GRID COMPUTING

Satish Penmatsa, Ph.D.
The University of Texas at San Antonio, 2007

Supervising Professor: Anthony T. Chronopoulos, Ph.D.

In this dissertation, we present job allocation or load balancing schemes for distributed
systems and grid systems based on game theory. The main goal of our work is to provide fairness to
the users and the users’ jobs i.e., all the users and their jobs should experience approximately equal
expected response time (expected queuing delay + processing time + any communication time) or
be charged approximately equal price for their execution independent of the computers allocated,
and we will show that game theory provides a suitable framework for characterizing such schemes.
Most of the previous work on load balancing did not take the fairness of allocation into account or
considered fairness in a system without any communication costs.

For distributed systems in which all the jobs belong to a single user (single-class), we use a
cooperative game to model the load balancing problem which takes the average system information
into account (static load balancing). Our solution is based on the Nash Bargaining Solution which
provides a Pareto optimal solution for the distributed system and is also a fair solution. We then
extend the system model to include jobs from various users (multi-user/multi-class job distributed
system) and include pricing to model a Grid system. For a grid system, we propose three static
price-based job allocation schemes whose objective is to minimize the expected price for the grid
users. One scheme provides a system optimal solution and is formulated as a constraint minimization
problem and the other two schemes provide a fair solution and are formulated as non-cooperative
games among the users. We use the concept of Nash equilibrium as the solution of our non-cooperative
games and derive distributed algorithms for computing it. We also extend the proposed static load
balancing schemes for multi-user jobs and formulate two schemes that take the current state of the
system into account (dynamic load balancing). One dynamic scheme tries to minimize the expected
response time of the entire system and the other tries to minimize the expected response time of the

individual users to provide a fair solution.
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CHAPTER 1: Introduction

1.1 Job Allocation and Load Balancing in Distributed Systems

A distributed system often consists of heterogeneous computing and communication resources. Due to
the possible differences in the computing capacities and uneven job arrival patterns, the workload on
different computers in the system can vary greatly (Anderson, Culler, Patterson, and the NOW team
1995). This situation can lead to poor system performance. Improving the performance of such a
system by an appropriate distribution of the workload among the computers is commonly known as
job allocation or load balancing. Formally, this problem can be stated as follows: given a large number
of jobs, find an allocation of jobs to the computers optimizing a given objective function (e.g., total
expected (mean) response time (expected queuing delay + processing time + any communication
time) of the system or total expected cost (the price that has to be paid by the users for using the
resources) of the system).

There are two main categories of load balancing policies: static policies and dynamic policies
(Shivaratri, Krueger, and Singhal 1992). Static policies base their decisions on collected statistical
information about the system. They do not take into consideration the current state of the system.
Dynamic policies base their decisions on the current state of the system, where state could refer to,
for example, the number of jobs waiting in the queue to be processed and job arrival rate. The nodes
(computers) exchange this information periodically and will try to balance the load by transferring
some jobs from heavily loaded nodes to lightly loaded nodes. Despite the higher runtime complexity,
dynamic policies can lead to better performance than static policies.

Jobs in a distributed system can be divided into different classes (multi-class or multi-user):
(i) in multi-user type, each user jobs are grouped together; (ii) in multi-class type, all the jobs of the
same size or of the same arrival rate are grouped together. So, the objective of the load balancing
schemes can be to provide (1) a system-optimal solution where all the jobs are regarded to belong to
one group (single-class) (2) an individual-optimal solution where each job optimizes its own expected
response time (3) a class-optimal (user-optimal) solution where the jobs are classified into a finite
number of classes (users) and each user tries to optimize the expected response time of his own jobs.

A Grid (Foster and Kesselman 2004) is a conglomeration of computing resources connected



by a network, which is used to solve large-scale computation problems. This system tries to run these
applications by allocating the idle computing resources over a network or the internet commonly
known as the computational grid. These computational resources have different owners who can
be enabled by an automated negotiation mechanism by the grid controllers. The prices that the
grid users have to pay for using the computing resources owned by different resource owners can be
obtained using a pricing model based on a game theory framework. The objective of job allocation
in grid systems can be to find an allocation that reduces the price that the grid users has to pay for

utilizing the resources.

1.2 Related Work

Extensive studies exist on the static load balancing problem in single-class and multi-class job dis-
tributed systems. Most of those used the global approach, where the focus is on minimizing the
expected response time of the entire system over all the jobs. Different network configurations are
considered and the problem is formulated as a non-linear optimization problem in (Tantawi and
Towsley 1985; Kim and Kameda 1992; Li and Kameda 1994; Tang and Chanson 2000; Kameda,
Li, Kim, and Zhang 1997; Lee 1995) and as a polymatroid optimization problem in (Ross and Yao
1991). These schemes implement the entire system optimization approach in order to determine a
load allocation that yields a system-wide optimal expected response time.

A few studies exist on static load balancing that provide individual-optimal and user-optimal
solutions (Kameda, Li, Kim, and Zhang 1997) which are based on game theory. Individual and user-
optimal policies for an infinite number of jobs/users based on non-cooperative games using Wardrop
equilibrium are studied in (Kameda, Li, Kim, and Zhang 1997). An individual-optimal solution for
finite jobs based on cooperative game theory is provided in (Grosu, Chronopoulos, and Leung 2002).
User-optimal solutions based on Nash equilibrium are provided in ((Grosu and Chronopoulos 2005)
and references therein) for finite number of users. Game theory is also used to model grid systems
((Kwok, Hwang, and Song 2007; Ghosh, Roy, Das, and Basu 2005; Kwok, Song, and Hwang 2005;
Grosu and Das 2004) and references therein) and for price-based job allocation in distributed systems
((Ghosh, Basu, and Das 2007; Ghosh, Roy, Basu, and Das 2004; Ghosh, Basu, and Das 2005) and

references therein).



Also, dynamic load balancing policies exist which can be distinguished as: centralized and
distributed ((El-Zoghdy, Kameda, and Li 2002; Anand, Ghose, and Mani 1999; Zeng and Veeravalli
2006; Akay and Erciyes 2003; Choi 2004; Zeng and Bharadwaj 2004) and references therein). (a)
Centralized policies: In this type of policies a dedicated computer is responsible for maintaining
a global state of the system ((Hui and Chanson 1999) and references therein). Based on the col-
lected information, the central computer makes allocation decisions. Many centralized schemes were
proposed based on queuing models ((Cai, Lee, Heng, and Zhu 1997; Mitzenmacher 1997) and ref-
erences therein) and non-queuing models ((Kulkarni and Sengupta 2000; Han, Shin, and Yun 2000;
Hui and Chanson 1999) and references therein). For a large number of computers, the overhead
of such schemes become prohibitive and the central decision computer becomes a bottleneck. (b)
Distributed policies: In this type of policies, each computer constructs its own view of the global
state ((Campos and Scherson 2000) and references therein). Most of the distributed schemes are sub-
optimal and heuristic due to unavailability of accurate and timely global information. Distributed
dynamic load balancing schemes can be classified as: sender-initiated ((Shivaratri, Krueger, and
Singhal 1992; Dandamudi 1998) and references therein), receiver-initiated ((Shivaratri, Krueger, and
Singhal 1992) and references therein), and symmetrically-initiated ((Shivaratri, Krueger, and Singhal
1992; Benmohammed-Mahieddine, Dew, and Kara 1994) and references therein).

There are other distributed dynamic load balancing schemes that cannot be classified us-
ing the three classes presented above. A large class of such schemes are the diffusion schemes and
schemes that use concepts from artificial intelligence (Corradi, Leonardi, and Zambonelli 1999; El-
sasser, Monien, and Preis 2000; Cortes, Ripoll, Senar, and Luque 1999; Cortes, Ripoll, Senar, Pons,
and Luque 1999; Ghosh, Muthukrishnan, and Schultz 1996; Rabani, Sinclair, and Wanka 1998). Load
balancing based on genetic algorithms was studied in (Esquivel, Leguizamon, and Gallard 1997; Lee
and Hwang 1998; Lee, Kang, Ko, Chung, Gil, and Hwang 1997). There are no known pure game
theoretic studies on dynamic load balancing, but there exists some related approaches derived from

economic theory (Ferguson, Nikolaou, Sairamesh, and Yemini 1996; Chavez, Moukas, and Maes 1997).



1.3 Motivation for this Dissertation

Most of the previous work on static and dynamic load balancing in distributed systems considered
optimization of the entire system and considered expected response time as their main objective
function. ((Kameda, Li, Kim, and Zhang 1997; Li and Kameda 1994; Tantawi and Towsley 1985;
Anand, Ghose, and Mani 1999; Zeng and Veeravalli 2006; Choi 2004) and references therein). So,
individual users’ jobs may get delayed i.e., some users may experience longer expected response
times than others. This may not be acceptable in current distributed systems, where users have
requirements for fast job execution. Studies for load balancing in distributed systems based on game
theory that provides fairness (Jain 1991) to the users and the users’ jobs (i.e., all the users and
their jobs experience approximately equal expected response time) did not take the communication
subsystem into account. Also, game theory related work on job allocation in grid systems did not

take the communication-subsystem or fairness-to-the-users into account.

1.4 Contributions of this Dissertation

In this study, we propose job allocation/load balancing schemes for distributed systems and grid
systems based on game theory. The main goal of our work is to provide fairness to the users and
the users’ jobs i.e., all the users and their jobs should experience approximately equal expected
response time or be charged approximately equal expected price for their execution independent of
the computers allocated. Our schemes will be suitable for systems in which the fair treatment of the
users’ jobs is as important as other performance characteristics.

We consider a distributed computer system that consists of heterogeneous host computers
(nodes) interconnected by a communication network. We assume that “jobs of equal size and belong-
ing to the same class” arrive at each computer with different arrival rates following an exponential
(probability) distribution (Jain 1991; Grosu, Chronopoulos, and Leung 2002). Each computer de-
termines whether a job should be processed locally or scheduled on a different computer for remote
processing. Load balancing is achieved by transferring some jobs from nodes that are heavily loaded
to the nodes that are idle or lightly loaded. A communication delay will be incurred as a result of
sending a job to a different computer for processing. The communication delay is included in the

model. We assume that the communication delay between two nodes is independent of the two nodes



but depends on the total traffic in the network. Examples of such a case are (i) local area networks,
where all the nodes are competing for the same communication channel and so the communication
delay between any two nodes depends on the total traffic generated by all the nodes; and (ii) satellite
communication systems, where all the stations share the same communication media, and, therefore,
the communication delay between two stations depends on the total traffic (Tantawi and Towsley
1985). This load balancing problem is formulated as a cooperative game among the computers and
the communication subsystem. Based on the Nash Bargaining Solution (NBS) (Muthoo 1999; Nash
1950; Stefanescu and Stefanescu 1984) which provides a Pareto optimal (Mas-Collel, Whinston, and
Green 1995) and fair solution, we provide a static algorithm for computing the NBS for our cooper-
ative load balancing game. The main goal of this static load balancing scheme is to provide fairness
to all the jobs, i.e., all the jobs should experience the same expected response time independent of
the allocated computer.

The single-class job distributed system model is then extended to a multi-class job dis-
tributed system model. Then pricing is included (the amount that has to be paid for using the
resources) to model a grid system. Without taking the communication costs into account, we pro-
pose two static price-based job allocation schemes whose objective is to minimize the expected price
of the grid users. The two schemes differ in their objective. One tries to minimize the expected price
of the entire grid community (i.e., all the grid users) to provide a system-optimal solution whereas
the other tries to minimize the expected price of the individual grid users to provide a fair solution
(i.e., all the users should pay the same expected price for executing their jobs independent of the
allocated computer). The prices that the grid users has to pay are obtained based on an incomplete
information alternating-offer non-cooperative bargaining game between the grid servers (playing on
behalf of the grid users) and the resource owners (computers).

Considering the communication costs in the above grid system model, we propose another
static price-based job allocation scheme whose objective is to provide fairness to the grid users. This
scheme is formulated as a non-cooperative game among the grid users who try to minimize the
expected price of their own jobs.

The above static price-based job allocation schemes for multi-class job grid systems are then
extended to dynamic load balancing schemes for multi-class (multi-user) job distributed systems.

Taking the communication costs into account, we propose two dynamic load balancing schemes.



The first dynamic scheme tries to dynamically balance the load among the computers to obtain a
system-optimal solution, which may not be fair to the users. The second dynamic scheme tries to
dynamically balance the load among the computers to obtain a user-optimal solution. This solution
provides fairness to all the users so that all the users have approximately the same expected response
time independent of the computers allocated for their jobs.

We run a computer model with various system loads and configurations to evaluate the

performance of our proposed load balancing/job allocation schemes.

1.5 Organization of the Dissertation

The rest of the dissertation is organized as follows. In Chapter 2, we present a brief review of some
game theory concepts. In Chapter 3, we present a static cooperative load balancing scheme for single-
class job distributed systems. In Chapter 4, we present two price-based job allocation schemes for
computational grids. Chapter 5 presents another price-based job allocation scheme for grid systems
by taking the communication subsystem into account. In Chapter 6, we propose two dynamic load
balancing schemes for multi-class job distributed systems. In Chapter 7, we make conclusions and

present possible directions for future work.



CHAPTER 2: Game Theory Concepts

In this chapter, we briefly review some important concepts from game theory (Fudenberg and Tirole

1994).

2.1 Introduction

A finite game can be characterized by three elements: the set of players i € Z, Z = {1,2,...,1};
the pure strategy space S; for each player i; and the objective functions p; : S; x ... x Sy — R for
each player i € Z. Let s = (s1, S2,...,81) be a strategy profile s € S, where S = S x Sy x ... x SJ.
The objective of each player is to minimize his own objective function. In economics the objective
functions are usually a firm’s profit and each user wants to maximize them, while in our context the
objective functions usually represent job response times.

There are two main classes of games: cooperative games in which the players have complete
freedom of pre-play communications to make joint agreements and non-cooperative games in which no
pre-play communication is permitted between the players (Luce and Raiffa 1957). If the interaction
between users occurs only once, the game is called static and if the interaction occurs several times,
the game is called dynamic. A static game played many times is called a repeated game. A game
in which one user (the leader) imposes its strategy on the other self optimizing users (followers) is
called Stackelberg game (Fudenberg and Tirole 1994).

One of the cornerstones of non-cooperative game theory is the notion of Nash equilibrium
(Nash 1950; Nash 1951). In essence a Nash equilibrium is a choice of strategies by the players where
each player’s strategy is a best response to the other player’s strategies. If we consider that each
player’s goal is to minimize his objective function, then, the Nash equilibrium can be defined as
follows:

A strategy profile s* is a Nash equilibrium if for all players i € Z:

*

(81,85, oy Sy, ST) < pi(s], 85, ...y Siy...,s7) forall s; €8 (2.1)

In other words, no player can decrease the value of his objective function by unilaterally deviating

from the equilibrium. If we consider that each player’s goal is to maximize her objective function,

7



then the above equation changes to:

(81,85, oy Sy, 8T) > pi(S], S5,y Siy. .., 87) forall s; €8 (2.2)

When some players do not know the objective functions of the others, the game is said to

have incomplete information and the corresponding Nash equilibria are called Bayesian equilibria

(Harsanyi 1967; Harsanyi 1968). This type of game is also called a Bayesian game. If the objective
functions are common knowledge, the game is said to have complete information.

For more details on game theory, we refer to (Basar and Olsder 1998; Fudenberg and Tirole

1994). In the following we present examples to illustrate some of the concepts presented above.

2.2 Examples from Economics

Example 2.2.1. Cooperative game

Assume two firms (players), A and B, can have a best profit of x = @ = 2 units and y = b
= 3 units respectively without any cooperation. If they cooperate, they can share a total profit of
10 units (i.e., x +y = 10). Assume the profit function for A is f(z,y) = (z — 2)"/? and for B is
fao(z,y) = (y — 3)Y/2. If their bargaining strengths are equal (say, h = k = 1/2, h + k = 1), what is
the cooperative solution?

Solution: This game was proved to be equivalent to the Nash Bargaining Solution (NBS) problem
(Dixit and Skeath 2004):

mazimize,, (v — 202 (y — 3)1/2

subject to the constraint z 4+ y = 10. The solution is, x = 4.5 and y = 5.5.

Remark 2.2.1. In general, the problem is to choose x and y to maximize (z — a)"(y — b)* subject
to the constraint y = g(x). For linear g(z), the solution @ is the intersection of lines = + y = v and

(y—0b) = %(x —a) (Figure 2.1).

Example 2.2.2. Non-cooperative game (Cournot’s Duopoly)



Figure 2.1: Geometric representation of NBS

Cournot competition (Osborne 2004) is an economics model used to describe industry struc-
ture. A single good is produced by n firms. The cost to firm ¢ of producing ¢; units of good is C;(g;),
where C; is an increasing function (more output is more costly to produce). All the output is sold
at a single price, determined by the demand for the good and the firms’ total output. Specifically, if
the firms’ total output is Q, then the market price is P(Q); P is called the inverse demand function
(because, as the output increases, the market price decreases). If the output of each firm i is ¢;, then
the price is P(q1 + ... + ¢n), so that firm i’s revenue is ¢;P(q; + ... + ¢,). Thus firm 4’s profit (m;),

equal to its revenue minus its cost, is

Wi(Qh---aQn) :%P(Q1+...+qn) _Ci<%> (2‘3>

One model of duopoly (only two firms) is the game in which
e the players are the firms.
e the actions of each firm are the set of possible outputs (any nonnegative amount).
e the payoff of each firm is its profit.

