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Abstract

Virtual machine (VM) is an important mechanism to multiplex computer resource. The increasing
popularity of Grid computing and Peer-to-Peer systems has renewed research interests in dynamic and
adaptive virtual machines. Service migration is a vital technique to construct reconfigurable VMs. By
incorporating mobile agent technology, VM systems can improve their resource utilization, load balanc-
ing and fault tolerance significantly via hybrid mobility of services and computational agents. This paper
focuses on the decision problem of hybrid mobility for load-balancing in reconfigurable VMs. We tackle
this problem from three aspects: migration candidate determination, migration timing and destination
server selection. The service migration timing and destination server selection are formulated as two op-
timization models. We derive the optimal migration policy for heterogenous distributed systems based
on stochastic optimization theories. Renewal processes are applied to model the dynamics of migration.
We model the agent migration problem by dynamic programming and extend the optimal service migra-
tion timing by considering dynamic composition of agents. Our decision policy is complementary to the
existing service and agent migration techniques. Its accuracy is verified by simulations.

Keywords: Reconfigurable Virtual Machine, Load Balancing, Service Migration, Agent Mi-
gration, Migration Decision, Stochastic Optimization, Dynamic Programming.

1 Introduction

A virtual machine (VM) presents an abstract view of the underlying physical machine or system software
to programs that run with it. It allows multiple applications and even different operating systems to run
concurrently and multiplex computer resource. It also decouples the execution of applications from each
other. The VM abstraction and isolation greatly simplify the development of applications and improve
program portability. Since the classical VMs [13] were first designed as a solution to multiplexing shared
mainframe resource in the early seventies, it has been an active research area; see [22] for an early review of
this topic. With the explosive growth of network services, the Internet is evolved to enable the sharing and
coordinated use of geographically distributed resource. To support network centric applications, research
interests in VM are recently renewed. Systems like Denali [26], DVM [21], Terra [10] and Collective [20]
develop virtual machine techniques for multiple network applications hosting on a single computer, or for
inter-VM communication by standard network protocols, or for state transfer. Besides, the widely used
Java VM (JVM) middleware and MPI software package facilitate the construction of distributed and parallel



applications. There are also recent efforts in the development of the agent-oriented resource brokerage
infrastructure on JVM. Traveler [29] is an example of application layer virtual machines atop available
servers to execute agent tasks.

Virtual machines provide a powerful layer of abstraction in distributed computing environments. It is cer-
tainly possible to deploy them as static computing units. However, this abstraction layer would not be fully
exploited unless VMs are instantiated and managed dynamically. Virtual machine migration is one approach
to their dynamic reconfiguration. Since VMs are usually created to provide services for programs atop them,
we use the terms of VM migration and service migration interchangeable. Many recently proposed virtual
machine systems incorporate service migration techniques for adaptation. Examples include the VM-based
architecture for grid computing in [6apsulein Collective [20], M-DSA [8] in Traveler, CFS [5] and [18]

for Peer-to-Peer systems.

In addition to service migration, process/thread migration is another way to construct reconfigurable dis-
tributed systems [14]. Process/thread migration concerns the transfer of user-level processes or threads
across different address spaces. JESSICA2 [31] and MigThread [11] are two examples that use thread mi-
gration to utilize idle cycles on other computers and to balance workload. In comparison with process/thread
migration, agent migration is a more general approach to load balancing, fault tolerance, and data locality.
An agent represents an autonomous computation that can migrate in a network to perform tasks on behalf of
its creator. It is the autonomy of agent that makes high performance Grid computing different from cluster-
wide process/thread migrations. Multi-hop mobility allows agent to move computations across a wide area
network and negotiate with others. Agent technology has been applied to Grid computing for load schedul-
ing in [4]. Load-balancing can be achieved by agent migration in Traveler and FLASH [17], which are able
to react efficiently in response to the change of background load.

In a reconfigurable virtual machine system with hybrid mobility of services and agents, migration decision
becomes a crucial performance issue. It deals with three aspects of the problem. First is migration candi-
date determination, concerning which server should transfer a service and/or which agent should exercise
migration. Another one is migration timing, determining when a migration should be performed. Finally, a
destination server should be selected so that the performance gain from a migration won’t be outweighed by
the migration overhead. Literature is littered with heuristic migration algorithms for either service or agent
migrations and lacks formal analyses of the hybrid decision problem. This paper provides a rigid stochastic
optimization model for this mobility decision problem. Our decision policy is complementary to the existing
migration mechanisms.

The hybrid migration decision problem is non-trivial. A VM provides a dynamic environment for the execu-
tion of agents. Each agent will carry out its tasks during its life span (correspondirtgre domaih and

its execution may be performed on different virtual servers due to migrations (referring to thipasea
domain. Therefore, we have to consider both domains when deriving an optimal migration decision. Their
interaction makes the decision process more complicated. Secondly, the capacities of physical servers in a
distributed VM may be different, which is typical in Internet-based computing. This capacity heterogeneity
results in different distributions of agent workload changes. Their distributions can even alter from one
server to another during service migration. Besides, agent migration is hard to schedule in such a dynamic
environment with server reconfiguration. The impact of agent migration on service migration also has to be
carefully handled.