Suppose there are two firms and each firm’s cost function is given by C;(g;) = cg; for all ¢; (unit cost



is constant, equal to ¢), and the inverse demand function is linear where it is positive, given by

p - % W e=e (2.4
0 if Q> a.

where a > 0 and ¢ > 0 are constants. If the firms’ outputs are ¢; and ¢o, then the market price

Plgi+¢)=a—q¢ —q if ¢1 + ¢ < o and zero if ¢; + g2 > «. Thus firm 1’s profit is

m(ql,q2) = qL(P(ql +¢2) —¢) = dlozcmalma) af alrazsa (2.5)
—cql if ql4+q2 >«

To find the Nash equilibria in this example, we can use the procedure based on the firms’
best response functions. To find firm 1’s best response to any given output ¢s of firm 2, we need
to study firm 1’s profit as a function of its output ¢; for given values of ¢;. Firm 1’s best response
function gives, for each possible output of firm 2, the profit-maximizing output of firm 1. If g = 0
then firm 1’s profit is m(¢1,0) = q¢l(a — ¢ — ¢1) for ¢; < a, a quadratic function that is zero when
¢q1 = 0 and when ¢; = a — ¢. Given the symmetry of quadratic functions, the output ¢; of firm 1 that
maximizes its profit is ¢; = %(a — ¢). This can be obtained by setting the derivative of firm 1’s profit
with respect to ¢; equal to zero and solving for ¢;. Thus firm 1’s best response to an output of zero
for firm 2 is b1(0) = 3 (a — ¢).

As the output ¢o of firm 2 increases, the profit firm 1 can obtain at any given output
decreases, because more output of firm 2 means a lower price. This can be seen in Figure 2.2 (inner
black curve) for m(q1, ¢2) for go > 0 and g2 < o — ¢. In this case, we have the output that maximizes
m(ql, ¢2) = ql(a—c—g—q) as 1 = 5(—c—gqo) for ¢ > 0 and ¢o < a — ¢. Therefore, we conclude

that the best response of firm 1 is given by

b (g0) = (a—c—q) if g<a-c 2.6
if g >a—c.

N

=}

Because firm 2’s cost function is the same as firm 1’s; its best response function by(q) is
also the same: for any number q, we have by(q) = bi(q). Of course, firm 2’s best response function

associates a value of firm 2’s output with every output of firm 1, whereas firm 1’s best response
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Figure 2.2: Firm 1’s profit as a function of its output, given firm 2’s output

function associates a value of firm 1’s output with every output of firm 2, so we plot them relative
to different axes. They are shown in Figure 2.3 (b; is dark; b, is light). In general, b; associates each
point on the vertical axis with a point on the horizontal axis, and by associates each point on the
horizontal axis with a point on the vertical axis.

A Nash equilibrium is a pair (qf, ¢5) of outputs for which ¢; is a best response to go, and ¢y

is a best response to ¢:

q; = bi(gs) and g5 = ba(q7) (2.7)

The set of such pairs is the set of points at which the best response functions in Figure 2.3 intersect.

From the figure we see that there is exactly one such point, which is given by the solution of the two

equations
1
@ =5(a—c—q)
? (2.8)
@ =z(a—c—q)
Solving these two equations, we have q; = g2 = “5°.
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q2
& —C
X—C
2
a—c (91,93)
3
a—c a—c X —C S
0 3 2 1

Figure 2.3: The best response functions in Cournot’s duopoly game. The unique Nash equilibrium
a—cC CY*C)

is (g1, 45) = (5%, %5
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CHAPTER 3: Cooperative Load Balancing in Distributed Systems

3.1 Introduction

In this chapter (Penmatsa and Chronopoulos 2006a), we consider the static load balancing problem
for single-class jobs in a distributed computer system that consists of heterogeneous host computers
(nodes) interconnected by a communication network. Load balancing is achieved by transferring some
jobs from nodes that are heavily loaded to those that are idle or lightly loaded. A communication
delay will be incurred as a result of sending a job to a different computer for processing.

The load balancing problem is formulated as a cooperative game among the computers and
the communication subsystem and game theory offers a suitable modeling framework (Fudenberg
and Tirole 1994). The several decision makers (e.g., computers and the communication subsystem)
cooperate in making decisions such that each of them will operate at its optimum. Based on the
Nash Bargaining Solution (NBS) which provides a Pareto optimal and fair solution, we provide an

algorithm for computing the NBS for our cooperative load balancing game.

3.1.1 Related Work and Our Contribution

The static load balancing problem in distributed systems has been extensively studied ((Tantawi
and Towsley 1985; Li and Kameda 1994; Tang and Chanson 2000; Kameda, Li, Kim, and Zhang
1997) and references therein). Different network configurations were considered and the problem was
formulated as a non-linear optimization problem. All these schemes determine a load allocation in
order to obtain a system-optimal solution. Some game theory based load balancing schemes that
provide individual-optimal and user-optimal solutions were studied in ((Grosu, Chronopoulos, and
Leung 2002; Grosu and Chronopoulos 2005; Kameda, Li, Kim, and Zhang 1997; Roughgarden 2001)
and references therein).

The past works on individual-optimal or user-optimal schemes do not take the commu-
nication subsystem into account. In our study, we consider a distributed system which includes
communication delays. Our main goal here is to obtain an individual-optimal scheme which provides
fairness to all (user) jobs. This means that all the jobs should experience the same expected response

time independent of the computer to which they are allocated. The fairness of allocation is an im-
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portant factor in modern distributed systems and our scheme will be suitable for systems in which
the fair treatment of the users’ jobs is as important as other performance characteristics. We show
that our cooperative load balancing scheme provides both fairness and a Pareto optimal operating
point for the entire system. We run a computer model with various system loads and configurations

to evaluate the performance of our cooperative load balancing scheme.

3.1.2 Chapter Organization

The rest of the chapter is organized as follows. In Section 3.2, we present some related cooperative
game theory concepts. In Section 3.3, we present the distributed system model considered. The
load balancing problem is formulated as a cooperative game in Section 3.4. The performance of the

proposed scheme is evaluated in Section 3.5. A summary of the chapter is provided in Section 3.6.

3.2 Cooperative Game Theory Concepts

In this section, we summarize some concepts and results from cooperative game theory which are

used later in the chapter.
Definition 3.2.1. A cooperative game
A cooperative game consists of:
o N players;
e A nonempty, closed and convex set X C RY which is the set of strategies of the N players.

e For each player i, ¢ = 1,2,..., N, an objective function f;. Each f; is a function from X to R

and it is bounded below. The goal is to minimize simultaneously all f;(X).

e For each player i, i = 1,2,..., N, a minimal value of f;, denoted u{ (initial performance),
required by player 7 without any cooperation to enter the game. The vector u® = (u?,u, ..., u%)

is called the initial agreement point.

We are interested in finding solutions for the cooperative game defined above that are Pareto

optimal.

14



Definition 3.2.2. Pareto optimality (Mas-Collel, Whinston, and Green 1995)

The point u € U is said to be Pareto optimal if for each v € U, v < u, then v = u. Here U, U C RV

is the set of achievable performances (Yaiche, Mazumdar, and Rosenberg 2000).

Definition 3.2.3. The Nash Bargaining Solution (NBS) (Muthoo 1999; Nash 1950; Stefanescu
and Stefanescu 1984)

A mapping S : G — RY is said to be a NBS if:
1) S(U, U.O) € Uy;
ii) S(U,u") is Pareto optimal;

and satisfies the fairness axioms (Nash 1950). Here G denotes the set of achievable performances

with respect to the initial agreement point (Yaiche, Mazumdar, and Rosenberg 2000).
Definition 3.2.4. Bargaining point (Stefanescu and Stefanescu 1984)

u* is a (Nash) bargaining point if it is given by S(U,u’) and f~!(u*) is called the set of (Nash)
bargaining solutions.

The following characterization of the Nash bargaining point forms the basis for the results

later in the chapter.

Theorem 3.2.1. Nash bargaining point characterization (Stefanescu and Stefanescu 198/4;

Yaiche, Mazumdar, and Rosenberg 2000)

Consider the assumptions from the above definitions and references therein. Let J denote the set of
players who are able to achieve a performance strictly superior to their initial performance and let X
denote the set of strategies that enable the players to achieve at least their initial performances. Let
the vector function {f;},j € J be one-to-one on Xy. Then, there exists a unique bargaining point u*

and the set of the bargaining solutions f~!(u*) is determined by solving the following optimization

problems:
(P: min[[(fx)—u))  xeXo (3.9)
jeJ
(P)) : mmem( fi(x) —ud) x € X, (3.10)
jeJ
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Then, (Py) and (P)) are equivalent. (P)) is a convex optimization problem and has a unique solution.

The unique solution of (P;) is the bargaining solution. 0

3.3 Distributed System Model

We consider a distributed system model with n nodes (or computers) connected by a communication

network as shown in Figure 3.1.

node 1 node 2 ] noden

Communication Network

Figure 3.1: Distributed System Model
The terminology and assumptions used are as follows:

e The computers and the communication network are assumed to be product-form queuing net-
work models (Jain 1991). Jobs arrive in a single queue at each node (computer) which has only

one computing resource.

e ¢, denotes the external job arrival rate at node 7. All the jobs in the system are assumed to be

of the same size.
e The total external job arrival rate of the system is denoted by ®. So, & =3"" | ¢;.
e The job processing rate (load) at node i is denoted by ;.
e 17;; denotes the job flow rate from node i to node j.

e A job arriving at node i may be either processed at node i or transferred to another node j
through the communication network. The decision of transferring a job does not depend on the

state of the system and hence is static in nature.
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e A job transferred from node 7 to node j receives its service at node j and is not transferred to
other nodes. If a node i sends (receives) jobs to (from) node j, node j does not send (receive)

jobs to (from) node 1.

The response time of a job in a system as above consists of a node delay (queuing delay +
processing delay) at the processing node and also some possible communication delay incurred due
to a job transfer. We model each node and the communication network as M/M/1 queuing systems
(Jain 1991; Kleinrock 1975; Tantawi and Towsley 1985). In these queuing systems, the inter-arrival
times and the service times are exponentially distributed (Jain 1991).

Let p; denote the processing (service) rate of node 7, D; denote the mean node delay or the
expected response time of a job at node ¢, and E; denote the mean number of jobs at node 7. The

mean node delay at a node can be calculated using Little’s law (Jain 1991), which states that:

Let p; denote the traffic intensity at node i where p; = % Thus, we have (Jain 1991)

B =L (3.12)

Therefore, from egs. (3.11) and (3.12), we have

R Y SV S S
bi= Gi (1 — pi) * bi (Mi - ¢z‘) (3'13)

Thus, the expected response time of a job at node i is given (as a function of ¢;) by:

1
i — @i

Di(¢i) = (3.14)

Since, our goal is to find the optimal ¢; (i.e., ;) at each node, we rewrite the above equation in

terms of 3;. Thus, the mean node delay of a job at node i is given by:

Mz'—ﬁz"
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We assume that the expected communication delay from node i to node j is independent of
the source-destination pair (7, j) but may depend on the total traffic through the network denoted by
A where A =Y 377 | x5 We denote the mean communication delay for a job by G(A). Modeling

the communication network as an M/M/1 queuing system gives:

G = A< (3.16)

where ¢ is the mean communication time for sending and receiving a job. Note that D;(;) and G())
are increasing positive functions. We classify the nodes in the following way as in (Tantawi and

Towsley 1985):

e Sink (5): only receives jobs from other nodes but it does not send out any jobs.

e Idle source (Ry): does not process any jobs (3; = 0) and it sends all the jobs to other nodes. It

does not receive any jobs from other nodes.

e Active source (R,): processes some of the jobs that arrive and it sends the remaining jobs to

other nodes. But, it does not receive any jobs from other nodes.

e Neutral (IV): processes jobs locally without sending or receiving jobs.

The network traffic A can be expressed in terms of the variable (; as

1 n
)‘252‘@—@’ (3.17)
i=1
We define the following functions:
4(3) = 2 1n Di(B) = — (3.18)
Ip; i — Bi
0 t
o) = Sy GO = (319
i l, 1 x > L
- e (3.20)
0, if r<t
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3.4 Cooperative Load Balancing

In this section, we formulate the load balancing problem as a cooperative game among the computers
and the communication network. We consider an n + 1 player game where the n computers try to
minimize their expected response time D;(3;) and the (n + 1)th player, the communication subsys-
tem, tries to minimize the expected communication delay G(A). So, the objective function for each

computer ¢z, ¢ = 1,...,n can be expressed as:
fi(X) = Di(5) (3.21)

and the objective function for the communication subsystem can be expressed as:

S (X) = G(A) (3.22)

where X = [f1,..., 0, /\]T is the set of strategies of the n + 1 players.
Definition 3.4.1. The cooperative load balancing game

The cooperative load balancing game consists of:
e n computers and the communication subsystem as players;

e The set of strategies, X, is defined by the following constraints:

ﬁi<ui, ’izl,...,n (323)

Zﬁi = Z ¢ = @, (3.24)
i=1 i=1
G; >0, 1=1,...,n (3.25)
e For each computer i, i = 1,...,n, the objective function f;(X) = D;(3;); for the communica-

tion subsystem, the objective function f,.1(X) = G(\); X = [51,..., Bn, )\]T. The goal is to

minimize simultaneously all f;(X),i=1,...,n+ 1.

e For each player i, ¢ = 1,...,n + 1, the initial performance u{ = f;(X°), where X" is a zero

vector of length n + 1.
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Remark 3.4.1. In the above definition, we can assume that (; < ji; to satisfy the compactness
requirement for X, where fi; = p; — € for a small € > 0. We ignore this condition for simplicity. We
also assume that all the players in the above game are able to achieve performance strictly superior

to their initial performance.

Theorem 3.4.1. For the cooperative load balancing game defined above there is a unique bargaining

point and the bargaining solutions are determined by solving the following optimization problem:

rn)}n [G(A) 11 D;(5:)] (3.26)
subject to the constraints (3.23) - (3.25).
Proof: In Appendix A. O

Theorem 3.4.2. For the cooperative load balancing game defined above the bargaining solution is

determined by solving the following optimization problem:

min D I Di(B) + InG(N) (3.27)

subject to the constraints (3.23) - (3.25).
Proof: In Appendix A. O
Theorem 3.4.3. The solution to the optimization problem in Theorem 3.4.2 satisfies the relations
di(Bi) > a+g(N), Bi=0 (i€ Ra),
dl(ﬂz):&—&—g()\), O<ﬁl<¢z (ZGRa>,

a+gA)>di(Bi) >a, Bi=¢ (i€ N),
d,(ﬁz) = «, ﬁz > ¢2 (Z € S),

(3.28)

subject to the total flow constraint,

Do dito)+ D0t Y dit(at o) = ® (3.20)

where « is the Lagrange multiplier.
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Proof: In Appendix A. O

Since obtaining a closed form solution for « from eq. (3.29) is not possible, we use a simple
method such as a binary search to solve eq. (3.29) iteratively for a as in (Kim and Kameda 1992).
Also, from Theorem 3.4.3, the following properties which are true in the optimal solution can be

derived and their proofs are similar to those in (Kim and Kameda 1992).

Property 3.4.1.
d;(0) > a+g(N), iff 5;=0,
di(¢i) > a+g(N) > d;(0), iff 0< G < ¢y,
a <di(d;) <a+gA), it Gi=de,
a>di(¢;), iff B> ¢

Property 3.4.2. 1f 3 is an optimal solution to the problem in Theorem 3.4.2, then we have

/61':07 Z.ERda
Bi =d; (a+g(N), i€ Ry,
ﬁi:gbia ZGN,

5@':d;1<a)7 i €8S

Property 3.4.3. If 3 is an optimal solution to the problem in Theorem 3.4.2, then we have A\ =
As = AR, where
As = Diesld () — ¢,
AR =D icr, P + D icn, [0i — d ' (a+g(Xs))].

Based on the above properties, we can have the following definitions (egs. (3.30) - (3.35)) for an

arbitrary a (> 0).

S(a) = {ildi(¢;) < a} (3.30)
As(a) = > [di (@) — ¢ (3.31)
i€S(a)
Ry(a) = {i|d;i(0) > a+ g(As())} (3.32)
R (a) = {ildi(¢;) > a + g(As(a)) > d;(0)} (3.33)
Ar(a) = Z b; + Z (¢ — d; (o + g(As(a)))] (3.34)
i1€ERg () i€ERq ()
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N(a) = {ila < di(¢i) < o+ g(As(a))} (3.35)

Thus, if an optimal « is given, the node partitions in the optimal solution are characterized as
Ry = R4(a), R, = Ry(), N = N(a), S = S(«v) (3.36)

and

A= As = A = As(@) = An(a) (3.37)

We now present an algorithm (CCOOP) for obtaining the Nash Bargaining Solution for our

cooperative load balancing game.

CCOOP algorithm:

Input:
Node processing rates: i1, fto, - .. fn;
Node job arrival rates: ¢1, ¢a, ... ¢n;
Mean communication time: ¢.
Output:

Load allocation to the nodes: (3, 5o, ... B,.

1. Initialization:
Gi<—¢i;i€N;i=1,...,n
2. Sort the computers such that di(¢1) < da(p2) < ...dn(Pn).
If di(¢1) + g(0) > d,,(¢y,), then STOP (No load balancing is required).
3. Determine « (using a binary search):
a «— di(¢1)
b dn(¢n)
while(1) do
As(a) <0
Ar(@) <0
Calculate: S(a), As(a), Ry(a), Ry(x), and Ag(«) (egs. (3.30) - (3.34))
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in the order given for i =1,... n.
If (|\s(@) — Ar(@)] < €) EXIT
If (As(a) > Ag(a))
b— a
else
a— «
4. Determine the loads on the computers:
Bi 0, forie Ry(a)
B —di H(a+g(N), forie Ry(a)
B diM(a), fori € S(a)
Bi — ¢i, forie N(a) (eq. (3.35))

Remark 3.4.2. (i) In step 2, we STOP when the total (node + communication) time for a job to
be transferred from a more powerful to a less powerful node exceeds the node time (node delay)
on the less powerful node, if the network traffic equals 0. This means that a job will run faster on
the ‘origin’ node than if transferred to a different node. (ii) The running time of this algorithm is
O(nlogn + nlog1/e), where e denotes the acceptable tolerance used for computing « in step 3 of
the algorithm. (iii) This algorithm must be run periodically when the system parameters change in

order to recompute a new load allocation.

3.5 Modeling Results

We modeled a computer system to evaluate the performance of our CCOOP scheme. The performance
metrics used in our model are the expected response time and the fairness index. The fairness index
(Jain 1991), is used to quantify the fairness of load balancing schemes. We study the impact of system
utilization and heterogeneity on the performance of the proposed scheme. We also implemented the
Overall Optimal Scheme (OPTIM) (Kim and Kameda 1992) and the Proportional Scheme (PROP)

(Chow and Kohler 1979) for comparison. In the following we present and discuss the modeling results.
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3.5.1 Effect of System Utilization

System wutilization (p) represents the amount of load on the system and is defined as the ratio of the

total arrival rate to the aggregate processing rate of the system:

)

p= =i (3.38)
Zi:1 g

We modeled a heterogeneous system consisting of 16 computers to study the effect of system
utilization. The system has computers with four different processing rates. The system configuration

is shown in Table 3.1.

Table 3.1: System configuration

Relative processing rate 1121510
Number of computers 6 | 513 2
Processing rate (jobs/sec) | 10 | 20 | 50 | 100

The total job arrival rate in the system & is determined by the system utilization p and
the aggregate processing rate of the system. We choose fixed values for the system utilization and
determined the total job arrival rate ®. The job arrival rate for each computer ¢;,7 = 1,...,16 is
determined from the total arrival rate as ¢; = ¢;®, where the fractions ¢; are given in Table 3.2. The

mean communication time ¢ is assumed to be 0.001 sec.

Table 3.2: Job arrival fractions ¢; for each computer

Computer | 1-2 | 3-6 | 7-11 | 12-14 | 15-16
di 0.01 10.02|0.04| 0.1 0.2

In Figure 3.2, we present the expected response time of the system for different values of
system utilization ranging from 10% to 90%. It can be seen that CCOOP performs as well as OPTIM
for p ranging from 10% to 40% and is better than PROP for p ranging from 50% to 60%. CCOOP
approaches PROP at high system utilization.

In Figure 3.3, we present the fairness index for different values of system utilization. The

CCOQOP scheme has a fairness index of almost 1 for any system utilization. The fairness index of
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Expected Response Time (sec)

10 20 30 40 50 60 70 80 90
System Utilization(%6)

Figure 3.2: System Utilization vs Expected Response Time

OPTIM drops from 1 at low load to 0.89 at high load and PROP maintains a fairness index of 0.73
over the whole range of system loads.

11 T T T T T T T

0.9 - -

Fairness Index |

o
il
o
o
o
o
il

0.6 - -

0.5 1 1 1 1 1 1 1
10 20 30 40 50 60 70 80 20

System Utilization(%)

Figure 3.3: System Utilization vs Fairness Index

3.5.2 Effect of Heterogeneity

In this section, we study the effect of heterogeneity on the performance of load balancing schemes.
One of the common measures of heterogeneity is the speed skewness (Tang and Chanson 2000). We
study the effectiveness of load balancing schemes by varying the speed skewness.

We modeled a heterogeneous system of 16 computers (2 fast and 14 slow) to study the effect

of heterogeneity. The slow computers have a relative processing rate of 1 and the relative processing
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rate of the fast computers is varied from 1 (homogeneous system) to 20 (highly heterogeneous system).
The system utilization was kept constant (p = 60%) and the mean communication time ¢ is assumed
to be 0.001 sec. In Table 3.3, we present the processing rates (u; jobs/sec) of the computers in the
systems and the total arrival rates (®) for some of the cases. C1 and C2 represent the fast computers
and C3 through C16 represent the slow computers.

Figure 3.4 shows the effect of speed skewness on the expected response time. For low skew-
ness, CCOOP behaves like the PROP. But, as the skewness increases, the performance of CCOOP
approaches to that of OPTIM which means that in highly heterogeneous systems CCOOP is very
effective.

Figure 3.5 shows the effect of speed skewness on the fairness index. It can be observed that
CCOOP has a fairness index of almost 1 over all range of speed skewness. The fairness index of

OPTIM and PROP falls from 1 at low skewness to 0.92 and 0.88 respectively at high skewness.

Table 3.3: System parameters

Speed skewness | 1 | 4 8 12 | 16 | 20
i of C1,C2 10 | 40 | 80 | 120 | 160 | 200
w; of C3-C16 10| 10 | 10 | 10 | 10 | 10
O (jobs/sec) | 96 | 132 | 180 | 228 | 276 | 324

0.3 T T T T T T T T T

Expected Response Time (sec)

2 4 6 8 10 12 14 16 18 20
Max Speed / Min Speed

Figure 3.4: Heterogeneity vs Expected Response Time
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0.8 |- CCOOP —%— -
OPTIM —&—
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Max Speed / Min Speed

Figure 3.5: Heterogeneity vs Fairness Index

3.5.3 Effect of Communication Time

In Figure 3.6, we present the effect of mean communication time (¢) on the performance of CCOOP.
The system configuration used is the same as in Table 3.1. We also implemented COOP scheme
(Grosu, Chronopoulos, and Leung 2002) for comparison. It can be observed that as t increases (from
0.001 sec to 0.01 sec), CCOOP outperforms COOP. Although the figure shows plots for only a few
values, the performance decrease of COOP compared to CCOOP is more for any value of ¢t > 0. This
is because CCOQP tries to load balance by taking the communication delays into account whereas
COOP does not.

Figure 3.7 shows the effect of communication time on the performance COOP and CCOOP
for 50% and 70% system utilizations. It can be observed that, as ¢ increases, the performance
degradation of COOP is more compared to that of CCOOP (for example, for ¢ = 0.01sec, there
is a 17% decrease in the performance of COOP at 50% system utilization when compared to that
of CCOOP). Thus, CCOOP can show significant performance improvement over COOP in highly

congested systems.

3.6 Summary

In this chapter, we presented a game theoretic approach to solve the static load balancing problem in
single-class job distributed systems where the computers are connected by a communication network.

We used a cooperative game to model the load balancing problem. Our solution is based on the
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Figure 3.6: Effect of Communication Time
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Figure 3.7: Communication Time vs Expected Response Time

NBS which provides a Pareto optimal and fair solution to the distributed system. For the proposed
cooperative load balancing game we derived an algorithm for computing the NBS. Using a computer
model, the performance of our scheme is compared with that of other existing schemes. We showed
that our CCOOP scheme is near OPTIM in terms of performance, but, unlike OPTIM, it also provides
fairness to the individual jobs.

In the next chapter, we extend the single-class job distributed system model of this chapter to
a multi-class job grid system model and propose price-based job allocation schemes for computational

grids.
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CHAPTER 4: Job Allocation Schemes for Computational Grids

4.1 Introduction

Grid computing (Foster and Kesselman 2004) is an important developing computing infrastructure
which is a conglomeration of computing resources connected by a network, to form a distributed
system used for solving complex scientific, engineering and commercial problems. This system tries
to solve these problems or applications by allocating the idle computing resources over a network
or the internet commonly known as the computational grid. These computational resources have
different owners who can be enabled by an automated negotiation mechanism by the grid controllers
and this can be viewed as a market-oriented grid (Chao, Anane, Chen, and Gatward 2002). This
market-oriented grid is concerned with a particular type of resource like the computational power or
storage for which these negotiations are made.

A job or an application usually requires the resources from more than one owner. So, these
grid computing systems should be able to assign the jobs of various users to the different owned
resources efficiently and utilize the resources of unused devices, commonly known as the automated
load balancing/job scheduling problem. The purpose of load balancing is to improve the performance

of the grid system through an appropriate distribution of the user’s application load.

4.1.1 Related Work and Our Contribution

Ghosh et al. studied price-based job allocation for mobile grid systems ((Ghosh, Roy, Basu, and
Das 2004) and references therein). However, they considered a very specialized grid system model
where the jobs arrive to a single server which then allocates them to the mobile devices. This is
a single-server many-computer scheduling algorithm. Also, jobs in their system belong to only one
class and their scheme tries to provide a system-optimal solution. So, some jobs may be charged
more price (amount that has to be paid for using the resources) for execution than others, which is
unfair. There are some studies for job allocation in multi-class job distributed systems that try to
provide fairness to the users ((Kameda, Li, Kim, and Zhang 1997; Grosu and Chronopoulos 2005)
and references therein). However, they did not include pricing in the model.

In this chapter (Penmatsa and Chronopoulos 2005), we propose two static price-based job
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allocation schemes for multi-class job grid systems. We use an existing pricing model to obtain
the prices that the grid users has to pay to the grid resource owners for using their resources. We
also assume that the jobs assigned to a computer by a grid server are processed completely by
that computer and are not transferred any further (the communication subsystem is not taken into
account). The two schemes differ in their objective. (i) The global optimal job allocation scheme we
propose tries to minimize the expected price (or cost) for the entire grid community (i.e., grid users)
to provide a system-optimal solution. The problem is formulated as a cost minimization problem.
This is an extension of a global optimal load balancing scheme for distributed systems (Kameda, Li,
Kim, and Zhang 1997). (ii) The user optimal job allocation scheme we propose tries to provide a fair
solution i.e., the expected price (or cost) for all the grid users is almost the same independent of the
computers allocated for the execution of their jobs. This is an extension of a non-cooperative load
balancing scheme for distributed systems (Grosu and Chronopoulos 2005). Each grid server (acting
on behalf of a user) tries to optimize its objective function (minimizing the price) independently of
the others and they all eventually reach an equilibrium. This situation can be viewed as a non-
cooperative game among the servers. The equilibrium is called Nash equilibrium and is obtained by
a distributed non-cooperative policy. In general, jobs from a grid user will be dealt by a local server

and so this scheme is favorable to the individual users but not to the entire system.

4.1.2 Chapter Organization

The rest of the chapter is structured as follows. In Section 4.2, we present the pricing model. In
Section 4.3, we present the grid system model and formulate the problem. In Section 4.4, we describe
our job allocation schemes and derive job allocation algorithms. The performance of the proposed

schemes is evaluated in Section 4.5. A summary of the chapter is provided in Section 4.6.

4.2 Pricing Model

A grid system is a collection of grid servers and computers (i.e., resources). These servers try to find
the resources on which the jobs from various users can be executed. The negotiation between these

two entities is formulated as an incomplete information alternating-offer non-cooperative bargaining

game in (Owen 1982; Ghosh, Roy, Basu, and Das 2004; Winoto, McCalla, and Vassileva 2002)
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with the grid servers playing on behalf of the grid users. Similar economic models based on game
theory are proposed in (Buyya, Abramson, Giddy, and Stockinger 2002). The two players (servers
and computers) have no idea of each other’s reserved valuations (Owen 1982), i.e., the maximum
offered price for the server (acting as the buyer of resource) and the minimum expected price for the
computers (acting as the seller of the resource). The server has to play an independent game with
each computer associated with it to form the price per unit resource vector, p;. So, in a system with

m servers and n computers at time ¢, we have m x n bargaining games as shown in Figure 4.1.

Grid Server Pool Computing Resource Poc

Sj — j th Grid Server
Ci — i th Computer
BGji — Bargaining Gamebetween
j th Server and i th Computer

Figure 4.1: Bargaining game mapping between the grid servers and computers

Both the players try to maximize their utility functions and so the game reduces to the case
of dividing the difference of maximum buying price offered by the grid community and minimum
selling price expected by the computers.

The bargaining protocol is as follows: One of the players starts the game. If the server starts
the game, it proposes an offer which will be much less than its own reserved valuation. If the offered
price > the computer’s standard price with highest expected surplus, then the computer accepts the
offer. Else, it makes a counter offer. If this counter offer < the server’s standard price with the
highest expected surplus, it accepts. Else the server counter offers again. This procedure continues
until an agreement is reached.

At each step, the expected surplus of each player is based on the probability of acceptance,
breakdown or counter-offer of the other player. In general, they are given by: FEzxpected Utility =

E[Surplus] = (reserved valuation of x - standard price of x)x probability(standard price) (Winoto, Mc-
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Calla, and Vassileva 2002), where x stands for the grid server or the computer, probability(standardprice)
is the probability that the standard price will be accepted by the other player as predicted by itself
and the standard price represents the different offered prices used by the players to compute their
expected surplus. Also, at each step, if an offer is rejected, then the players will update (i.e., reduce)
the probability(standardprice) which monotonically decreases as the alternatives come closer to their
reserved valuations where it is more likely to be accepted by the opponent (Larson and Sandholm
2002).

We implemented this pricing model based on the assumptions given in (Ghosh, Roy, Basu,
and Das 2004). Figures 4.2 and 4.3 show the expected surplus (profit) earned by the server and the
computer against their various offered prices with time. As the time increases, the expected surplus
gradually decreases, which makes both the players offer prices which are much closer to their reserved

valuation and which helps the game to converge.

-
IRyl
WNRO

Grid Server's Expected Surplus
o
P

1 1 1 1 1 1
(o] 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Grid Server’'s Offered Price

Figure 4.2: Expected surplus of the Grid server vs Offered prices

4.3 Grid System Model

We consider a grid system model with many servers and computers as shown in Figure 4.4. The system
has m grid servers and n computers. The grid controller acting on behalf of the grid community (which
consists of the users) assigns jobs to the grid servers from different users with a total job arrival rate
of ®. Let the job arrival rate at each server be ¢;. Hence, ® = Z;n:l ¢j. We assume that all the

arriving jobs are of the same size. Each computer is modeled as an M/M/1 queuing system (i.e.,
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Computer’s Offered Price

Figure 4.3: Expected surplus of the Computer vs Offered prices

Poisson arrivals and exponentially distributed processing times) (Kleinrock 1975) and is characterized
by its average processing rate u;, ¢ = 1,...,n. The total job arrival rate & must be less than the
aggregate processing rate of the system (i.e., ® < > " | ;). Each server j keeps track of the price per
unit resource pj; (the bargaining game is played prior to the job allocation) and the processing rate
i of the i computer. Since each grid user will have a different reserved valuation, the p;; depends
on the user on whose behalf the server j plays the game with the i** computer and so the server has

to maintain separate price vectors for each grid user.

Grid
Servers

Computers

st§Z§m

m

 Job
Assignment

Figure 4.4: Grid System Model

Based on the proposed scheme, we find the load fractions (s;;) of each server j (j = 1,...,m)

that are assigned to computer 7 (). ;s;; =1 and 0 < s;; <1,7=1,...,n) such that the expected

33



cost for all the jobs in the system or the expected cost for the local jobs of the servers is minimized.
In the following we present the notations and define the problem.

Let sj; be the fraction of workload (jobs) that server j sends to computer i. Thus, s; =
(81, 842, - - -, Sjn) denotes the workload fractions of server j and the vector s = (s, o, .. .,s,,) denotes
the load fractions of all the servers.

Since each computer is modeled as an M/M/1 queuing system, the expected response time

at computer i is given by (the model is derived from queuing theory similar to Chapter 3):

1
Fi(s) = - (4.39)
i = 25y Sji®
Thus the overall expected cost of server j is given by:
- - kipjisji
Dj;(s) = kip;is;iFi(s) = ! (4.40)
’ ; ]] ; Hi — Zk:l Ski®rk
and the overall expected cost of the system (i.e., of all the servers) is given by:
1 m
D(s) = 5 Y 6;iD;(s) (4.41)
j=1
which is equivalent to
1 o~ kipji®js;i
D(s) = — SACt (4.42)
P ]Zl 221 i = D ey Ski®k
subject to the constraints:
sjiz() izl,...,n, jzl,...,m (443)

si=1, j=1....m (4.44)

=1

m

Z sz'¢j < Mg, 1= 1, ., n (445)

Jj=1
where k; is assumed to be a constant which maps the response time to the amount of resources

consumed at node ¢ and pj; is the agreed price as a result of the bargaining game between server j
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and computer 2.

Based on the above, we propose two job allocation schemes, (i) GOSP which tries to minimize
the expected cost for all the jobs in the system (i.e., jobs at all the servers) to provide a system-
optimal solution, and (ii) NASHP which tries to minimize the expected cost of all the jobs at each
server independently of the others to provide a user-optimal (or fair) solution. We describe these two

schemes in the next section.

4.4 Price-based Job Allocation Schemes

4.4.1 Global Optimal Scheme with Pricing (GOSP)

The load fractions (s) are obtained by solving the non-linear optimization problem D(s) (eq. (4.42))
which gives the optimum expected cost of the system. To find the solution, the scheme finds the load
fractions of each server by taking into account the load on each computer due to the other server
allocations. Let uf = [ — ZZ;L]@ oy Ski®r be the available processing rate at computer ¢ as seen by

server j.