In this paper, we consider the mobility support for load balancing in heterogenous distributed systems.
We focus on the hybrid migration decision problem, by assuming the workload change of an agent is a
random process with arbitrary probabilistic distributions. We relate the service/agent migration decision



in reconfigurable VM to a dynamic remapping scheduling problem in parallel computing. The migration
issues are formulated as two stochastic optimization models, and optimal migration policies are derived in
both time and space domains. Since general stochastic optimization approaches tend to reveal asymptotic or
stationary properties of a random process, renewal processes are applied to model the dynamics of migration
due to the fact that a migration operation may be invoked anytime over the course of computation. Our
approaches are distributed in nature and scalable to large systems. The agent migration decision problem
is modelled by dynamic programming and we integrate agent migration into the optimal service migration
model. Simulations were conducted and the accuracy of our migration decisions was verified.

The rest of the paper is organized as follows. In Section 2, we present the related work. Section 3 intro-
duces the system and workload evolution model of a target reconfigurable virtual machine. Section 4 and
5 describe the optimal decisions of service/agent migration, and their interplay. Simulation results for a
verification of our decision policy are presented in Section 6. Section 7 concludes the paper with remarks
on future work.

2 Related Work

Research interests in reconfigurable VM were renewed in recent years. Figustir@d{6] proposed an
architecture for grid computing based on dynamic virtual machines. It allows a VM to be created on any
resource that is sufficient to support it. It enables service migrations among computers to pursue resource
locality. Sapuntzakigt al. [20] tackled the problem of how to migrate operating system level VMs across
the Internet. A virtual machine monitor is utilized to encapsulate the state of a running computer into a
data typegcapsule By serializing and transferring capsules between physical machines, a VM can resume
running after migration. To support virtual machine reconfiguration in Traveler [29], we designed a mobile
distributed shared array (M-DSA) [8], which supports the migration of a DSA [3] service to a new physical
server when the original one is overloaded or going to fail. Preliminary experimental results showed that
service migrations at the application level with underlying middleware support could significantly reduce
the migration overhead.

The virtual machine mechanism and service migration technique have also been applied to Peer-to-Peer
systems. Chord [23] was one of the first that used the notion of virtual servers as a means of improving
load balance. By allocating Idgvirtual servers on each real homogenous node, Chord ensures with high
probability the number of objects per node is within a constant factor from optimal. CFS [5] accounts for
node heterogeneity by ensuring the number of allocated virtual servers at each node is proportional to the
node capacity. System adaptation is realized by deleting and creating virtual servers according to the load
of each physical server. In [18] , Rab al. presented three heuristic algorithms to achieve virtual server
migration in structured Peer-to-Peer systems. Their simulation results indicated that virtual server migration
was able to balance the system load to some extent even with a simple migration scheme.

By utilizing mobile agents, a load scheduling and resource management scheme for Grid computing was
proposed in [4]. In that scheme, agents cooperatively advertise and discover system services and distribute
tasks accordingly, while the local grid load balancing is performed by individual task schedulers. Traveler
presented a different approach, where mobile agents can autonomously roam the network to find virtual
servers with appropriate capacities to run on. FLASH [17] established a two level mobile agent hierarchy to
maintain system load information and utilized mobile agent migration to search for free resource through a
cluster.



Although all of the works dealt with reconfigurable VMs, they focused on how to realize service and agent
migration by providing different mechanisms. In this paper, we concentrate on migration decision in support
of hybrid mobility. Although there are many reports in literature on mobile agent systems (see [25] for a
review), there are few on agent scheduling for mobility. Moizumi and Cybenko [15] formulated a travelling
agent problem to find optimal agent migration sequence which minimizes the expected completion time of a
task with unreliable networks and unpredictable nodal services. In [32], Zleitaalproposed an approach

to optimize the number of agent migrations for a given task by utilizing compiler optimization techniques.
They both focused on finding the optimal agent itinerary to complete its tasks. However, we are interested
in the decision problem as when and to which server an agent migration will be exercised. The objective is
to balance system workload in a dynamic distributed environment supporting server reconfiguration.

In this paper, we relate the service/agent migration timing in reconfigurable VM to a dynamic remapping
scheduling problem in parallel computing. Dynamic remapping is to redistribute the workload of processors
at runtime efficient execution of dynamic applications [27]. Most recently, we studied the periodic remap-
ping policy in [7], analyzing the impact of remapping frequencies. We formulated the problem as sequential
stochastic optimization and derived optimal remapping frequencies with a priori known statistical behavior
of the workload. We further modelled the optimal remapping problem as a vector-valued Markov chain
and formulated it as a binary decision process in [30]. The optimal strategy was developed by employing
optimal stopping rules in stochastic control. This approach can only be applied to small systems, because
computation of the transition matrix increases dramatically as the size of a system becomes larger. Both ap-
proaches only consider the time domain in deriving the optimal solutions. The optimization approaches are
based on global knowledge of system workload distributions for optimization, which is almost impossible
in wide-area distributed computing.

3 Reconfigurable Virtual Machine Model

An agent-aware virtual machine is composed of a set of virtual servers spreading among distributed physical
servers. Each virtual server can accommodate multiple agents to share resource and perform computation
and communication. Each physical server can be run in two matbeicatedor multiprogrammed On a
dedicated server, only virtual servers of the same application can reside, while a multiprogrammed server
allows virtual servers of different applications to share its resource. On the other hand, a VM can be run on
a single physical server or a cluster of servers. Correspondingtedicatedandmultiprogrammed single-
serversystems, only service migration can be applied for their reconfigurabilitydedacated multi-server

VM, both service and agent migrations are useful to balance workload among multiple physical servers. The
most general type iswultiprogrammed mulit-servérMs. But the asynchrony among different applications
makes multiprogrammed servers hard to analyze. In this paper, we confine our discussion to the dedicated
multi-server reconfigurable virtual machines.