Theorem 4.4.1. Assuming that computers are ordered in decreasing order of their available pro-

cessing rates (u] > 1, > ... > ), the load fractions for server j are given by:

Sji =

(g S Sl i 1<
é; (Mz kzpjz,uzzzjzl /—kkpjk,uk) if 1 <1 < C;

0 if ¢;<i1<n

(4.46)

where ¢; is the minimum index that satisfies the inequality:

i < VEoPioie (5, i = ) (4.47)
D - BV v

Proof: In Appendix B. O

Based on the above theorem we derived the following algorithm for determining server j’s

best load fractions.
BEST-FRACTIONS (u{, . ,,u{'l, G5y Djls - Pjns k1, - k)

35



Input: Available processing rates: u{, pé, e

Total arrival rate: ¢;.

The price per unit resource vector: pji, pj2, ... Djn.
The constants vector: ki, ko, ... k.
Output: Load fractions: sji, Sjo, ... Sjn.

1. Sort the computers in decreasing order of

M> >...>—#3?—);
\/Mllﬂpjl - \/M2k2pg‘2 - — \/#nknpjin

2t — Z;L:h“g*¢j

im1 A/ mipjiki

3.while(t2¢£—i7%)do
Sjn <0
n—mn-—1
PO Y T

i1 A/ wipjiki
4. fori=1,....,ndo
Sji < ¢—1J (Mf —t ,uipjz‘ki)
The following theorem proves the correctness of this algorithm.
Theorem 4.4.2. The load fractions {s;1, sjo, . . ., Sj» } computed by the algorithm BEST-FRACTIONS,
solves the optimization problem D(s) and are the optimal fractions for server j.

Proof: In Appendix B. O

To compute the optimal load fractions of all the servers, there should be some communication
between them in order to obtain the load information from the other servers and compute the p’s.
Based on the BEST-FRACTIONS algorithm presented above, we devise the following iter-
ative algorithm where each server updates from time to time its load fractions taking into account

the existing load fractions of the other servers in a round-robin fashion.

We use the following notations:
J - the server number;

[ - the iteration number;
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sy) - the load fractions of server j computed at iteration [;

Dj(-l) - server j’s expected price at iteration [;

€ - a properly chosen acceptance tolerance;
Send(j, (p, q, r)) - send the message (p, ¢, r) to server j;

Recv(j, (p, q, 7)) - receive the message (p, ¢, r) from server j;

(where p is a real number, and ¢, r are integer numbers).
GOSP job allocation algorithm:

User j, (j =1,...,m) executes:
1. Initialization:
Sgo) «— 0;
DY « o;
[+ 0;
norm «— 1;
sum <« 0;
tag «— CONTINUE;
left =1[(j — 2)modm] + 1;
right = [jmodm] + 1;
2. while (1) do
if(j = 1) {server 1}
if (1 #0)
Recv(left, (norm, I, tag));
if (norm <€)
Send(right, (norm, I, STOP));
exit;
sum « 0;
[ —1+1;
else {the other servers}

Recv(left, (sum, [, tag));
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if (tag = STOP)
if (j # m)
Send(right, (sum, [, STOP));
exit;
fori=1,...,ndo
Obtain ug by inspecting the run queue of each computer
(uZ K — ZZ‘ZM# Skidk);
s\ < BEST-FRACTIONS (1], ..., tth, &5, ity - - - Djns ki« - o)
Compute Dj(.l);
sum «— sum + \D§l_1) - D§l)|;

Send(right, (sum, |, CONTINUE));

endwhile

This iterative algorithm can be implemented on the distributed system and can be restarted
periodically or when the system parameters are changed. Once the accepted tolerance is reached,
the servers will continue to use the same load fractions and the system operates at the optimal cost.
The running time of each iteration is O(mnlogn + mnlog(1/e€)). This Global Optimal Scheme with

Pricing (GOSP) minimizes the expected cost over all the jobs executed by the Grid system.

4.4.2 Nash Scheme with Pricing (NASHP)

We consider the NASH algorithm for load balancing in distributed systems (Grosu and Chronopoulos
2002) and modify it to include pricing. In this scheme each server tries to minimize the total cost of
its jobs independently of the others. The load fractions are obtained by formulating the problem as
a non-cooperative game among the servers. The goal of server j is to find a feasible job allocation
strategy s; such that D;(s) (eq. (4.40)) is minimized.

The best allocation strategy of server j which is the solution of (eq. (4.40)) is given by the

following theorem.

Theorem 4.4.3. Assuming that computers are ordered in decreasing order of their available pro-

cessing rates (u > pi > ... > p), the solution s; of the optimization problem Dj(s) is given
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2 (Sl —ZE S i ] << e
% (“@ P e, -

0 if ¢; <i<n

(4.48)

Sji =
where ¢; is the minimum index that satisfies the inequality:

i kc jCj Cj— 17—
/,uﬁj < Ve Dje; (i 1, A ;) (4.49)
ok A Frpieh,

Proof: Similar to that of GOSP. U

Based on the above theorem we have the BEST-REPLY algorithm similar to that of the
BEST-FRACTIONS for determining server j’s best strategy. The computation of Nash equilibrium
may require some communication between the servers. Each server updates from time to time its job
allocation strategy by computing the best response against the existing job allocation strategies of
the other servers. Based on the BEST-REPLY algorithm we devised a greedy best reply algorithm
for computing the Nash equilibrium for the non-cooperative job allocation scheme which is similar
to the GOSP job allocation algorithm by replacing the procedure call to BEST-FRACTIONS by
BEST-REPLY.

4.5 Modeling Results

We used a grid model to evaluate the performance of our GOSP and NASHP schemes. The perfor-
mance metrics used in our model are the expected response time and the fairness index. The fairness
index (Grosu and Chronopoulos 2002) (defined from the servers’ perspective),

>5m1 Gy

I(C) = W (4.50)

is used to quantify the fairness of job allocation schemes. Here the parameter C is the vector
C = (C1,0,,...,Cy) where C} is the expected cost of server j’s jobs. This index is a measure of
the ‘equality’ of servers’ total expected cost. If all the servers have the same total expected cost
then I = 1 and the system is 100% fair to all servers and it is cost-balanced. If the differences

on Cj; increase, I decreases and the job allocation scheme favors only some servers. If the cost is
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Table 4.1: System configuration

Relative p; 11231457810
#Hcomputers | 7 | 6 | 5 | 4| 3| 3| 2 2
w; (jobs/sec) | 10 | 20 | 30 | 40 | 50 | 70 | 80 | 100
k; 1234|516 7] 8

proportional to the load, then cost-balanced is also load-balanced.
We evaluated the schemes presented above under various system loads and configurations.

In the following we present and discuss the modeling results.

4.5.1 Effect of System Utilization

To study the effect of system utilization we modeled a heterogeneous system consisting of 32 comput-
ers with eight different processing rates. This system is shared by 20 servers. The price vector p; for
each server is based on the alternating offer bargaining game previously described. In Table 4.1, we
present the system configuration. The first row contains the relative processing rates of each of the
eight computer types. Here, the relative processing rate for computer C; is defined as the ratio of the
processing rate of C; to the processing rate of the slowest computer in the system. The second row
contains the number of computers in the system corresponding to each computer type. The third row
shows the processing rate of each computer type in the system. The last row shows the values for k;,
the constant which maps the response time at the computer i to the amount of resources consumed
at ¢ (Ghosh, Roy, Basu, and Das 2004).

The total job arrival rate in the system ® is determined by the system utilization p and the
aggregate processing rate of the system. System utilization (p) is defined as the ratio of the total

arrival rate to the aggregate processing rate of the system:

)

= e (451)
21:1 1%

We choose fixed values for the system utilization and determined the total job arrival rate

Figure 4.5 shows the plots for total price that the grid user has to pay as a function of system

40



0.3 T T T T T T T

0.25 - Ascending —><— -
Descending —&5—
Random —&—

Price

10 20 30 40 50 60 70 80 90
System Utilization(%6)

Figure 4.5: System Utilization vs Expected Price (or Cost)

utilization based on GOSP. The price increases with system utilization because the higher the p, the
more the load on the computers and so the higher the expected response time and the cost. Three
curves are shown corresponding to random, strictly decreasing and strictly increasing price vector
(the computers are initially numbered in decreasing order of their processing rates). The random
price vector is the one obtained by the pricing strategy described above and the corresponding curve
lies between that for the ascending and the descending price vector cases. This is because, if the faster
computers charge less (in the case of price vector in ascending order), then they will get the bulk
of the work resulting in lower overall expected response time and subsequently lower total expected
price for the grid user. Similarly, if the faster devices charge more (in the case of price vector in
descending order), then they will get fewer jobs resulting in greater overall expected response time
and subsequently greater expected price for the grid user.

In Figures 4.6 and 4.7, we present the expected response time of the system and the fairness
index for different values of system utilization (ranging from 10% to 90%).

It can be seen that for different system loads, the GOSP scheme which minimizes the cost
of the entire system performs better than the NASHP scheme where each server minimizes its own
cost. But, GOSP whose objective is to reduce the overall cost of the grid community (users) is unfair
(fairness index falls to as low as 0.68 for high system loads) whereas NASHP has a fairness index of

almost 1 for any system load, which means that it is fair to each server and thus to each user.
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Figure 4.6: System Utilization vs Expected Response Time
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Figure 4.7: System Utilization vs Fairness Index

4.5.2 Effect of Heterogeneity

In a grid, heterogeneity usually consists of: processor speed, memory and I/O. A simple way to
characterize system heterogeneity is to use the processor speed. Furthermore, it is reasonable to
assume that a computer with high speed processor will have matching resources (memory and I/0).
One of the common measures of heterogeneity is the speed skewness (Tang and Chanson 2000) which
is defined as the ratio of maximum processing rate to minimum processing rate of the grid computers.

In this section, we investigate the effectiveness of load balancing schemes by varying the
speed skewness. We modeled a system of 32 heterogeneous computers: 4 fast and 28 slow. The slow

computers have a relative processing rate of 1 and we varied the relative processing rate of the fast
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computers from 1 (which correspond to a homogeneous system) to 20 (which correspond to a highly

heterogeneous system). The system utilization was kept constant p = 60%.

0.1 T T T T T T T T T
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Figure 4.8: Heterogeneity vs Expected Price
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Figure 4.9: Heterogeneity vs Expected Response Time

Figure 4.8 shows the plots for total price that the grid user has to pay with increasing speed
skewness for three different price vectors based on GOSP. The expected price for the random price
vector lies between that for the ascending and descending price vectors for similar reasons as discussed
before. Figure 4.9 plots the overall expected response time with increasing speed skewness. The total
expected response time decreases for both the schemes with an increase in the relative processing
speed of the fast computers and GOSP performs better than the NASHP at all times and at high

skewness, both perform equally well.

43



4.6 Summary

In this chapter, we proposed two price-based job allocation schemes for multi-class job grid systems.
These schemes are formulated as a constraint minimization problem and as a non-cooperative game
respectively. Two algorithms to compute the optimal load (job) fractions for the grid servers are
presented. The first scheme (GOSP) tries to minimize the expected cost for the entire grid system
and so it is advantageous when the system optimum is required. However, it is not fair to the servers
and so to the users (because, the servers act on behalf of the users). The second scheme (NASHP)
tries to minimize the expected cost for each server. This is fair to the servers and therefore it is fair
to the users.

In the next chapter, we extend the multi-class job grid system model considered in this chap-
ter to include the communication subsystem and propose a price-based user-optimal job allocation

scheme.
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CHAPTER 5: Job Allocation Scheme for Computational Grids with

Communication Costs

5.1 Introduction

A Grid (Foster and Kesselman 2004) is a distributed computing infrastructure which uses the re-
sources of many independent computers connected by a network to solve large-scale computation
problems. It can also be viewed as a collection of clusters where the computers in a cluster are
connected by a fast local area network. The grid controllers try to solve the computational problems
of the grid users by allocating them to the idle computing resources. These resources which may have

different owners can be enabled by an automated negotiation mechanism by the grid controllers.

5.1.1 Related Work and Our Contribution

Past game theory and other related works on job allocation and load balancing in general distributed
systems and also in grid systems can be found in ((Ghosh, Roy, Basu, and Das 2004; Penmatsa and
Chronopoulos 2005; Kwok, Song, and Hwang 2005; Ghosh, Basu, and Das 2005; Grosu and Das 2004;
Yu and Robertazzi 2003; Inoie, Kameda, and Touati 2004; Altman, Kameda, and Hosokawa 2002)
and references there in). However, these works did not take the communication-subsystem or fairness-
to-the-users into account. In this chapter (Penmatsa and Chronopoulos 2006b), we consider a grid
model where the computers are connected by a communication network. Prior to any job scheduling,
the grid controllers submit the users jobs to the various computers based on their resource availability.
Then, job scheduling is achieved by transferring some jobs from a heavily loaded computer to a lightly
loaded one.

Here, we propose a price-based job allocation scheme whose objective is to minimize the
cost of the individual grid users. Since the grid controllers act on behalf of the grid users, we use
the term ‘grid user’ instead of ‘grid controller’ to avoid ambiguity. The scheme is formulated as a
non-cooperative game among the grid users who try to minimize the expected cost of their own jobs.
The main goal of our job allocation scheme is to provide fairness to all the users, i.e., all the users

should have the same expected cost independent of the allocated computer.
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5.1.2 Pricing Model

In a grid system, to allocate a job to a resource, an agreement should be made between the grid
user and the resource owner. We use a pricing model based on the bargaining game theory to obtain
the prices charged by the resource owners (computers) (Ghosh, Roy, Basu, and Das 2004). Similar
economic models are studied in (Buyya, Abramson, Giddy, and Stockinger 2002; Winoto, McCalla,
and Vassileva 2002; Larson and Sandholm 2002; Osborne and Rubinstein 1990; Buyya, Abramson,
and Venugopal 2005; Buyya, Murshed, Abramson, and Venugopal 2005). The two players (users and
computers) negotiate until an agreement is reached. Each user has to play an independent game with
each computer to obtain its price per unit resource on that computer. We implemented this pricing

model and used the prices obtained for job allocation.

5.1.3 Chapter Organization

The rest of the chapter is organized as follows. In Section 5.2, we present the grid system model.
In Section 5.3, we formulate the job allocation problem as a non-cooperative game among the grid
users. In Section 5.4, the performance of our user-optimal job allocation scheme is compared with
a system-optimal job allocation scheme by modeling a grid system. A summary of the chapter is

provided in Section 5.5.

5.2 Grid System Model

We consider a grid system model as shown in Figure 5.1. The system has n nodes (computers)
connected by a communication network and is shared by m users. The nodes could be either single
computers or clusters (of several computers). The nodes and the communication network are assumed
to be product-form queuing network models (Jain 1991). In the following, we use 'computer’ and
'node’ interchangeably. The terminology and assumptions used similar to (Kim and Kameda 1990)

are as follows:
° ¢g : Job arrival rate of user j to computer .
e ¢’ : Total job arrival rate of user j.
o W = Z?:l d
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e ® : Total job arrival rate of the system. All the jobs in the system are assumed to be of the
same size.

e O =3T" ¢

e 4i; : Service rate of computer 1.

e 3/ : Job processing rate (load) of user j at computer i.

L4 ﬁZ: [ ila Eavﬁzm]T?ﬂ: [ﬁlaﬁ??"%ﬁn]T'

BE = (88,85, . BT

2l : Job flow rate of user j from computer 7 to computer s.

e )\ : Job traffic through the network of user j.

N\ n oy — [)1 )2 m|T
)\J - ZT‘:]. Zs:l xis’ A - [)\ 7)\ AR 7>\ ] M
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Figure 5.1: Grid System Model

A job arriving at node ¢ may be either processed (locally) at node i or transferred to a neigh-
boring node j through the communication network. We assume that a job can only be transferred
once (i.e., if it is transferred to node j, then it will be processed locally at node j). The decision of
transferring a job does not depend on the state of the system and hence is static in nature. If a node

i sends (receives) jobs to (from) node j, node j does not send (receive) jobs to (from) node i.

For each user j, nodes are classified into the following as in (Kim and Kameda 1990):
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Idle source (Ré): does not process any user j jobs (5 = 0).

Active source (RY): processes some of the user j jobs that arrive and it sends the remaining

user j jobs to other nodes. But, it does not receive any user j jobs from other nodes.

Neutral (N7): processes user j jobs locally without sending or receiving user j jobs.

Sink (S57): only receives user j jobs from other nodes but it does not send out any user j jobs.

Assuming that each computer is modeled as an M/M/1 queuing system (Kleinrock 1975),
the expected node delay (queuing delay + processing delay) of an user j job processed at computer

i is given by (the model is derived from queuing theory similar to Chapter 3):

1
(pi — Z};”:l @k)

HENE (5.52)

We assume that the expected communication delay of a job from node r to node s is inde-
pendent of the source-destination pair (r, s) but may depend on the total traffic through the network
denoted by A where \ = E;”:l N. Modeling the communication network as an M/M/1 queuing

system (Kleinrock 1975), the expected communication delay of an user j (j = 1,...,m) job is given

by (the model is derived from queuing theory similar to Chapter 3):

GI(N) = D> A< % (5.53)

t
-t ) &

where t is the mean communication time for sending and receiving a job form one computer to the
other for any user. Note that FY(/;) and G7()\) are increasing positive functions.

The network traffic of user j can be expressed in terms of the variable ﬁf as:
V=13 16— g (554
2 — (2 (2

Assuming that the nodes and the communication network have been expressed in the
product-form of queuing network models (Jain 1991), the overall expected response time of user

7 can be written as the sum of the expected node delay and the expected communication delay as
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follows (Kim and Kameda 1992):

WZ&J (B:) + ¢JGJ<A) (5.55)

1 ¢ B! At
Ty Z - 5.56
5 e L T ) (5.50

Let k; be a constant which maps the response time to the amount of resources consumed at
computer ¢ and let k. be a constant which maps the communication delay to the amount of resources
consumed from the communication network. We assume that the price the users have to pay for
consuming a unit resource of the network is constant for all the users and denote it by p..