We consider the bulk synchronous computation as our execution model because of its popularity in scientific
and engineering applications. Its computations proceed in phases that are separated by global synchroniza-
tion. During each phase, they perform calculations independently and then communicate new results with
their data-dependent peers. Due to the need of synchronization between steps, the duration or execution time
of a step is determined by the most heavily loaded server, on which the agent having the longest finish time
resides. Phase-wise computation may exhibit varying requirements as the computation proceeds and even
a static bulk synchronous computation may have non-deterministic computational characteristics. Fig. 1
illustrates an example of bulk synchronous computations over a VM with multiple agents on each server.
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Figure 1: Bulk synchronous computations of virtual machine.

Consider a distributed application in a heterogeneous environment. A virtual macking,, s2, ..., sn),

formed byN servers out of available physical servers, is allocated to the application. Let a seQuence
(c1,c9,...,cn) denote their computational capacities and egch= 1..N, is a constant. The computation

on the virtual machine comprises multiple agents, each of which executes a number of tasks that collectively
determine its workload. We use a dynamic agent distribution seqidneém,, mo, ..., my) to represent

the number of agents assigned to different servers. Due to a many-to-one mapping between agents and
servers, we use a sequente= (a; 1, a;2, ..., a;m,) to denote the set of agents residing on sesyér the

VM.

In the bulk synchronous computation, agents proceed in phases=L@{1, ..., be the phase index of the
computation andv; 1 (1) denote the workload of ageay ;, on servers; at phasd. Due to the heterogeneity

of server capacities, we use scaled workloag(/), to denote the workload of ageat; normalized by

its quota of server capacity. We assume the proportional share scheduling [24] among mobile agents of the
same server. Multiple agents share the resource and each of them has an equal quota of the server capacity.
That s, for serves; with capacityc;, an residing agent; ;. is assigned a portion of capacity@ag = c;/m;.

Therefore, we have; ;. (1) = w; x(1)/c; . = msw; k(1)/c;. For simplicity in notation, we will usey; ;({) to

denote the scaled workload henceforth.

As the computation proceeds, the scaled workload of each agent may evolve dynamicadly,(Let 1)
denote the net change of scaled worklaagd; (/) from phasel — 1 to | due to the workload generation
and/or consumption by agent; during the period. The overall scaled workload of sereequals to
the summation of its agents’ scaled workload, w;(1) = > ", w; ;(l). Similarly, its scaled workload
change is defined a%(l — 1) = >, 6; x(l — 1). Let sequences(l) = (wi(l), wa2(l),...,wn(l)) and
0(1—1) = (61(I —1),02(l —1),...,0n(l — 1)) denote the scaled workload distribution at phiaged the
scaled workload change distribution from phéasel to| of the virtual machine, respectively. Then the bulk
synchronous computation can be characterized by an additive dynamic system:

w(l) = w(l—1)4+61—-1) (3.2)

where the scaled workload change is independent of the server workload. The scaled workload is described
by a Markov chain, which is assumed in many other studies on bulk synchronous computations [16, 7,
30]. As a result of scaled workload change between phases, the computation of each server becomes non-
deterministic. Although this paper focuses on the additive scaled workload evolution model, our analysis
could be extended to other dynamic systems as discussed in [28].

During a service migration, the residing virtual servers on a physical server can be transferred as a whole. We
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can treat the virtual servers on each physical server as a set and the two terms, physical and virtual servers
will be used interchangeably. When a server decides to perform a service migration to another available
server during the computation, the correspondent entry in the capacity seqinic®e replaced by the
destination server’'s capacity. Similarly, agent migration leads to a modification of the agent distribution
sequenceM, as agents land on or leave from servers of the virtual machine. So the migration decision
problem can be tackled based on renewal processes. We use sequenees!, c), ..., %) andM® =
(m9,mY,...,m%) to represent the capacities and agent distribution ootiginal serversi.e. the servers
allocated to the application at its initiation. The scaled workload of an ageait phasd and its scaled
workload change from phase 1 to| on its original server are denoted &y, (1) ands?, (I—1), respectively.

We assume initially agents have equal scaled workload at ghage 7 7

To make the migration decision problem tractable, we make some simplifying assumptions.

Assumption 1 The initial scaled workload changes of different agents on a seiﬁl,gr), are i.i.d. random
variables and they are distribution-free. Agent autonomy makes the construction of independent agents
easier by utilizing data locality and migration.

Assumption 2 Service/agent migration keeps the probabilistic distribution of the scaled workload change
of an agent unchanged. But it may have different mean after migration. This is reasonable because the
scaled workload change equals to the amount of agent workload change relative to its capacity quota. This
guota is a constant during the agent execution on a server with a fair-share scheduling scheme.

4 Service Migration Decision

A virtual machine is composed of a set of servers executing tasks of their residing agents and synchronizing
with each other by performing barrier operations between phases. By the dynamic system in (3.1), it is
expected that the servers’ scaled workload will change with time and cause overloaded states. Since the
duration of a phase is determined by the heavily loaded servers, the overall system performance may dete-
riorate in phase. Service migrations aim to eliminate the performance bottleneck of a virtual machine by
increasing capacities of the overloaded components. A service migration involves the tasks of transmitting
service states and data along with the residing agents to a destination server with a higher capacity, continu-
ing services and resuming agent execution there. Although we do not focus on the details of how to perform
service migrations, it is clear that a migration operation would incur significant run-time overhead and the
adaptive computation can not afford frequent migrations.