Thus, the overall expected cost of user j is given by:

: 1 ¢ kipl B kepet N
D’ E— ik : 5.57
D=5 2 s e e (557

5.3 Non-cooperative Game among the Users

In this section, we formulate the job allocation problem as a non-cooperative game among the users.
We use the game theory terminology introduced in (Grosu and Chronopoulos 2005). Each user j
(j = 1,...,m) must find the workload (ﬁf ) that is assigned to computer i such that the expected
price of his own jobs (D7((3)) is minimized. The vector 37 = [, 3}, ..., 3] is called the job allocation
strategy of user j (j = 1,...,m) and the vector 3* = [3*, 3%,...,3™] is called the strategy profile of
the job allocation game. The strategy of user j depends on the job allocation strategies of the other
users.

The assumptions for the existence of a feasible strategy profile are as follows:
(i) Positivity: 57 >0,i=1,....n,j=1,....m;
(i) Conservation: Sr_ Bl =¢/, j=1,...,m
(ili) Stabality: > 7, Bl <y i=1,... n;

A Non-cooperative job allocation game consists of a set of players, a set of strategies, and

preferences over the set of strategy profiles:
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(i) Players: The m users.
(ii) Strategies: Each user’s set of feasible job allocation strategies.

(iii) Preferences: Each user’s preferences are represented by its expected price (D7). Each user j

prefers the strategy profile #* to the strategy profile 8 if and only if DJ(3*) < Di(3*).

We need to solve the above game for our job allocation scheme. A solution can be obtained

at the Nash equilibrium (Fudenberg and Tirole 1994) which is defined as follows.

Definition 5.3.1. (Nash equilibrium): A Nash equilibrium of the job allocation game defined

above is a strategy profile 5* such that for every user j (j =1,...,m):

# € argmin D/(BY,...,,..., ™) (5.58)
B3I

At the Nash equilibrium, a user j cannot further decrease its expected price by choosing a
different job allocation strategy when the other users strategies are fixed. The equilibrium strategy
profile can be found when each user’s job allocation strategy is a best response to the other users
strategies.

The best response for user j, is a solution to the following optimization problem (BRY):

r%ijn DY () (5.59)

subject to the constraints:
Bl >0, di=1,...,n (5.60)
Zgg = ¢/ (5.61)
i=1

Bl <m,  i=1...n (5.62)
j=1

Remark 5.3.1. In finding the solution to BR7, the strategies of all the other users are kept fixed

and so the variables in BR’ are the workloads of user j, i.e., 37 = ( {, ﬁg, B,
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In order to solve the optimization problem in eq. (5.59), we define the following functions:

) = Ll 8 (3] =

g} (1l — )’
where ,ug = Wi — Z?:l,k;ﬁj By
kcpctg j
J — Jy

where g_j = (1 =t AF).

J kipl il : kip!

N (] — /=), if o> =+
) Bly)={ " " "7 ﬁ
0. if o < bl

K

(5.63)

(5.64)

(5.65)

The best response strategy of user j, which is the solution of BR?, is given in the following

theorem.

Theorem 5.3.1. The solution to the optimization problem BR’ satisfies the relations

fB)=al+¢7(\), Bl =0 (ieR),

AB)=al+g(\), 0<pl <¢l (i€R)),

ol + g (\) > f1(B) > ad, Bl=¢] (i€ N,
£ (B) =d, B>l (i€ S8,

subject to the total flow constraint,

>N Bl + 2+ 2D i) =

1€87 IS i€R)
where o is the Lagrange multiplier.

Proof: In Appendix C.

Since it is not possible to obtain a closed form solution for o/ from eq.

binary search to solve eq. (5.67) iteratively for o/ similar to (Kim and Kameda 1990).

(5.66)

(5.67)

O

(5.67), we use a
Also, the

following properties which are true in the optimal solution can be derived from Theorem 5.3.1 and
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their proofs are similar to those in (Kim and Kameda 1990).

Property 5.3.1.
F(Blyg) 2 0l + P (N, iff F =0,
FBilgi—g) > a7 + g (\) > f1(Bilyy), i 0< 5] <d],
ol < f(Bilgiy) <o/ + g (N), iff 5] =¢]
ol > fl(Bilg_y), if B> 6]
Property 5.3.2. If 37 is an optimal solution to the problem in eq. (5.59), then we have
=0, i€R),
B = () (Blywrgen) i€ R
Bl=el, ieN,
B =) Bly—a), i€
Property 5.3.3. If 37 is an optimal solution to the problem in eq. (5.59), then we have \J = )\fg = )\]é,
where
Xy = ziesj[<f5>‘1<@|w> - 4]l
)‘ga = ZieRg ¢3 + ZieRﬁ; [¢f - (fz]) (ﬁz‘ j—a]+gj()\s))]

Remark 5.3.2. The conditions in Property 5.3.1 help to partition the nodes into one of the four
categories mentioned above for user j. Once the node partition for user j is known, his optimal loads
can be calculated based on Property 5.3.2 Property 5.3.3 states that the job flow out of the sources

equals the job flow into the sinks for each user j.

Based on the above properties, we can have the following definitions (egs. (5.68) - (5.71))

for an arbitrary o/ (> 0).

S9(ad) = {il ] (Bil yy—gp) < o'} (5.68)

M(od) = 37 1) (Bily—as) — 1) (5.69)
1€57(ad)

Rﬁ(aj) = {z|ff(ﬁz|53:0) > ol + gj(>\|,\j:>\g(aj))} (5.70)

R (o) = {ilf] (Bil y_yp) > & + ¢ (N yimyi (o)) > F (Bil gio)}

M) = D= i+ Y 18 = () (Bilyr—arror

— Aj:,\fg(aj))
’LERJ (ad) i€ER? (ad)
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N () = {ilo? < F(Bily_yp) < & + 9 (Mg o)} (5.71)

Thus, if an optimal o/ is given, the node partitions in the optimal solution are characterized as
R} = Rj(e), B = Ri(e), N7 = N'(a?),

ST =57 (a) (5.72)

and

N =X =\, = M(a?) = Ny (o) (5.73)
In the following, we present an algorithm for determining user j’s best response strategy:

BEST-RESPONSE algorithm:
Input: &L BN e s K R
Output: 3.
1. Inttialization:
Bl —¢liieN;i=1,...,n
2. Sort the computers such that
ABrlgizg) <+ < FilBalgizg)
If ] (Bilgi—p) + ¢/ (Alxizo) 2 fi(Bul =)
STOP (No load balancing is required).
3. Determine o (using a binary search):
a — f(Bil gi_y)
b fi(Bnlgi_g1)
while(1) do
A (ad) « 0
Ny(a?) 0
al — “T'H’
Calculate: S7(ad), M(a?), R)(a?),
Ri(a?), and N, (ad) (eqs. (5.68) - (5.71))

in the order given for i =1,....,n
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If (M (a?) — My(a?)| < €) EXIT
If (X(0f) > Xj(a))
b a’
else
a — o
4. Determine user j’s loads on the computers:
Bl —0, forie Ri(a)
B~ (1) (Bl s go ) for i € Ri(ad)
B — (1)) (Bilgy_n), fori€ $i(ad)
B —¢l, forie Ni(al) (eq. (5.71))

Remark 5.3.3. The running time of this algorithm is O(nlogn + nlog1/e), where € denotes the

tolerance used for computing o in step 3 of the algorithm.

In order to obtain the equilibrium allocation, we need an iterative algorithm where each
user updates his strategies (by computing his best response) periodically by fixing the other users
startegies. We can set a virtual ring topology of the users to communicate and iteratively apply the
BEST-RESPONSE algorithm to compute the Nash equilibrium similar to (Grosu and Chronopoulos
2005).

In the following, we present the iterative algorithm (NASHPC) for computing the Nash
equilibrium for our non-cooperative job allocation game. One of the users can initiate the algorithm
(initiating user) who calculates his initial strategies by fixing the other users startegies to zero. An
iteration is said to be complete if this initiating user receives a message from his left neighbor. He
then checks if the error norm is less than a tolerance in which case he sends a terminating message

to his right neighbor to be propagated around the ring.

NASHPC distributed job allocation algorithm:

Each user 7, 7 = 1,...,m in the ring performs the following steps in each iteration:

1. Receive the current strategies of all the other users from the left neighbor.

2. If the message is a termination message, then pass the termination message to the right neighbor
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and EXIT.
3. Update the strategies (37) by calling the BEST-RESPONSE
4. Calculate D7 (eq. (5.57)) and update the error norm.

5. Send the updated strategies and the error norm to the right neighbor.

This algorithm can be restarted periodically or when the system parameters are changed.
Users will use the strategies that are computed (at the Nash equilibrium) and the system remains in

equilibrium.

5.4 Modeling Results

We run a computer model to study the impact of system utilization and heterogeneity on the per-
formance of the NASHPC scheme. We also implemented the following job allocation scheme for

comparison purposes:

e Global Optimal Scheme with Pricing and Communication (GOSPC) : This scheme minimizes
the expected cost over all the jobs executed by the grid cluster. This is an extension of the overall
optimal scheme (Kim and Kameda 1990) in the multi-class environment to include pricing. The

loads (@] ) for each user are obtained by solving the following non-linear optimization problem:

min D( Z Z keipl B F (B:) + kepeN GT (V)] (5.74)

jlll

subject to the constraints:

dpl=¢ j=1..m (5.75)
i=1
gl>0,  i=1,...,n;j=1,...,m (5.76)

The performance metrics used in our model are the expected response time and the fairness

index (Jain 1991). The fairness index (defined from the users’ perspective),

D25 Gl

I(C) = e’ ZTZI c?

(5.77)
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Table 5.1: System configuration

Relative service rate 1121] 5] 10
Number of computers | 6 | 5 | 3 2
Service rate (jobs/sec) | 10 | 20 | 50 | 100
k; 11213 4

is used to quantify the fairness of job allocation schemes. The parameter C is the vector C =
(C1,Cy, ..., Cy,) where C; is the expected cost of user j’s jobs. If all the users have the same total
expected price, then I = 1 and the system is 100% fair to all users and it is cost-balanced. If I
decreases, then the job allocation scheme favors only some users. In the following we present and

discuss the modeling results.

5.4.1 Effect of System Utilization

System utilization (p) represents the amount of load on the system. It is defined as the ratio of the

total arrival rate to the aggregate service rate of the system:

)

p==— (5.78)
Z¢:1 Mg

We modeled a heterogeneous system consisting of 16 computers to study the effect of system
utilization. The system has computers with four different service rates and is shared by 10 users.
The system configuration is shown in Table 5.1. The first row contains the relative service rates of
each of the four computer types. The relative service rate for computer C; is defined as the ratio
of the service rate of C; to the service rate of the slowest computer in the system. The second row
contains the number of computers in the system corresponding to each computer type. The third
row shows the service rate of each computer type in the system. The last row shows the values for
k;. Tt is assigned based on the service rate of the computer (Ghosh, Roy, Basu, and Das 2004). The
price vector p/ for each user is obtained based on the alternating offer bargaining game described in
section I. k. and p. are assumed to be 1 in all the following model demonstrations.

The total job arrival rate in the system & is determined by the system utilization p and

the aggregate service rate of the system. The total job arrival rate ® is chosen by fixing the system
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utilization. The job arrival rate for each user ¢/,j = 1,...,10 is determined from the total arrival
rate as ¢/ = ¢/®, where the fractions ¢’ are given in Table 5.2. The job arrival rates of each user j,
7 =1,...,10 to each computer i, : = 1,...,16, i.e., the ¢g’s are obtained in a similar manner. The

mean communication time ¢ is assumed to be 0.001 sec.

Table 5.2: Job arrival fractions ¢’ for each user

User | 1 2 36| 7 |&I10
¢ 0.310.2]0.11]0.07|0.01

In Figure 5.2, we present the expected response time of the system for different values of
system utilization ranging from 10% to 90%. It can be observed that the performance of the NASHPC
scheme which minimizes the cost of each user is very close to that of GOSPC which minimizes the
cost of the entire system.

Figure 5.3 shows the fairness index for different values of system utilization. The fairness
index of GOSPC varies from 1 at low load, to 0.95 at high load. The NASHPC scheme has a fairness
index close to 1 and each user obtains the minimum possible expected price for its own jobs (i.e., it
is user-optimal). So, GOSPC scheme whose objective is to reduce the overall cost of the grid cluster

is unfair whereas NASHPC is fair to each user.

0.3 T T T T T T T

Expected Response Time (sec)

10 20 30 40 50 60 70 80 90
System Utilization (%)

Figure 5.2: System Utilization vs Expected Response Time
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Figure 5.3: System Utilization vs Fairness Index
5.4.2 Effect of Heterogeneity

Here we study the effect of heterogeneity on the performance of our job allocation scheme. One
of the common measures of heterogeneity is the speed skewness (Tang and Chanson 2000) which is
defined as the ratio of maximum service rate to minimum service rate of the grid computers. The
effectiveness of NASHPC is studied by varying the speed skewness.

We modeled a heterogeneous system consisting of 16 computers (2 fast and 14 slow) to study
the effect of heterogeneity. The slow computers have a relative service rate of 1 and the relative service
rate of the fast computers is varied from 1 (homogeneous system) to 20 (highly heterogeneous system).
The system utilization was kept constant (p = 60%) and the mean communication time ¢ is assumed
to be 0.001 sec. In Table 5.3, we present the service rates (u; jobs/sec) of the computers in the
systems and the total arrival rates (®) for some of the cases. C1 and C2 represent the fast computers
and C3 through C16 represent the slow computers. The fractions used to determine the job arrival

rate of each user are those presented in Table 5.2.

Table 5.3: System parameters

Speed skewness | 1 4 8 12 | 16 | 20
w; of C1,C2 10 | 40 | 80 | 120 | 160 | 200
i of C3-C16 10| 10 | 10 | 10 | 10 | 10
® (jobs/sec) 96 | 132 | 180 | 228 | 276 | 324

Figure 5.4 shows the effect of speed skewness on the expected response time of the two
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schemes. It can be observed that, increasing the speed skewness, the NASHPC and GOSPC schemes
yield almost the same expected response time which means that in highly heterogeneous grid systems
the NASHPC scheme is very effective.

From Figure 5.5, it can be observed that the fairness index of NASHPC is very close to 1.
The fairness index of GOSPC drops from 1 at low skewness to 0.46 at high skewness. This shows
that the GOSPC scheme produces an allocation which does not guarantee equal expected price for
all the users in the grid cluster. The performance of NASHPC scheme is close to that of GOSPC
with the additional advantage of user-optimality.

0.25 T T T T T T T T T

p:

0.2

Expected Response Time (sec)

2 4 6 8 10 12 14 16 18 20
Max Speed / Min Speed

Figure 5.4: Heterogeneity vs Expected Response Time

Fairness Index |

0.4 1 1 1 1 1 1 1 1 1

2 4 6 8 10 12 14 16 18 20
Max Speed / Min Speed

Figure 5.5: Heterogeneity vs Fairness Index
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5.5 Summary

In this chapter, we proposed a price-based user-optimal job allocation scheme for grid systems. The
nodes in the system are connected by a communication network. The job allocation problem is
formulated as a non-cooperative game among the users whose objective is to minimize the expected
cost of their own jobs. We used the Nash equilibrium as the solution of our game and proposed
an algorithm to compute the load allocation of the users at the equilibrium. We ran a grid model
with various system loads and configurations and compared our scheme (NASHPC) with an overall
optimal scheme (GOSPC). Based on the model results, we observed that the performance of the
NASHPC scheme is not only comparable with that of GOSPC in terms of the expected response
time, but also provides an allocation which is fair (in terms of cost) to all the grid users.

In the next chapter, we extend the two static schemes, NASHPC and GOSPC, to dynamic

load balancing schemes for multi-user job distributed systems.
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CHAPTER 6: Dynamic Load Balancing in Distributed Systems

6.1 Introduction

Load balancing is one of the most important problems in attaining high performance in distributed
systems which may consist of many heterogeneous resources connected via one or more communication
networks. In these distributed systems it is possible for some computers to experience heavy load
while others experience light load. This situation can lead to poor overall system performance. The
goal of load balancing is to improve the performance of the system by balancing the load among the
computers.

The load balancing schemes can be either static or dynamic (Shivaratri, Krueger, and Singhal
1992). The static schemes either do not use any system information or use only the average system
behavior whereas the dynamic schemes consider instantaneous system states in the job allocation
calculations. Also, jobs in a distributed system can be divided into different classes (multi-class or

multi-user) based on their resource usage characteristics and ownership.

6.1.1 Related Work

There are many studies on static load balancing for single-user (single-class) and multi-user jobs
that provide system-optimal solution ((Kameda, Li, Kim, and Zhang 1997; Tang and Chanson 2000;
Tantawi and Towsley 1985; Li and Kameda 1994; Lee 1995) and references therein). These schemes
determine a load allocation to obtain a system-wide optimal expected response time but the fairness
of allocation to the individual jobs or users is not considered i.e., some jobs or users may experience
much longer expected response time than others.