The objective of service migration decision is to obtain the optimal timing in phase to minimize the migra-
tion frequency, and the low bound of the destination server capacity to guide the server selection. In the
following, we suppose there are only service migrations during the execution of a virtual machine. The
agent migration decision problem and its interplay with service migration will be tackled in Section 5.1.

4.1 Migration Candidate Determination and Service Migration Timing

Although servers of a virtual machine need to perform global barrier synchronization between phases, their
executions within a phase can be assumed to be independent. This is particular the case in agent-based
systems, where autonomous agents perform their own tasks with local services and data sets. A service
migration decision is made by a server based on its overall workload relative to its capacity. In the following,
we use a set of simplified notations, in whichenotes any server in a virtual machineandm representing



its capacity and number of agents; , as, . . . , a,,) being the sequence of its agents(/) andé; (/) denoting
the scaled workload and workload change of a residing ageattphase.

For servers, its overall workload at a phase is the summation of all its agents’ workloads, if we do not
consider their overlapping. We defiegpected relative workloaof servers at phasé as

_ ppmwil)) (4.1)

m

r(l)

Expected relative workload represents a server’s overall workload w.r.t. its capacity. We use the scaled
workload of each agent in order to ensure workload of different servers in the VM are comparable with each
other.

Most of previous work designs migration strategy to minimize the degree of overload. Due to the non-
negligible runtime overhead in migration, certain degree of overload must be tolerated. We reformulate
the decision problem as "Given a bound of overload, find the minimal migration frequency”. Therefore,
the optimal migration timing is obtained by finding the maximal phidsier a given overload boung®,
0<R<1,ie.

r(l) < R. 4.2)

R reflects the degree to which a server is considered to be overloaded. To find the maximal phase in (4.2), we
need to calculate the expected value of scaled workla@t) for each residing agent. But the heterogeneity

in terms of different server capacities and alteration of an agent’s scaled workload due to service migration,
add complexity to its calculation. Next, we try to derive the expression of scaled worklgadwith
reference to the value? (1) on the original server.

Consider serves makes a service migration at certain phasd.et s’ denotes the server after migration,

in the space domain We use(c’, m’) to represent its capacity and number of agents, respectively. For a
residing agent, say;, its scaled workload and workload change after migration are denoted by, d.(-)).

The workload conservation propertstates the workload of an agent remains unchanged at the moment
of migration. That isw,(k)c’/m' = w;(k)c/m. In thetime domain with the additive scaled workload
evolution model in Eq. (3.1), itis cleas,(l) = w}(k) + Zf&;i d/(t), for phase$ > k. If there is no service
migration at phase, the scaled workload becomes(l) = w;(k) + Zi;}g di(t), fori > k. By Assumption

2, we haved(t)c'/m’ = 6;(t)c/m. Thus, we derivev.(l) = w;(l)em’/(c'm). Together with(c®, m°) for

the original server angh = m° due to no agent migration, the scaled workload of agewoh servers can

be calculated as 0
wi(l) = wié(l), (4.3)

whereé = ¢/ is called therelative capacity We can see that the scaled workload of an agent equals its

initial scaled workload relative to the ratio of capacities between the current server and original one. This is
caused by service migrations in the space domain.

Let u; be the means of scaled workload chan@é(s), for i = 1..m. According to the additive workload
evolution model, the scaled workload of agenon its original server at phases w) (1) = w0+2i;(1) 59(t),
wherew, = w?(0) is scaled workload at the pha8ei.e. the initial scaled workload of an agent on its
original server. Since the scaled workload chanijés) in different phases are i.i.d. random variables, we
have the expected value of scaled workldaidy;(1)] = E[wY(l)]/¢ = (wo + lu;)/é. Thus, the expected
relative workload of servesr becomes

2im(wo + i)

wo + lﬂ
meé ¢

r(l) = 4.4)



wherenn = (3%, 11;)/m is the average change rate of the scaled workloagi # 0, then the overall

scaled workload of a server tends to remain unchanged or decrease, as the computational phase proceeds. It
means there is no need to perform service migration any more. So, we only consider the cages with

our discussion. With (1) < R, we have the following theorem to determine the optimal timing for service
migrations.

Theorem 4.1 For any servers with capacityc in a virtual machine, suppose the scaled workload changes
of different agents on the original servéf)(-), i = 1..m, have meang; and their average: > 0. For
a given overload bound R, < R < 1, of the expected relative workload, the optimal service migration
timing [* in phase, under Assumption 1 and Assumption 2, is
cR — wo

I* = (4.5)

i

Intuitively, Theorem 4.1 states that the optimal service migration timing of a server equals to its available
server capacity, apart from the initial workload, divided by the average rate of workload increase. Eq. (4.5)
reflects the influence from both the time domain (by the average mean of scaled workload changes) and
the space domain (by the relative server capa@itylt shows the timing is proportional to the relative
server capacity. This is because bathand eachu;, are defined relative to capacity of the original server.

To reduce the service migration frequency, we can select the destination server with the highest capacity.
But this greedy strategy may allocate more resource to less heavily-loaded servers, which leads to resource
imbalance in the virtual machine. We will discuss this tradeoff in Section 4.2.

4.2 Destination Server Selection

Servers in a virtual machine independently decide when to perform service migrations based on Theo-
rem 4.1. At phases of the optimal service migration timing, their services and agents will be transmitted
to the destination servers. As we have discussed in the previous subsection, the selection of a destination
server is a tradeoff between the local and global performance optimizations. From an individual server’s
perspective, it is preferable to obtain an available server with the highest capacity as its destination so that
its service migration frequency becomes minimal. But from the perspective of the entire virtual machine,
itd better allocate more powerful servers to more heavily-loaded servers. In this section, we introduce a
migration gain function and try to find the minimal capacity, that a prospective destination server must have,
for a given target gain value.

For servers in a VM, the execution time of its agent at phasd, ¢;(l), is proportional to its workload
relative to the capacity quotae. its scaled workload, as (/) o« w;(l). The duration of a computational
phase on a server is determined by its agent with the longest finishitené(l) = Jmax t;(1). Consider

servers makes a service migration to an available server, denoted, with capacityc’ at the optimal
migration timing/* according to Theorem 4.1. We requife> ¢, otherwise this migration is meaningless
w.r.t. the system performance improvement. Thus the execution time of each agent ons'seiilldre
reduced. We define thexpected migration gaifor this service migration as

g(¢) = B[ (t(1) = '()) ] = E[O(w(")], (4.6)

I=l*



wherek is the prospective optimal migration timing for serwéwith its supposed capacity according to
Theorem 4.1. The execution time on sery/dst’(1) o max w; (1), andO(-) returns the migration overhead
1= m

for a given scaled workload. The expected migration gain function describes the performance improvement,
in terms of agents’ execution time on the two servers until the next service migration, compared with the
migration overhead. We do not use execution time of the entire virtual machine as a metric to express
performance gain, due to the unpredictable behaviors of other servers in the VM and the independency of
server execution. We expect the performance benefits in terms of a&/dhoen a service migration. The

target gain(, is measured relative to the migration overhead. So, the selection of a destination server in a
service migration is guided by finding the low bound of server capacity for a given non-negative target gain
valueG of the migration gain functioni,e.

g(c’) > (. 4.7)

A special case is to have = 0, which means no benefit is yielded from a migration except to counteract the
migration overhead. By increasii@ capacities of the destination servers will become higher accordingly.
But to avoid resource allocation imbalance in the virtual machine, we need to choose the valag-of
propriately. Since the state information of services on a server is usually maintained by a relatively limited
number of variables, the main portion of the service migration overhead is caused by transferring codes and
data of services. The size of data set is likely to change little since its initial assignment to a server and the
code of services are immutable. So, the migration overhead of a server can be represented by a constant,
denoted byH. However, our optimization approach is still applicable with the general overhead function,
O(+). Since the execution time of an agent]), is solely determined by its scaled workloag(!), we will

use these two terms interchangeably. Next, we transform the migration gain function to find the minimal
capacity of the destination server for a given target gain value.

With the expressions dfl), ¢'(1) andw; (1), the expected migration gain (4.6) becomes

~ L > B[ max wf()] - H, (4.8)

whered@ = ¢//°. Let u; ando? be the mean and variance of the scaled workload chapge Since
w(1) = wo + S'24 62(t) and the phase-wise scaled workload changes of each &gendare i.i.d. random
variables w.r.t. phases, the central limit theorem of statistics [19] guarantees thgdtadarge, the distri-
bution ofw(l) tends to become normally distributed with mean+ Ip; and variancéo?. Because)(-),
for i = 1..m, are independent random variables, scaled worklagds are also independently distributed.

So we havePr{ max wi(l) <} = [[ Pri{wd(l) < «}. Since each)(-) > 0, itis clear

i=1l..m =1

E[ max w)(l)] = /000 Pr{‘mz.a,.);nw?(l) >zxtdr = /000[1 — H/x fi(u) du] dz, (4.9)
i=1Y 7

wheref;(u) is the probability density function of normal distribution with parameteyst Iu; andlo? for
scaled workloadu?(l). Therefore, we can derive the low bound of the destination server capacity, as shown
in the following theorem.

Theorem 4.2 For any servers with capacityc in a virtual machine, suppose the scaled workload changes
of different agents on the original servéf)(-), i = 1..m, have meang; and variancesr?. For a given



non-negative target gain G of the expected migration gain function, the minimal capacity that a prospective
destination server must have during a service migration at the optimal pfaseder Assumption 1 and
Assumption 2, is

¢ = max{c", c+ %co 1 (4.10)
where R is the overload bound of the expected relative workload in (4.2) aisthe solution to equation:

k-1

1 1 (%s) m T
(z—=z)) [ (1-— fi(u) du) dz] — H = G, (4.11)
DAL Y

=

in which the optimal service migration phadés= (¢R —wp)/izandk = (¢ R—wg)/fii by Theorem 4.1.

Proof: By applying E[max;—1 ., w?({)] in Eq. (4.9) to the migration gain function, we get the left-hand
side part of Eg. (4.11). And it is clear the resulting gain function monotonously increases as its parameter
¢ becomes greater. So for a given target gain v&@ué¢he minimal capacity satisfying(¢’) > G is the
solution to equatiog(c¢’) = G, denoted by:*.

At the same time, the prospective optimal migration phaser the new serves’ should be greater than
phase* for servers. Otherwise, a hew service migration will occur as soon as the previous one completes.
We call this phenomenidle migrations So, we have: > I* + 1, i.e. (Ré — wo)/in > (R¢ — wo) /i + 1

and obtainc > ¢ + jic’/R. Therefore, the minimal capacity of a destination server takes the form in the
theorem. O

The expected gain function is hard to calculate by Eq. (4.9). A special case is when the scaled workload
changes?(-), for i = 1..m are i.i.d. random variables with the same mean and variance. This is reasonable
for the SPMD applications, in which agents execute the same program on their own data sets and they have
similar workload change behaviors. For these applications, the minimal destination server capacity can be
determined by the following corollary.