Few studies exist on static load balancing that provide individual-optimal and user-optimal
solutions which are based on game theory. Individual and user-optimal policies for an infinite number
of jobs or users based on non-cooperative games using Wardrop equilibrium are studied in (Kameda,
Li, Kim, and Zhang 1997). Individual-optimal policies for finite jobs based on cooperative game
theory are studied in (Grosu, Chronopoulos, and Leung 2002; Penmatsa and Chronopoulos 2006a).
User-optimal policies based on Nash equilibrium are studied in (Grosu and Chronopoulos 2005; Pen-

matsa and Chronopoulos 2005; Penmatsa and Chronopoulos 2006b) for finite number of users. Non-
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cooperative game theory was also used to model grid systems (Kwok, Hwang, and Song 2007; Ghosh,
Roy, Das, and Basu 2005) and for price-based job allocation in distributed systems (Ghosh, Basu,
and Das 2007).

Many dynamic load balancing policies exist ((Shivaratri, Krueger, and Singhal 1992; El-
Zoghdy, Kameda, and Li 2002; Anand, Ghose, and Mani 1999; Zeng and Veeravalli 2006; Zeng
and Bharadwaj 2004; Cai, Lee, Heng, and Zhu 1997; Mitzenmacher 1997; Hui and Chanson 1999;
Kulkarni and Sengupta 2000; Han, Shin, and Yun 2000) and references therein). Kameda et al.
(Zhang, Kameda, and Hung 1997) studied dynamic load balancing for single-class jobs to provide
system-optimal and individual-optimal solutions. Their dynamic scheme, which tries to provide an
individual-optimum solution, is based on a static individual-optimum scheme (Kameda, Li, Kim, and

Zhang 1997), which uses the Wardrop equilibrium as the solution.

6.1.2 Owur Contribution

Most of the above dynamic policies are for single-class jobs and their main objective is to minimize
the expected response time of the entire system. However, in this case some individual user jobs
experience much longer expected response time than other user jobs. This may not be acceptable in
current distributed systems, where the users have requirements for fast job execution. In this chapter
(Penmatsa and Chronopoulos 2007) we propose two dynamic load balancing schemes for multi-user
jobs in heterogeneous distributed systems. The computers in the distributed system are connected
by a communication network. We review two existing static load balancing schemes and extend them
to dynamic schemes. These two existing load balancing schemes differ in their objective. (i) The first
scheme, GOS (Kameda, Li, Kim, and Zhang 1997) tries to minimize the expected response time of
the entire system. (ii) The second scheme, NCOOPC tries to minimize the expected response time
of the individual users (to provide a user-optimal solution). We base our dynamic schemes, DGOS
and DNCOOPC, on the static schemes (i) and (ii) respectively. DGOS tries to dynamically balance
the load among the computers to obtain a system-optimal solution but may not be fair to the users.
DNCOOPC tries to dynamically balance the load among the computers to obtain a user-optimal
solution. This solution provides fairness to all the users so that they all have approximately the same

expected response time independent of the computers allocated for their jobs. The performance of the
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dynamic schemes is compared with that of the static schemes by running a computer model under
various system conditions. The results show that, at low communication overheads, the dynamic
schemes show superior performance over the static schemes. But as the overheads increase, the

dynamic schemes tend to perform similar to that of the static schemes.

6.1.3 Chapter Organization

The rest of the chapter is organized as follows. In Section 6.2, we present the system model. In
Section 6.3, we review the two static load balancing schemes based on which the dynamic schemes
are proposed in Section 6.4. The performance of the dynamic schemes is compared with that of the
static schemes using computer modeling in Section 6.5. A summary of the chapter is provided in

Section 6.6.

6.2 Distributed System Model

We consider a distributed system model as shown in Figure 6.1. The system has ‘n’ nodes connected
by a communication network. The nodes and the communication network are modeled as M/M/1
queuing systems (i.e., Poisson arrivals and exponentially distributed processing times) (Jain 1991).

Jobs arriving at each node may belong to ‘m’ different users (classes).

The terminology, notations and assumptions used are as follows:

a! : Mean inter-arrival time of a user j job to node i.

° ¢f : Mean job arrival rate of user j to node i (gbf = a%)

e ¢’ : Total job arrival rate of user j.

o ¢ = Z?:l d

e & : Total job arrival rate of the system.
e & =37 ¢

e 7; : Mean service time of a job at node 1.

e 1; : Mean service rate of node i (y; = Tl)
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e 3/ : Job processing rate (load) of user j at node i.

o 3 =1[BH 032, ...,8™7, is the vector of loads at node i from users 1,...,m.
o 3=[B1,0,...,3:]", is the load vector of all nodes ¢ = 1,...,n (from all users 1,...,m).
o Bk =Bk B ... BK]T, is the vector of loads of user k to nodes 1,..., n.

e z/_: Job flow rate of user j from node r to node s.

e )\ : Job traffic through the network of user j.

o N =30 D s

o A=A AT A= Z;”Zl M.

° Nij : Mean number of jobs of user j at node 1.

° ni : Number of jobs of user j at node i at a given instant.

e P : Time period for the exchange of job count of each user by all the nodes.

e P1: Time period for the exchange of arrival rates of each user by all the nodes.

e {: Mean communication time for sending or receiving a job from one node to another for any

user.
e p: Mean utilization of the communication network (p =13 7"  \¥).
e p~7: Mean utilization of the communication network excluding user j traffic (o7 = ¢>7)" | MF).

e Jobs arriving from various users to a node differ in their arrival rates but have the same

processing time (i.e., all the jobs are assumed to be of the same size).

6.3 Static Load Balancing

In this section, we study two static load balancing schemes based on which two dynamic load balancing
schemes are derived in the next section. These static schemes are also used for comparison in Section

6.5 to evaluate the performance of the dynamic schemes.

64



node 1 node 2 noden

Communication Network

Figure 6.1: Distributed System Model

Following are the assumptions for static load balancing, similar to (Kameda, Li, Kim, and
Zhang 1997). A job arriving at node ¢ may be either processed at node ¢ or transferred to another
node d for remote processing through the communication network. A job can only be transferred at
most once. The decision of transferring a job does not depend on the state of the system and hence
is static in nature. If a node ¢ sends (receives) jobs to (from) node d, node d does not send (receive)
jobs to (from) node c.

For each user j, nodes are classified into the following as in (Kameda, Li, Kim, and Zhang

1997):

Idle source (R)): does not process any user j jobs (3] = 0).

Active source (R!): processes some of the user j jobs that arrive and it sends the remaining

user j jobs to other nodes. But, it does not receive any user j jobs from other nodes.

Neutral (N7): processes user j jobs locally without sending or receiving user j jobs.

Sink (S57): only receives user j jobs from other nodes but it does not send out any user j jobs.

The expected response time of a user j job processed at node i (queuing delay + processing
time) is denoted by F?(8;). The expected communication delay of a user j job from node ¢ to node
d is denoted by G’()) and it is assumed to be independent of the source-destination pair (c,d) but
it may depend on the total traffic through the network, .

Based on our assumptions on the node and the network models in the previous section, we

have the following relations for the node and communication delays (Jain 1991) (the model is derived
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from queuing theory similar to Chapter 3):

JaY — 1
B = s (6.79)
GI(\) = t ; AP L 6.80
Vs 2N (0:50)

6.3.1 Global Optimal Scheme (GOS)

This static load balancing scheme is proposed and studied in (Kameda, Li, Kim, and Zhang 1997).
It minimizes the expected job response time of the entire system. The problem of minimizing the
entire system expected job response time is expressed as (the nodes and the communication network

are assumed to have the product-form of queuing network models (Jain 1991))

1 & L
' = IGI I (3,
min D(6) = - ;[A G(A) + ;/5@ F (8)] (6.:81)
subject to the constraints:
Yopl=¢ j=1..m (6.82)
i=1
G >0, i=1,...,mj=1,...,m (6.83)

The above nonlinear optimization problem is solved by using the Kuhn-Tucker theorem and
an algorithm to compute the optimal loads (ﬁf ) is presented in (Kameda, Li, Kim, and Zhang 1997).

The user j marginal node delay f/(3;) and marginal communication delay ¢7()\) are defined

as
i(6,) = kR (B;) = a 6.84
) = 55 3 AR = G .
g0y =2 zm: MGHE(N) = L (6.85)
o 2 (U

where FFF(3;) denotes the mean number of user k jobs in node i and A*G*()\) denotes the mean

number of user k jobs in the communication network.
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6.3.2 Non-cooperative Scheme (NCOOPC)

Here, we review a static load balancing scheme whose goal is to minimize the expected job response
time of the individual users (i.e., to obtain a user-optimal solution). This problem is formulated,
taking into account the users mean node delays (queuing and processing delays) and the mean
communication delays, as a non-cooperative game among the users.

This non-cooperative approach for multi-user job allocation with communication and pricing
(NASHPC) for grid systems was studied in Chapter 5. The grid users try to minimize the expected
cost of their own jobs. The problem was formulated as a non-cooperative game among the grid
users and the Nash equilibrium provides the solution. Here, we are interested in the load balancing
algorithm for multi-user jobs without pricing. Therefore, we take k; = 1 (i = 1,...,n); p] =1
(t=1,...,n,j=1,...,m); and k. = p. = 1 in the following objective function of Chapter 5 which

denotes the overall expected cost of user j:

y kepet N 1 kipl 37

Obj’ (B) = — — — L (6.86)
(L=t A" ¢] ; = >k BF)

Then, we obtain a non-cooperative load balancing game where the users try to minimize the expected

response time of their own jobs.

Each user j (j = 1,...,m) must find his workload (/) that is assigned to node i (i =

1,...,n) such that the expected response time of his own jobs (D?((3)) is minimized, where
, 1
DI(B) = =NG'N)+ Y BF = [ + ] (6.87)
¢ Z (1_t2k P A ; Zk L BF)

Each user minimizes his own expected response time independently of the others and they all even-
tually reach an equilibrium. We use the concept of Nash equilibrium (Fudenberg and Tirole 1994)
as the solution of this non-cooperative game. At the equilibrium, a user cannot decrease his own
expected response time any further by changing his decision alone.

The vector 57 = [37, 33, ..., 37] is called the load balancing strategy of user j (j = 1,...,m)
and the vector 3* = [3', 3?,..., ™| is called the strategy profile of the load balancing game. The
strategy of user j depends on the load balancing strategies of the other users.

At the Nash equilibrium, a user j cannot further decrease his expected response time by
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choosing a different load balancing strategy when the other users strategies are fixed. The equilibrium
strategy profile can be found when each user’s load balancing strategy is a best response to the other
users strategies.

The best response for user j, is a solution to the following optimization problem:

n%gn D’(B3) (6.88)

subject to the following constraints for the existence of a feasible strategy profile:

Bl >0, di=1,...,n (6.89)
d Bl=¢ (6.90)
=1

d Bl <m,  i=1...n (6.91)
j=1

We define the following functions for each user j:

PRy i i 2y (,ui - Z;enzl,k;éj ﬁzk)
~j _ 0 G i . t(l - tZ?zl,k¢j )\k)
(W =5, a2

) Bl ys) = 1 (6.94)
0, if v < u%

The solution to the optimization problem in eq. (6.88) is given in the following theorem
which is similar to Theorem 5.3.1 in Chapter 5 where the f/(3;) and ¢7()\) in Theorem 5.3.1 of

Chapter 5 are replaced by the above egs. f7(5;) and §7(\) (egs. (6.92) and (6.93)).
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Theorem 6.3.1. The solution to the optimization problem in eq. (6.88) satisfies the relations

FB)=al+§(N), B =0 (ieR),
FB)y=al+¢@(N), 0<pl<¢l (ieR),
o+ G\ = fl(B) =l Bl=¢ (i€ NI
F(B) = o, B >¢l (ies),

(6.95)

subject to the total flow constraint,

S Gy + D08+ D) Bilyrarai) = (6.96)

1€87 1ENI :
where o is the Lagrange multiplier.

Proof: Similar to Theorem 5.3.1 in Chapter 5. OJ

The o’ is used as the Lagrange multiplier which categorizes the nodes for each user j into
sets of Active source nodes (R (a?)), Idle source nodes (R}(a?)), Neutral nodes (N7(a?)) and Sink
nodes (S7(af)). The M (a?) denotes the network traffic of user j because of jobs sent by the set of
Active and Idle source nodes as determined by o’ and )\g;{(aj ) is the network traffic of user j because
of jobs received by the set of Sink nodes as determined by o.

The best response of user j (j =1,...,m) can be determined using the following algorithm:

BEST-RESPONSE algorithm:
Input: &L BN s
Output: #.
1. Inttialization:
ﬁf<—¢g;i€]\fj;i:1,...,n
2. Sort the computers such that
HABilg—g) < < FiBalsizgr):
If f] (Bulg—gy) + &7 (Alvi=o) = fﬂ;(ﬁnbﬁ;:%), then no load balancing is required.
3. Determine the Lagrange multiplier o/ using a binary search:
a <— ff(ﬁﬂg{:(;){)

b f£<ﬂn|ﬁ%:¢%)
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while(1) do
(o) 0
No(ad) 0
ol — ofb
Calculate: S7(af), M(a?), R)(a), Ri(a), and N,(a?)
in the order given for i =1,...,n.
If (]\s(af) — Ns(a?)| < €) EXIT
If (My(a?) > Ny(a?))
b— ol
else
a+— o’
4. Determine user j’s optimal loads:
Bl —0, foric Rl)(ad)
. e —1 . . .
Bl —(f}) (ﬁi‘gg:aj+gj(,\))> for i € R (o)
B = (F) (Blyas)s  fori€ S(ad)
B —¢l, forie Ni(ad)

The optimal loads of each user j (j = 1,...,m) i.e., the equilibrium solution, can be obtained
using an iterative algorithm where each user updates his strategies (by computing his best response)
periodically by fixing the other users startegies. The users form a virtual ring topology to communi-
cate and iteratively apply the BEST-RESPONSE algorithm to compute the Nash equilibrium. This

is implemented in the following algorithm.

NCOOPC distributed load balancing algorithm:

Each user 7, j = 1,...,m in the ring performs the following steps in each iteration:

1. Receive the current strategies of all the other users from the left neighbor.

2. If the message is a termination message, then pass the termination message to the right neighbor

and EXIT.

3. Update the strategies (47) by calling the BEST-RESPONSE.
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4. Calculate D7 (eq. (6.87)) and update the error norm.

5. Send the updated strategies and the error norm to the right neighbor.

At the equilibrium solution, the f7(5;)’s of each user at all the nodes are balanced.

6.4 Dynamic Load Balancing

Kameda et al. (Zhang, Kameda, and Hung 1997) proposed and studied dynamic load balancing
algorithms for single-user job streams based on M/M/1 queues in heterogeneous distributed systems.
We follow a similar approach to extend GOS and NCOOPC to dynamic schemes. In this section, we
propose these two distributed dynamic load balancing schemes for multi-user jobs.

A distributed dynamic scheme has three components: 1) an information policy used to
disseminate load information among nodes, 2) a transfer policy that determines whether job transfer
activities are needed by a computer, and 3) a location policy that determines which nodes are suitable
to participate in load exchanges.

The dynamic schemes which we propose use the number of jobs waiting in the queue to be
processed (queue length) as the state information. The information policy is a periodic policy where
the state information is exchanged between the nodes every P time units. When a job arrives at
a node, the transfer policy component determines whether the job should be processed locally or
should be transferred to another node for processing. If the job is eligible for transfer, the location
policy component determines the destination node for remote processing.

In the following we discuss the dynamic load balancing schemes.

6.4.1 Dynamic Global Optimal Scheme (DGOS)

The goal of DGOS is to balance the workload among the nodes dynamically in order to obtain a
system-wide optimization i.e., to minimize the expected response time of all the jobs over the entire
system. We base the derivation of DGOS on the static GOS of Section 3.

We use the following proposition to express the marginal node delay of a user j job at node
i (f(5;) in eq. (6.84)) in terms of the mean service time at node 4 (r;) and the mean number of jobs

of user j at node ¢ (Nf,j: L,...,m).
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Proposition 6.4.1. The user j marginal node delay in eq. (6.84) can be expressed in terms of r;

and N/ (j=1,...,m) as

m

F1B) =r(L+) Nf) (6.97)
k=1
Proof: In Appendix D. O
Rewriting eq. (6.85) in terms of p, we have
7\ = p<1 (6.98)

We next express f/() of Proposition 6.4.1 and ¢7() from eq. (6.98), which use the mean
estimates of the system parameters, in terms of instantaneous variables.

Let p' denote the utilization of the network at a given instant. Replacing Nij’s, the mean
number of jobs of users at node ¢ by n{’s and p, the mean utilization of the network by p’, in egs.

(6.97) and (6.98), we obtain (for user j)
f=ri(1+) nf) (6.99)

. t ,
gy 6.100
T=77 (6.100)

The above relations are used as the estimates of the user 7 marginal virtual node delay at
node ¢ and user j marginal communication delay. Whereas GOS tries to balance the marginal node
delays of each user at all the nodes statically, DGOS will be derived to balance the marginal virtual
node delays of each user at all the nodes dynamically. For a user u job arriving at node ¢ that is

eligible to transfer, each potential destination node j (j = 1,...,n;j # i) is compared with node 1.

Definition 6.4.1. If f* > f}'+ g", then node i is said to be more heavily loaded than node j for a

user u job.

We use the following proposition to determine a light node j relative to node i for a user u

job, in the DGOS algorithm discussed below.

Proposition 6.4.2. If node i is more heavily loaded than node j for a user u job, then, n{ > ni;,
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where

u _ [T k2, 972 S k
R E D S B DI (6.101)
k=1 k=1,ku
Proof: In Appendix D. O

We next describe the components of dynamic GOS (information policy, transfer policy and
location policy).