Corollary 4.1 For any servers with capacityc in a virtual machine, suppose the scaled workload changes
of different agents on the original servéf)(-), i = 1..m, have the same meanand variances>. For

a given non-negative target gain G of the expected migration gain function, the minimal capacity that a
prospective destination server must have during a service migration at the optimal/phasder Assump-

tion 1 and Assumption 2, is determined by Eq. (4.10), wheris the solution to equation:

k—1
)Z[wo+lu+a(m)axfl] — H =G, (4.12)
I=t*

[N
Q\I‘y—t

(

in whicha(m) = (2 Inm)Y2 —(InIn m+1In 47)/[2(2 Inm)/2] +~/(2 Inm)'/? and~ is Euler’s constant
(0.5772--).

Proof: Since the scaled workload chanijeé-), i = 1..m, have the same mearand variance?, the scaled
workloadw{ (1), i = 1..m are i.i.d. normally distributed random variables with the same ngan ;. and
variancelo. According to the extreme value theory [1], we have

E[ max w?(1)] ~ wo + lp + a(m)o V1, (4.13)

i=1..m
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Therefore, the expected migration gain equals to the left-hand side of Eq. (4.12). Thus the minimal destina-
tion server capacity is determined according to Theorem 4.2. O

We can see the minimal destination server capacity ensures the performance improvement due to a service
migration equals to a given target gain in addition to the migration overhead. Since servers make their
migration decisions independently, it is possible that two or more servers may decide to migrate to the same
destination server according to Theorem 4.2. This phenomena is daithation conflictionin service
migration. To solve the confliction and reduce migration frequency, we allow the server with the largest
prospective next optimal migration timing, determined by Theorem 4.1, to take the destination server. Other
servers will try to choose those from the remaining available servers with the least sufficient capacities.
After selecting a destination server and completing service migration to it, we update the server sequence
of the VM and the capacity distribution sequerneSince then, the renewal process begins a new round of
virtual machine computation and each server determines its next migration timing.

5 Hybrid Migration Decision

The properties of autonomy and multi-hop mobility make mobile agent as a suitable technique to achieve
load balancing in distributed computing. Like service migration, there is also a decision problem for agent
migration. But the dynamic environment with server reconfiguration and interaction among different agents
greatly add to the difficulty of its decision. In this section, we model the agent migration decision problem
by dynamic programming and extend the service migration decision to incorporate hybrid mobility.

5.1 Agent Migration Decision

To adapt to the change of server capacities, agents may need to migrate. The decision question is when to
migrate and which server the agent should travel to. A locally optimal strategy can be derived if we assume
individual agents make their migration decisions independently. But unlike service migration, different
agents may migrate to the same server. The interaction among them may cause this migration strategy
useless. So, certain global information about the agent or workload distribution is needed. If we consider
the global optimization of agent migration, the decision problem is equivalent to the task scheduling in
distributed computing. In general, it is a NP-problem to find the globally optimal task distribution. However,

in the bulk synchronous computation model for SPMD, agents proceed their computation in phases and their
carry out the same task at each phase. Itis possible to find a feasible optimal solution to agent migration with
some global information. We relate the coordinated decision problem of agent migration to the remapping
problem in parallel computing and use dynamic programming to derive a globally optimal solution.

We define thestateof a VM as the workload distribution of different servers at certain phase. Assume the
choice of agent migration while in stateincurs a costC(v, u), wherew is a binary decision: migrate or

not. C(v, u) may be random. The decision process then passes into another state. The prghafiljtgf
passing into state from v is dependent on the action chosen in statéhe expected total cost of a decision
policy is the expected sum of the costs incurred at each decision step. An optimal decision policy minimizes
the expected total cost.

Let 7 (v) be the expected total cost of the VM which starts in stat@nd which is governed by the control
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decisions. Then
J () = min{C(v,u) + Y pueT ()}, (5.1)

qel

wherel is the set of states that the VM may enter from statilie to agent migration. For any decision
process state, let next(v) denote the set of states reachable frenm one phase anti-avel(v) be the
entry state of an agent migration. Each decision state(ry,...,rn,l + 1) € next({v1,...,vn,l)) hasa
transition probability

Pr{irjv} = HP?“{ rilvi },

wherePr{r;|v;} is the probability of chairi passing from state into stater; in one phase. The execution
time of the VM at state is determined by the most heavily-loaded server,¢(v) = max{v;}. Eachv;
7

equals to the scaled workload of the agent with the longest finish time. That:'tSm’?X{wM(l)}. Eq.
(5.1) can be re-written as

t(?)) + Zv’énemt(v) PT(UI‘U)j(Ul)
t(’U) + C(U’ ’LL) + Zv’Enext(travel(v)) P?"(vl|v)j(1},)’

where the bottom equation on the right-hand side is the cost function associated with agent migration, and
the top equation is associated with no migration.

(5.2)

u

J(v) = min {

According to the theory of Markov decision processes, the optimal decision to make from $tatiee
decision which minimizes the right-hand side of Eq. (5.2). If the number of phases the agent takes is some
random variable with finite mean, then the system of equations given by (5.2) can be solved. The iteration
algorithm proposed in [30] can be applied to solve the equation.

5.2 Interplay between Service and Agent Migration

With the introduction of agent migration, the set of residing agents on each server of a virtual machine will
not be immutable any more. An agent may land on or leave from a server at any phase. So the service
migration decision problem is quite different from the discussion in Section 4.

An agent may decide to migrate to a server that will perform a service migration to another server at the
same phase. So the informati@ng. server capacity, for the agent to make decision may be incorrect at the
moment of its migration. To avoid this problem, we require service migrations are decided and performed
first, and after their completion, agents decide whether to migrate or not with the new system information.
Now the agent distribution sequenkk=(m1,ma, ..., my) of a VM is no longer a constant. Instead, we

treat it as a sequence of random variables whose distributions are determined by the dynamic agent migration
strategy discussed in Section 5.1. At certain computational phase, the residing agents ereserenoted

by (a1, aq,...,an). They may come from different servers via agent migration. These agents are assigned
to their original servers, represented @y,), s(2), - - -, S(m)), at phasé = 0. Entries in this sequence may

be identical, which reflects some agents come from the same server. The optimal service migration timing
for a server in Theorem 4.1 will be extended by considering the dynamic composition of its agent set. As
we can see, it is quite complicated to make optimal decisions with both service and agent migrations for
general applications. Here we consider a simplified case where agents on their original servers have the
same capacity quota. It can be realized by the task scheduler at the system initiation. The optimal service
migration timing with agent migration is described in the following theorem.

12



Theorem 5.1 For any server with capacityc in a virtual machine, it3n agents may migrate from different
servers. Suppose these residing agents are, at the initial phase, have equal initial capacity,qUdtair
scaled workload changes)(-), i = 1..m, have the same mean For a given overload bound R,< R <
1, of the expected relative workload, the optimal service migration tirifing phase, under Assumption 1

and Assumption 2, is

e Lo R
Sy L &3

Proof: For a residing agent; on servers, suppose it originally resides on serwgj;, whose capacity and
initial number of agents aré{)i) andm?i), respectively. Its initial capacity quotg = C(()i) /m(()i). According
to the previous discussion, its scaled workload at phasev; (1) = w?(l)c(()i)m/(cm?i)) = wd(l)gom/c.
Sincew? (1) tends to have a normal distribution with meag + /1, we haveE[w? (1)qo] = (wo + 1) qo-
Similarly, the initial scaled workloads of other agents on servare also normally distributed. The
random variablesv{(1)qo, . .., w%,(1)qo are i.i.d. with the same meanug + lu)go. Sincem is also a
random variable, we have

) = B wlOa] = - BLEY wlOalm]] =+ BlmE[w)0a]]
=1 =1

Al O

= — - EmlE[w(D)q] = %(Jo(wo +lp)Elm].

By applying the above equation idl) < R, the optimal service migration timintf of servers can be
derived as in the theorem. O

According to Theorem 5.1, we can see the optimal service migration timing is reversely proportional to the
expected value of agent number This can be explained that as the number of agents on a server increases,
its overall workload tends to become greater and this leads to a reduced migration interval. Compared
with Theorem 4.1, Eq. (5.3) is additionally related to the initial capacity quota of each agent due to agent
and service migration. The destination server selection policy in Section 4.2 can also be extended when

incorporating agent migration.

6 Simulation Results

To verify and analyze results of the migration decision according to our optimal model, we performed
experiments to simulate the random processes of agent execution in a reconfigurable VM with 30 agents on
each server. Simulations were conducted using Matlab and each data point of the simulation results was an
average of 200 runs. The 95% confidence interval for each simulation result is also presented to demonstrate
the robustness of the estimates. The distribution functions of agent workload evolution characterize the

workload dynamics in three of various applications.

Case 1.In the first experiment, we were to find and verify the optimal computational phase before a service
migration according to Theorem 4.1 with the objective of minimizing the migration frequency. The agents
on a server were divided into three groups with 10 agents in each one. They might be run in different phases

and their initial scaled workload changes obeyed the following distribution functions respectively.

0.1  w.p. 0.50, 0.1  w.p.0.25,
59(5):{ 8'1 xp' 8'28’ A0 ={0 wpo025 &N0={0  wp.0.50,
-P- UL, —0.1 w.p. 0.25. —0.1 w.p. 0.25,
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Optimal service migration phase

Figure 2: Optimal service migration timing (numerical results).

where w.p. means "with probability”. The distribution of scaled workload cha¥g8 implies the total
workload of an agent keeps increasing. This is valid in the early phase of some search algorithms, such
as the branch-and-bound method [12]. The branching procedure recursively expands a (sub)problem into
subproblems such that the size of subproblem set is on the steady increase. The second distfibution
indicates the bounding procedure computes the expanded subproblems, which completes part of agent’s
workload. But the agent tends to generate hew subproblems with higher probability as the computation
proceeds. In the third phagé(l), the rates of subproblem generation and completion tend to be equal so
that the agent’s expected workload remains unchanged for a certain period.

We varied the initial scaled workload, from 0.2 to 0.6 and the capacity of each server relative to the
original server of its residing agents,from 1 to 7. The corresponding optimal migration timing changed
from the 4" to 244" phase as shown in Fig. 2. The bound of overlo&dindicates the degree to which
certain overload must be tolerated by a server to avoid frequent migration. Its value should be set according
to the runtime overhead of service migration. By varying the overload béufrdm 0.7 to 0.9, we can

see the migration timing increases. Even with = 0.5, R = 0.7 and¢ = 4, the optimal migration

phase is tha 00**, at which much computation has been performed. So service migration is a feasible
approach to realize virtual machine reconfiguration. Fig. 3 shows the migration phases simulated by random
processes when the initial scaled worklaaglis 0.5. This does not affect the experiment results. We can
see our migration decision provides an accurate low bound in determining the service migration timing. The
difference between simulated and predicted results tends to decrease as the overlodtlihoteabses. The

small confidence interval indicates the robustness of the estimates.