1) Information policy: Each node i (i = 1,...,n) broadcasts the number of jobs of user j
(j=1,...,m) in its queue (i.e., n’s) to all the other nodes. This state information exchange is done
every P time units.

2) Transfer policy: A threshold policy is used to determine whether an arriving job should
be processed locally or should be transferred to another node. A user j job arriving at node ¢ will
be eligible to transfer when the number of jobs of user j at node i is greater than some threshold
denoted by Tij . Otherwise the job will be processed locally.

The thresholds 77 at a node i (i = 1,...,n) for each user j (j = 1,...,m) are calculated as
follows:

Each node i broadcasts its arrival rates (¢7) to all the other nodes every P1 time units where
P1 >> P. Using this information all the nodes execute GOS to determine the optimal loads (57).
These optimal loads are then converted (using Littles law (Jain 1991), see proof of Proposition 6.4.1)
into optimal number of jobs of user j that can be present at node i (thresholds 77). The above
calculated thresholds are fixed for an interval of P1 time units. This time interval can be adjusted
based on the frequency of variation of the arrival rates at each node.

3) Location policy: The destination node for a user u job (u = 1,...,m) at node 7 that is
eligible to transfer is determined based on the state information that is exchanged from the informa-
tion policy. First, a node with the shortest marginal virtual delay for a user u job (lightest node)
is determined. Next, it is determined whether the arriving job should be transferred based on the
transfers the user u job already had.

(i) A node with the lightest load for a user u job is determined as follows: From Proposition
6.4.2, we have that if n;’ > nj;, then node 7 is said to be more heavily loaded than node j for a user

u job. Else, if n}' < nj; then node i is said not to be heavily loaded than node j. Let ¢;; = nj' —nj
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and 0;' = max; d;5. If 0} > 0, then node j is the lightest loaded node for a user u job. Else, no light
node is found and user u job will be processed locally.

(ii) Let ¢ denote the number of times that a user u job has been transferred. Let w (0 <
w < 1) be a weighting factor used to prevent a job from being transferred continuously and let A
(A > 0) be a bias used to protect the system from instability by forbidding the load balancing policy
to react to small load distinctions between the nodes. If w®; > A, then the job of user v will be

transferred to node j. Otherwise, it will be processed locally.

We next describe the dynamic GOS (DGOS) algorithm.
DGOS algorithm:
For each node i (i =1,...,n):

1. Jobs in the local queue will be processed with a mean service time of r;.

2. If the time interval since the last state information exchange is P units, broadcast the n{’s

(u=1,...,m) to all the other nodes.

3. If the time interval since the last threshold’s calculation is P1 units,

i. Broadcast the ¢¢’s (u = 1,...,m) to all the other nodes.
ii. Use the GOS algorithm to calculate 5/'’s, u =1,...,m.

iii. Use B!'s, u = 1,...,m to recalculate the thresholds (T}*, u=1,...,m).

When a job of user u (u=1,...,m) arrives with a mean inter-arrival time of a:

4. If n < T}, then add the job to the local job queue. Go to Step 1.

5. Determine the lightest node j (7 =1,...,n, j # i ) for the user u job as follows:

1. Calculate 6% = nj' —nj; where nj; is given by Proposition 6.4.2.
ii. Calculate ¢;' = max; d;5.
iii. If 6 > 0, then node j is the lightest loaded node for the user u job.

iv. If w; > A, where c is the number of transfers the job has already had, send the user u

job to node j. Go to Step 1.

v. Add the user u job to the local queue. Go to Step 1.
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6.4.2 Dynamic Non-cooperative Scheme (DNCOOPC)

The goal of DNCOOPC is to balance the workload among the nodes dynamically in order to obtain
a user-optimal solution (i.e., to minimize the expected response time of the individual users). We
base the derivation of DNCOOPC on the static NCOOPC of Section 3.

We use the following proposition to express ff (3;) in eq. (6.92) in terms of the mean service

time at node i (r;) and the mean number of jobs of user j at node i (N7, j =1,...,m).

Proposition 6.4.3. Eq. (6.92) can be expressed in terms of r; and N7 (j =1,...,m) as

m

FB:) =1+ ) N1+ N) (6.102)

k=1

Proof: Similar to Proposition 6.4.1. U

Rewriting eq. (6.93) in terms of p and p~7, we have

_t(1—p)

P\ = N p<1 (6.103)

Let p denote the utilization of the network at a given instant as in DGOS and p~7 denote
the utilization of the network at a given instant excluding user j traffic. We next express flj() of
Proposition 6.4.3 and ¢7() from eq. (6.103), which use the mean estimates of the system parameters,

in terms of instantaneous variables.

=r(1+ ) nf)(1+n)) (6.104)
k=1
. t(]_ —pijl) ’
J —
=T p<1 6.105
(1—p)? (6105

NCOOPC tries to balance the f7(5;) of each user j (j = 1,...,m) at all the nodes i
(1 = 1,...,n) statically whereas DNCOOPC tries to balance the fz»j of each user j at all the nodes
i (i =1,...,n) dynamically. For a user u job arriving at node i that is eligible to transfer, each

potential destination node j (j =1,...,n;j # i) is compared with node 1.

Definition 6.4.2. If fl“ > fju + ¢, then node 7 is said to be more heavily loaded than node j for a
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user u job.

We use the following proposition to determine a light node j relative to node i for a user u

job, in the DNCOOPC algorithm discussed below.

u

Proposition 6.4.4. If node i is more heavily loaded than node j for a user u job, then, n{ > nj,

where
m m k\2 m k
r; u - i 1/2 _ o T
ng = [0+ Y +n + S+ (Z’“—l’fj ) |- Lic iy (6.106)
T — T 2
Proof: Similar to Proposition 6.4.2. U

We next describe the components of dynamic NCOOPC (information policy, transfer policy
and location policy).

1) Information policy: Each node ¢ (i = 1,...,n) broadcasts the number of jobs of user j
(j=1,...,m) in its queue (i.e., n)’s) to all the other nodes every P time units.

2) Transfer policy: A threshold policy is used to determine whether an arriving job should
be processed locally or should be transferred to another node. A user j job arriving at node ¢ will be
eligible to transfer when the number of jobs of user j at node ¢ is greater than some threshold Tij .
Otherwise the job will be processed locally.

The thresholds 77 at a node i (i = 1,...,n) for each user j (j = 1,...,m) are calculated as
follows:

Each node 7 broadcasts its arrival rates (gbf ) to all the other nodes every P1 time units where
P1 >> P. Using this information all the nodes execute NCOOPC to determine the optimal loads
(37). These optimal loads are then converted (using Littles law (Jain 1991)) into optimal number
of jobs of user j that can be present at node i (thresholds 77). The above calculated thresholds are
fixed for an interval of P1 time units. This time interval can be adjusted based on the frequency of
variation of the arrival rates at each node.

3) Location policy: The destination node for a user u job (u = 1,...,m) at node 7 that is
eligible to transfer is determined based on the state information that is exchanged from the informa-

tion policy. First, a node with the lightest load for a user u job is determined. Next, whether the
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arriving job should be transferred based on the transfers the user u job already had is determined.
(i) A node with the lightest load for a user u job is determined as follows: From Proposition

6.4.4, we have that if nj' > nj;, then node i is said to be more heavily loaded relative to node j for

a user u job. Else, if nj < nj; then node ¢ is said not to be heavily loaded relative to node j. Let
i = ni —nj; and o} = max; d;5. If 6} > 0, then node j is the lightest loaded node for a user u job.
Else, no light node is found and user u job will be processed locally.

(ii) Let ¢ denote the number of times that a user u job has been transferred. Let w (0 <
w < 1) be a weighting factor used to prevent a job from being transferred continuously and let A
(A > 0) be a bias used to protect the system from instability by forbidding the load balancing policy
to react to small load distinctions between the nodes. If w®; > A, then the job of user u will be
transferred to node j. Otherwise, it will be processed locally.

We next describe the dynamic NCOOPC (DNCOOPC) algorithm.

DNCOOPC algorithm:

For each node i (i =1,...,n):
1. Jobs in the local queue will be processed with a mean service time of r;.

2. If the time interval since the last state information exchange is P units, broadcast the n{’s

(u=1,...,m) to all the other nodes.

3. If the time interval since the last threshold’s calculation is P1 units,

i. Broadcast the ¢’s (u=1,...,m) to all the other nodes.
ii. Use the NCOOPC algorithm to calculate 3{*’s, u =1,...,m.

iii. Use 8*'s, u = 1,...,m to recalculate the thresholds (T}, u=1,...,m).
When a job of user v (u=1,...,m) arrives with a mean inter-arrival time of a¥:

4. If n < T, then add the job to the local job queue. Go to Step 1.

5. Determine the lightest node j (j = 1,...,n, j # i ) for the user u job as follows:

1. Calculate 6% = nj' — nj’; where n}; is given by Proposition 6.4.4.
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Table 6.1: System configuration

Relative service rate 1121] 5] 10
Number of computers | 6 | 5 | 3 2
Service rate (jobs/sec) | 10 | 20 | 50 | 100

u

ii. Calculate ¢;' = max; d;".

iii. If 6 > 0, then node j is the lightest loaded node for the user u job.

iv. If w0} > A, where c is the number of transfers the job has already had, send the user u

job to node j. Go to Step 1.

v. Add the user u job to the local queue. Go to Step 1.

6.5 Modeling Results

In this section, we evaluate the performance of the proposed dynamic schemes (DGOS and DNCOOPC)
by comparing them with the static schemes (GOS and NCOOPC) using a computer model. The load
balancing schemes are tested by varying some system parameters like the system utilization, overhead
for job transfer, bias and the exchange period of state information.

We modeled a heterogeneous system consisting of 16 computers to study the effect of various
parameters. The system has computers with four different service rates and is shared by 10 users.
The system configuration is shown in Table 6.1. The first row contains the relative service rates of
each of the four computer types. The relative service rate for computer C; is defined as the ratio
of the service rate of C; to the service rate of the slowest computer in the system. The second row
contains the number of computers in the system corresponding to each computer type. The third
row shows the service rate of each computer type in the system. The performance metric used in our
model is the expected response time.

System utilization (1)) represents the amount of load on the system. It is defined as the ratio

of the total arrival rate to the aggregate service rate of the system:

)

i=1 M

P =
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Table 6.2: Job arrival fractions ¢/ for each user

User | 1 2 |36 7 | 810
¢ 0.3]10.21]0.10.07]0.01

The total job arrival rate in the system ® is determined by the system utilization 1 and the
aggregate service rate of the system. We choose fixed values for system utilization and determined
the total job arrival rate ®. The job arrival rate for each user ¢/,j = 1,...,10 is determined from

the total arrival rate as ¢’ = ¢’®, where the fractions ¢’ are given in Table 6.2. The job arrival rates

of each user 7, 7 =1,...,10 to each computer 7, i = 1,..., 16, i.e., the (bf’s are obtained in a similar
manner.

The mean service time of each computer 7, ¢ = 1,...,16 and the mean inter-arrival time
of a job of each user 7, j = 1,...,10 to each computer ¢ that are used with the dynamic schemes

are calculated from the mean service rate of each computer i and the mean arrival rate of a job of
each user j to each computer i respectively. The utilization of the network at an instant (p') and the
utilization of the network at an instant without user j traffic (p=/') are obtained by monitoring the
network for the number of jobs of each user that are being transferred at that instant. The mean
communication time for a job, ¢, is set to 0.01 sec. The overhead (OV) we use is defined as the

percentage of service time that a computer has to spend to send or receive a job.

6.5.1 Effect of System Utilization

In Figure 6.2, we present the effect of system utilization (ranging from 10% to 90%) on the expected
response time of the static and dynamic schemes studied when the overhead for job transfer is 0. The
bias for job transfer (A) is set to 0.4 for both DGOS and DNCOOPC. The exchange period of state
information (P) is 0.1 sec. The weighting factor for job transfer (w) is set to 0.9 for both DGOS and
DNCOOPC.

From Figure 6.2, it can be observed that at low to medium system utilization (load level),
both the static and dynamic schemes show similar performance. But as the load level increases, the
dynamic schemes, DGOS and DNCOOPC, provide substantial performance improvement over the

static schemes. Also, the performance of DNCOOPC which minimizes the expected response time
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of the individual users is very close to that of DGOS which minimizes the expected response time of
the entire system. We note that these dynamic schemes are based on heuristics (by considering the
solutions of the static schemes), and so the performance of DGOS may not be optimal (in terms of

the overall expected response time) in all cases compared to DNCOOPC.

0.3 T T T T T T T

0.25 - GOS —*—
NCOOPC —H—
DGOS —&—
DNCOOPC —m—

Expected Response Time (sec)

10 20 30 40 50 60 70 80 90
System Utilization (%)

Figure 6.2: Variation of expected response time with system utilization (OV = 0)

In Figure 6.3, we present the expected response time for each user considering all the schemes
at medium system utilization (¢» = 60%). It can be observed that in the case of GOS and DGOS
there are large differences in the users’ expected response times. NCOOPC and DNCOOPC provides
almost equal expected response times for all the users. Although, we plotted the users expected
response times at load level ) = 60%, this kind of behavior of the load balancing schemes has been
observed at all load levels. We say that NCOOPC and DNCOOPC are fair schemes (to all users),
but GOS and DGOS are not fair.

From the above, we conclude that the DNCOOPC is a scheme which yields an allocation
that makes almost as efficient use of the entire system resources as DGOS (as seen in Figure 6.2) and
also tries to provide a user-optimal solution (as seen in Figure 6.3).

Figures 6.4 and 6.5 show the variation of expected response time with load level for the
static and dynamic schemes taking the overhead for job transfer into consideration. In Figure 6.4,
the overhead for sending and receiving a job is set to 5% of the mean job service time at a node
and in Figure 6.5, the overhead is set to 10% of the mean job service time at a node. The other

parameters (A, w and P) are fixed as in Figure 6.2.
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Figure 6.3: Expected response time for each user (OV = 0)

From Figure 6.4, it can be observed that at low and medium system loads the performance
of static and dynamic schemes are similar. At high loads, although the expected response time of
DGOS and DNCOOPC increases, the performance improvement is substantial compared to GOS and
NCOOPC. As the overhead increases to 10% (Figure 6.5), at high system loads, the performance of
dynamic schemes is similar to that of static schemes. This is because the dynamic schemes DGOS
and DNCOOPC are more complex and the overhead costs caused by such complexity degrades their
performance.

0.3 T T T T T T T

0.25 - GOS —*— =
NCOOPC —H—
DGOS —&—
DNCOOPC —m—

Expected Response Time (sec)

10 20 30 40 50 60 70 80 90
System Utilization (%)

Figure 6.4: Variation of expected response time with system utilization (OV = 5%)

From the above model results, it can be observed that at light to medium system loads

(e.g ¥ = 10% to 50% in Figure 6.5), the performance of DGOS and DNCOOPC is insensitive to
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Figure 6.5: Variation of expected response time with system utilization (OV = 10%)

overheads. But, at high system loads (e.g., 1 = 80% to 90% in Figure 6.5) the performance of DGOS
and DNCOOPC degrades with overhead and static schemes may be more efficient because of their

less complexity.

6.5.2 Effect of Bias (A)

In Figure 6.6, we present the variation of expected response time with system utilization of DNCOOPC
for various biases. The overhead is assumed to be 5%. The other parameters are fixed as in Figure
6.2. It can be observed that as the bias increases, the expected response time of DNCOOPC increases
and for a high bias (e.g., A = 1), the performance of DNCOOPC is similar to that of GOS. The

effect of bias on DGOS is similar.

6.5.3 Effect of Exchange Period (P)

In Figure 6.7, we present the variation of expected response time of DNCOOPC with exchange period
of system state information. The system utilization is fixed at 80%. The other parameters are fixed
as in Figure 6.2. From Figure 6.7, it can be observed that the expected response time of DNCOOPC
increases with an increase in exchange period. This is because, for high values of P, outdated state
information is exchanged between the nodes and optimal load balancing will not be done. The effect

of exchange period on DGOS is similar.
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Figure 6.6: Variation of expected response time of DNCOOPC with system utilization for various
biases (OV = 5%)
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Figure 6.7: Variation of expected response time with exchange period (¢» = 80%)
6.6 Summary

In this chapter, we proposed two dynamic load balancing schemes for multi-user jobs in heterogeneous
distributed systems. DGOS tries to minimize the expected response time of the entire system,
whereas DNCOOPC tries to minimize the expected response time of the individual users. These
dynamic schemes use the number of jobs of the users in the queue at each node as state information.
We run a computer model to compare the performance of the dynamic schemes with that of the
static schemes (GOS and NCOOPC). It was observed that, at low communication overheads, both

DGOS and DNCOOPC show superior performance over GOS and NCOOPC. Also, the performance
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of DNCOOPC which tries to minimize the expected response time of the individual users is very
close to that of DGOS which tries to minimize the expected response time of the entire system.
Furthermore, DNCOOPC provides almost equal expected response times for all the users and so is a
fair load balancing scheme. It was also observed that, as the bias, exchange period and the overheads
for communication increases, both DGOS and DNCOOPC yield similar performance to that of the

static schemes.
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CHAPTER 7: Conclusions

In this chapter, we summarize our work, describe the contributions of this dissertation, and present

future research directions.

7.1 Summary and Contributions of this Dissertation

We proposed job allocation or load balancing schemes for distributed systems and grid systems that
provide fairness to the users and the users jobs. We used economic game theory that provides a
suitable framework for characterizing such schemes. The fairness of allocation is an important factor
in modern distributed systems and our schemes will be suitable for systems in which the fair treatment
of the users’ jobs is as important as other performance characteristics.

We considered a distributed computer system that consists of heterogeneous host computers
(nodes) interconnected by a communication channel. Using cooperative game theory we proposed
CCOQP static load balancing scheme for single-class job distributed systems. CCOOP is based on
the Nash Bargaining Solution (NBS) which provides a Pareto optimal solution and also is a fair
solution. Using a computer model, it was shown that CCOOP not only provides fairness to the jobs
but also performs near the overall optimal scheme.

The single-class job distributed system model is then extended to a multi-class job dis-
tributed system model and pricing is included to model a grid system. Without taking the commu-
nication costs into account, we proposed two static price-based job allocation schemes (GOSP and
NASHP) whose objective is to minimize the expected price of the grid users. The prices charged by
the resource owners are obtained based on a pricing model using a bargaining game theory framework.
GOSP tries to minimize the expected price of the entire grid community to provide a system-optimal
solution whereas NASHP tries to minimize the expected price of the individual grid users to provide
a fair solution. The performance of GOSP and NASHP is evaluated by running a grid model. GOSP
is advantageous when the system optimum is required. But it is not fair to the grid users. NASHP
not only provides fairness to the grid users but also performs near GOSP.

Considering the communication costs in the above grid system model, we proposed a static

price-based job allocation scheme (NASHPC) whose objective is to provide fairness to the grid users.
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This scheme is formulated as a non-cooperative game among the grid users who try to minimize the
expected price of their own jobs. Using a grid model, the performance of NASHPC is compared
with that of GOSPC (which tries to provide a system-optimal solution). It was observed that the
performance of NASHPC is not only comparable with that of GOSPC in terms of the expected
response time, but also provides an allocation which is fair (in terms of cost) to all the grid users.
NASHPC and GOSPC are then extended to dynamic load balancing schemes (DNCOOPC
and DGOS) for multi-class job distributed systems. DGOS tries to minimize the expected response
time of the entire system and DNCOOPC tries to minimize the expected response time of the in-
dividual users. Based on modeling results, it was observed that, at low communication overheads,
both DGOS and DNCOOPC show superior performance over the static schemes. Also, DNCOOPC
provides an allocation which is not only fair to the users but is also comparable to DGOS in terms

of the overall expected response time.

7.2 Future Research Directions

We propose to study game theoretic models and algorithms for dynamic load balancing. Specifically
our goals are:

(1) To propose dynamic load balancing schemes where the jobs arriving from various users
to a node not only differ in their arrival rates but also differ in their processing times (i.e., the jobs
can be of different sizes).

(2) To propose new dynamic load balancing schemes. We intend to derive models and
algorithms for dynamic load balancing based on dynamic games. The performance and fairness of
these schemes will be analyzed.

(3) To implement the proposed games in a real distributed system.

7.2.1 Load balancing in Distributed Systems and Grids with Mechanism
Design

Scheduling jobs for load balanced execution in heterogeneous distributed systems present new chal-
lenges. Difficulties arise due to geographic distribution and the heterogeneity of resources. The

difficulty increases in distributed systems where resources belong to different self interested agents
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or organizations. These agents may manipulate the load allocation algorithm to their own benefit
and their selfish behavior may lead to severe performance degradation and poor efficiency. Solving
such problems involving selfish agents is the object of mechanism design theory. This theory helps
design protocols in which the agents are always forced to tell the truth and follow the rules. Such
mechanisms are called truthful or strategy-proof.

Related work on load balancing based on mechanism design theory exist (Grosu and Chronopou-
los 2004; Grosu and Chronopoulos 2003). In (Grosu and Chronopoulos 2004), a truthful mechanism
that minimizes the overall expected response time of the system was proposed. In (Grosu and
Chronopoulos 2003), a truthful mechanism based on cooperative game theory was proposed. We
plan to develop truthful mechanisms for the non-cooperative algorithms and for other load balancing
algorithms in multi-class job systems.

Since, self-interested agents are more common in grid systems, we also intend to implement
the mechanism design protocols in conjunction with the job allocation schemes for grids proposed in

the previous chapters.
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APPENDICES

Appendix A

A.1 Proof of Theorem 3.4.1

The objective function for each player f;(X) (Definition 3.4.1) is convex and bounded below. The
set of constraints is convex and compact. Thus, the conditions in Theorem 3.2.1 are satisfied and the

result follows. O

A.2 Proof of Theorem 3.4.2

The objective vector function {f;}, j € 1,...,n + 1 (Definition 3.4.1) of the players is a one-to-one

function of X. Thus, applying Theorem 3.2.1 the result follows. 0

A.3 Proof of Theorem 3.4.3

Let u; and v; denote the network traffic into node 7 and the network traffic out of node i respectively.

From the balance of the total traffic in the network, we have

i=1 =1

The load 3; on node 7 can then be written as
Bi = ¢i +u; — v (7.109)

and the network traffic A\ can be written as

A= Zv (= Zm (7.110)

Hence, the problem becomes:

min F(u,v) = [Z In D;(¢p; + u; — v;) + In G(Z v;)] (7.111)

i=1 =1
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subject to

Gi=¢i+u,—v;, <p;,, t=1,....n

u; >0, 1=1,...,n

(7.112)
(7.113)
(7.114)
(7.115)

(7.116)

The objective function in eq. (7.111) is convex and the constraints are all linear and they

define a convex polyhedron. This imply that the first-order Kuhn-Tucker conditions are necessary

and sufficient for optimality (Luenberger 1984).

Let a,9; < 0,m; < 0,1; < 0 denote the Lagrange multipliers (Luenberger 1984) The La-

grangian is

L(u,v,a,9,n,%) = E(u,v) + a(— Z u; + Z v;) + Z 0i(; +u; —v;) + Z ni; + Z Piv; (7.117)
i=1 i=1 i=1 i=1 i=1

Remark: We ignore the constraint in eq. (7.114) since all the associated multipliers will be zero if we

introduce it in the lagrangian.

The optimal solution satisfies the following Kuhn-Tucker conditions:

L
gm = di(¢i+wi—v) —a+ o4 =0, i=1,....n
oL " |
= —di(¢s+ui—v;) + (D v) ta—Gi+ui=0, i=1..

Bvi

=1

Git+ui—v; >0, 6i(pi+u —v)=0, 6,<0, i=1,...,n

u2207 T]ZUZZO, 771§07 2:1,,n

viz(), lﬁﬂ)izo, ¢Z§O, izl,...,n

89

(7.118)

(7.119)

(7.120)
(7.121)
(7.122)

(7.123)



In the following, we find an equivalent form of eqs. (7.118) - (7.123) in terms of §;. By
adding eqs. (7.118) and (7.119) we have, —g(>_v;) = n; + 4, i = 1,...,n. Since g > 0, either n; < 0
or ¢; < 0 (or both). Hence, from eqs. (7.122) and (7.123), for each i, either u; = 0 or v; = 0 (or

both). We consider each case separately.

e Case I: u; = 0,u; = 0: Then, we have 3; = ¢;. It follows from eq. (7.121) that ¢; = 0.

Substituting this into eqgs. (7.118) and (7.119) gives

From the above, we have

This case corresponds to neutral nodes.

e Case II: u; = 0,v; > 0: Then, from eq. (7.123), we have ¢; = 0. We consider the following

subcases.

— Case 1.1 v; < ¢;: Then, we have 0 < ; < ¢;. It follows from eq. (7.121) that §; = 0.

Substituting this into eqs. (7.118) and (7.119) gives

di(5:) = g(A) + o (7.128)

This case corresponds to active sources.

— Case I1.2 v; = ¢;: Then, we have 3; = 0 and eqs. (7.118) and (7.119) gives

di(B;) =a+g(\) —0; > a+g(N) (7.130)
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Thus, we have

d;(B;) > a+g(N) (7.131)

This case corresponds to idle sources.

e Case III: u; > 0,v; = 0: Then, we have 3; > ¢;. It follows from eqs. (7.121) and (7.122) that

d; = 0 and n; = 0. Substituting this into eq. (7.118), we have

This case corresponds to sinks.

Eq. (7.120) may be written in terms of f3; as

d pi=0 (7.133)
=1

Using eqs. (7.128) and (7.132), the above equation becomes

YA @Y b+ Y d(a+gN) = (7.134)

€S 1eN 1€ER,

which is the total low constraint. O

91



Appendix B

B.1 Proof of Theorem 4.4.1

We begin with the observation that the stability condition (eq. (4.45)) is always satisfied because of
the fact that the total arrival rate (®) does not exceed the total processing rate of the distributed
system. Thus we consider D(s) problem with only two restrictions, eq. (4.43) and eq. (4.44).

We first show that D(s) is a convex function in s and that the set of feasible solutions defined
by the constraints in eqs. (4.43) and (4.44) is convex.

From eq. (4.42) it can be easily shown that 88DS &) >0 and
ji

gzjjf)sg >0fore=1,...,n. This
means that the Hessian of D(s) is positive which implies that D(s) is a convex function of the load
fractions s. The constraints are all linear and they define a convex polyhedron.

Thus, D(s) involves minimizing a convex function over a convex feasible region and the first
order Kuhn-Tucker conditions are necessary and sufficient for optimality.

Let « > 0,5 >0,¢=1,...,n, 3 = 1,...,m denote the Lagrange multipliers. The

Lagrangian is:

n n

d kit s d
L(8117 e Smny QG T, - - Jnmn> = ZZ (I)(,Ltl _ Jzz"z_ljskigbk) - a(ZZS]l - m)

j:1 =1 ]:1 =1

- Z Z NjiSji (7-135)
j=1 i=1
The Kuhn-Tucker conditions imply that s;;, 7 = 1,...,m, 7 =1,...,nis the optimal solution

to D(s) if and only if there exists « >0, n;; >0, 7 =1,...,m, i =1,...,n such that:

oL
=0 7.136
5 (7.136)
oL
— =0 7.137
7 (7.137)
NjiSje = 0,77]'7; Z O, Sji Z 0,] = 1, ,m,z = 1, ., n (7138)
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These conditions become:

jp] it _ a—-n;=0, j=1,..mii=1,.,n (7.139)
Dy — s5ij)?
dosi=1, j=1....m (7.140)
i=1
77]'1'8]'1' = 0,7’]]'1‘ 2 O,Sji Z 0,] = 1, ,m,z = 1, ., n (7141)
These are equivalent to:
— jpgczw i 55> 01 <j<m;l<i<n (7.142)
(i — sji¢)
< jqubj'uz S s =01<j<mil<i<n (7.143)
(i — s5id;)
Y osi=1 s;>0 j=1,...m i=1..n (7.144)

i=1

Claim: Obviously, a computer with a higher average processing rate should have a higher fraction of

jobs assigned to it. Under the assumption on the ordering of computers (/ﬂ1 > ,u% > ... > ), we

have the following order on load fractions for each server: s;; > sj5 > ... > s;,. This implies that

may exist situations in which the slow computers have no jobs assigned to them by the servers. This

means that there exist an index c; (1< c; < n) so that sji = 0 for ¢ = ¢;,...,n for each server.
From eq. (7.142) and based on the above claims we can obtain by summation the following

equation for each server:

Cj—l Cj—l Cj—l
> Vit = Vad (Y pl = siid;) (7.145)
1=1 =1 =1

Using eq. (7.143) the above equation becomes:

cj—1
Vad — doii1 kipjidip < V kiDjidj
- cj—1 3 c;j—1 - j
D1 M= Xy 85if; pe;

(7.146)
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This is equivalent to:

Cj cj
1l Y N ki < N kipudip (Yl — ;) (7.147)
=1 i=1
Thus, the index ¢; is the minimum index that satisfies the above equation and the result follows. []

B.2 Proof of Theorem 4.4.2

A el B Y
The while loop in step 3 finds the minimum index ¢; for which g < Fipsini(im1 M62%) 1 the same
g iy v/ kpira

loop, s;; are set to zero for ¢ = ¢;,...,n. In step 4, sj; is set equal to
¢>%~ <,uf — 3\ /kipjiﬂi%\/%) fori=1,...,¢; — 1. These are in accordance with Theorem 4.4.1.
Thus, the allocation {sji,...,s;,} computed by the BEST-FRACTIONS algorithm is the optimal

solution for each server. O
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Appendix C

C.1 Proof of Theorem 5.3.1

We restate the problem introducing the variables uf and v{ which denote the user j network traffic

into node 7 and network traffic out of node i respectively. From the balance of the total traffic of user

J in the network, we have
n

n
J — J_ J
A —E ui—E v
i=1

=1

The load 3/ of user j on node i can then be written as

I ] J J o
Bl =¢] +u; —v/, 1=1,...

Using the above equations, the problem in eq. (5.59) becomes

n

,n

1 Z kzpi(d)i + Ui — UZ)

Hjlirle](u, v) = [E ( J_ (¢J +d — )
u; v i=1 2 i 7 7

subject to the following constraints:

n n
§ : J § ’ J_
=1 =1

P95 —tD U?)]

(7.148)

(7.149)

(7.150)

(7.151)

(7.152)
(7.153)

(7.154)

We ignore the stability constraint (eq. (5.62)) because at Nash equilibrium it is always

satisfied and the total arrival rate (®) does not exceed the total service rate of the system. The

objective function in eq. (7.150) is convex and the constraints are all linear. This implies that the

first-order Kuhn-Tucker conditions are necessary and sufficient for optimality (Reklaitis, Ravindran,

and Ragsdell 1983). The total arrival rate of user j (¢/) is constant.

Let o7, 6; < 0,7; < 0,m; < 0, denote the Lagrange multipliers (Reklaitis, Ravindran, and
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Ragsdell 1983). The Lagrangian is

L(u/ 07, 0d,6,9,m) = ¢/ DY (ul,0]) + o/ (D vl =D ul) + D 6iul — vl +¢])+
=1 =1 =1

zn: bl + zn: niv] (7.155)
i=1 i=1

The optimal solution satisfies the following Kuhn-Tucker conditions:

oL

w:fg(¢i+ui—vi)—@j+5i+wi:o, i=1,.,n. (7.156)
oL J i j :
W——fi(cﬁi—l—ui—vi)—l—g(Zvl)%—a —%+mn=0, i=1,... n. (7.157)
Ui =1

S W+ =0 (7.158)
=1 =1
¢l +ul —v! >0, (¢l +ul —v))=0, &<0, i=1,...,n (7.159)
uw >0, Yl =0, ;<0, i=1,...,n. (7.160)
v >0, mvl =0, 5, <0 i=1,...,n. (7.161)

In the following, we find an equivalent form of eqs. (7.156) - (7.161) in terms of 3;. We

consider two cases:
e Case I: ul —v) + ¢} = 0: From eq. (7.149), we have 3/ = 0 and since ¢/ > 0, it follows

i

that v/ > 0. Eq. (7.161) implies 7; = 0. Then from eqs. (7.157) and (7.159), we get

fl.j (6;) = a? + g7 (\) — §; > a7 + ¢’()\). This case corresponds to idle sources.
o Case II: u! —v! + ¢ > 0: From eq. (7.159), we have §; = 0.

— Case 11.1: vg > (0: Then, 0 < ﬁf < ng; and from eq. (7.161) we have n; = 0. Eq. (7.157)
implies,
f(8:) =o' +g'(\) (7.162)
This case corresponds to active sources.
— Case I1.2: v} =0;
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% Case I1.2.1: u] = 0: Then, 5/ = ¢/.
From eqs. (7.156) and (7.160), we have f/(3;) = of —; > a;. From egs. (7.157)
and (7.161), we have f/(3;) = o/ + g?(A) +n; < o/ + ¢7()\). This case corresponds to
neutral nodes.

x Case 11.2.2: vl > 0: Then, 3/ > ¢/.
From eq. (7.160), we have t; = 0. Substituting this in eq. (7.156), we have

FB3)=d (7.163)

This case corresponds to sink nodes.

Eq. (7.158) may be written in terms of 3/ as Y1, 3/ = ¢/ and using the egs. (7.162) and

(7.163), this can be written as

S U Bl + 361+ S D Bl i) = & (7.164)

€87 1ENJ i€R)

which is the total flow constraint for user j. 0
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Appendix D

D.1 Proof of Proposition 6.4.1

The expected response time of a user j job processed at computer 7 in eq. (6.79) can be expressed in

terms of r; as

Fz‘j (@) =

Using Little’s law (35, NF = S, BFF/(8)) (Jain 1991), the above equation can be written in

termsofNij,jzl,...,m as
m

F/(3;) = ri(1+ Z NY) (7.165)

k=1

Remark: Note that we assume the jobs from various users have the same processing time at a node.

The user j marginal node delay at node 1, ff (0;), is defined as

m

J 0 k mk
I(3) = —— kPR3,
[ (8s) o5 k;ﬁ (8s)

which is equivalent to

Taking the partial derivative of the above equation with respect to ﬁf , we have

(I—rid 5, B3))?
Using Little’s law (Jain 1991), the above equation can be written in terms of Nij, j=1,...,m as
TR — i
fi (ﬁl) rizzn:l Nik

2
(=255
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which is equivalent to (using eq. (7.165))

. T
(R — v
fi (ﬁl) (1 Ty NF )2
ri(L+ 0, NF)
Thus, we have ff (B;) =ri(1+ 2211 Nz'k)Q -

D.2 Proof of Proposition 6.4.2

For a user u job, node i is said to be more heavily loaded relative to node j if fi* > fi' + g*.

Substituting eq. (6.99) for f* and f}', we have

m m

ri(1+ an)z >7r;i(1+ an

k=1 k=1

<.

which is equivalent to

Thus, we have

Replacing the right-hand side of the above equation by nj;, we have nj > nj’; where
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