Case 2.The purpose of the second experiment is to verify the accuracy of destination server selection by
Theorem 4.2 for a service migration. The agent composition and distribution functions of scaled workload
change were the same as those in Case 1. The initial scaled workload of agents and overload bound were
set aswg = 0.5 and R = 0.8 respectively. The service migration overhead whs= 50, as 100 times

greater than the initial scaled workload. It confirms to our measurements of the runtime overhead of service
migration in M-DSA [8].
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Figure 5: Destination server selection with extreme value theory.

Fig. 4 plots the minimal capacity that a prospective destination server must have. We varied the capacity of a
server from 1 to 5.5 relative to the original server and measured the minimal relative capacity of destination
server. We can see the predicted value is either equal to or slightly smaller than the simulated result. This is
because our migration decision finds the low bound of destination server capacity. The difference is caused
by approximating the scaled workload of an agent by a normal distribution according to the central limit
theorem. From the figure, we can also see that the minimum value of destination capacity increases at a
sub-linear rate. The target gain valGerepresents the expected benefits from service migration and it is
measured relative to the migration overhead. As shown in the figure, if the target gaset t020% of the
migration overhead and the relative capacity of a server is 1, the minimal relative capacity of a destination
server is about 2.3. Then during the next optimal migration timing, this service will be further migrated
to an available server whose capacity should be at least 4.0 times greater than the original server of its
residing agents. After migration, the process will be renewed and agent tasks will be executed until the next
migration.

Case 3.In the third experiment, we repeated the second experiment, but assuming all agents of a server had
the same distribution function of scaled workload change as

0.1 w.p. 0.50,
=<0 w.p. 0.25,
~0.1 w.p. 0.25.

According to Corollary 4.1, the problem of finding the lower bound of destination server capacity can be
approximated by using the extreme value theory.

Fig. 5 shows the accuracy of the prediction approximation. The results in solid line are due to simulation
measurements. Compared with the predicted values in Case 2, Corollary 4.1 is a little less accurate in
destination server selection. It is because the extreme value theory provides an upper bound approximation
of the expected value for maximal jointly distributed random variables. But, in the figure, we can see the
predicted results are still very close to the simulated ones. The advantage of applying Corollary 4.1 is to
simplify calculation of the expected migration gain function.
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Figure 6: Optimal service migration timing for hybrid mobility (numerical results).

Case 4. The decision problem of agent migration has been modelled by dynamic programming in Sec-
tion 5.1. It can be solved by an approach proposed in [30]. To analyze the interplay between agent and
service migration, we conducted the fourth experiment. We applied Theorem 5.1 to extend the optimal
service migration decisions in Case 1 and conducted simulations to verify the results. To meet the premise
of the theorem, we assigned 30 agents to each server and ensured each agent was allocated the same initial
capacity quota. All other settings were equivalent to those in Case 3.

Fig. 6 plots the optimal service migration timing by incorporating agent migration. We varied the capacity
ratio between a server and the original one of the residing agents. For each ratio value, we measured
the optimal migration timing corresponding to different expectations of the agent nudfpef, This
expected value represents the dynamics of agent migration. From the figure, we can see the migration timing
decreases as the expectation of agent number increases. An extreme was reachBfinwyhens5 and

server capacity ratio was 1.5. Its migration phase was about 6. This was resulted from many agents landing
on this server and the overall workload rapidly overwhelming its capacity. As computation proceeded,
agents might decide to migrate to other light-loaded servers. Thus, the server's next migration interval
became expanded accordingly. The expected value of agent number for each server can be determined
dynamically by the history information of agent membership during the computation. Fig. 7 presents the
simulation results. We measured the migration timing for the capacity ratio equal to 1.5, 3.0 and 4.5. We
can see the difference between simulated and predicted phases tends to be smalarguad0, which

is the initial number of agents on each server.

7 Conclusions

In this paper, we have studied the decision problem of service and agent migration for a reconfigurable
virtual machine. The migration timing and destination server selection of service migration are modelled
as stochastic optimization models. Thus, we have derived optimal migration policy in both time and space
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Figure 7: Optimal service migration timing for hybrid mobility witly = 0.5 andR = 0.8.

domains for given overload bound and target gain value. We have formulated the agent migration decision
problem by dynamic programming and analyzed the interplay of the two migration problems.

We note that although the assumption of scaled workload changes remaining the same distributions during
migration was assumed in literature, determination of a distribution is non-trivial. Armsgtaalgexperi-

mented with the NAS benchmarks on different machines to determine the distribution types of the execution
time [2]. They found that running the same job on different machines led to different execution time means
and different distribution types. We have analyzed the impact of distribution alteration of scaled workload
changes during service migration to the migration decision policy and derived the optimal migration tim-
ing in [9]. However, it becomes quite complicated when considering the destination server selection and
interplays between service and agent migration. We will look for alternative approaches to find the opti-
mal migration policy for them. The present solution to destination conflictions, discussed in Section 4.2, is
still primitive. It is difficult to make a globally optimal decision when several servers decide to migration

to the same destination server according to the minimal capacity by our decision scheme. The solution is
complicated by the dynamics of hybrid migration. New approaches will be integrated to our optimal model.
In addition, we will investigate the support of fault tolerance by hybrid mobility, which is an important
application of reconfigurable VM systems.
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