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Abstract

Conventional migration strategies attempt to evenly bal-
ance the load across all available server machines. This
paper discusses why conventional migration approaches
are not necessarily appropriate for distributed memory-
based file systems and presents and alternative approach
that spreads data (possibly unevenly) across as few ma-
chines as possible and involves other available machines
only as needed. The main advantageof our approachisthat
it keeps the system minimally distributed thereby reducing
thefailurerate among servers, the communication overhead
among servers, the time needed to compute data relocation,
distributed addressing costs, and the probability of unantic-
ipated migrations(e.g., caused by, and an inconvenienceto,
returning users).

1. Introduction

Database and file storage systems have historically suf-
fered from high access latencies. In fact, 1/O latency is one
of the major reasons application performance has not im-
proved at the same rate as processor speeds[15]. Inour pre-
viouswork [11], we introduced a distributed memory-based
file system (MBFS) that used the idle memory and proces-
sor cycles of a network of workstations to provide persis-
tent storage with read and write latencies more than an or-
der of magnitude faster than conventional disk-based stor-
age systems. Other researchers have proposed similar sys-
temsthat improveread latency (as opposed to read/writela-
tency) by treating remote memory as additional file cache
space[2, 6,3,7,12].

This paper builds on our past work by examining theis-
sue of datamigration in a distributed memory-based storage
system. We introduce a new data migration algorithm that
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differs drastically from conventional migration algorithms
used to load balance processes in a distributed system [19]
or file accesses in a disk-based distributed storage system
[21, 22].

Conventional process migration algorithmsand load bal-
ancing algorithms attempt to (1) spread the load across all
available machines, and (2) balance the load as evenly as
possible. Failureto use all machinesmeanswasted CPU cy-
cles. In addition, if one processor is more heavily loaded
than another processor, performance may suffer. Thus bal-
ancingisimportant. The same goalsapply to disk-based file
systems that alow file migration. For example, the snow-
ball disk-based distributed file system [21, 22] showed the
importance of balancing, noting that a highly balanced load
(e.g., amaximum imbalance of 0.5%) performsthree times
better than adightly imbalanced load (e.g., amaximumim-
balanceof 5%). Achievingacarefully balancedloadiscom-
putationally expensive and keeping the load balanced typi-
cally means frequent migration.

Our previous work [11] illustrated two unique char-
acterigtics of distributed memory-based storage systems
that differentiate them from their disk-based counterparts.
These differences significantly affect the goals we set for a
memory-based migration algorithm.

First, disk-based file server performanceis primarily de-
termined by client request rate. An increased request rate
means longer disk queuing delays at the server resulting in
higher responsetimes. Although memory-based serversare
affected by client request rate, the amount of data stored
on a server also influences a server’s performance. If the
amount of data being accessed exceeds the server’s mem-
ory capacity, page swapping increases and as a result, the
server’s performance can degrade by an order of magnitude
or more. Consequently, memory-based servers are char-
acterized by two loads rather than one. CPU load repre-
sents the number of requests processed per second by the
CPU and memory load representsthe amount of activedatat
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stored at the server. If the CPU is busy 100% of the time
or if the server’s memory space is 100% utilized we say the
server has“reacheditscapacity” andis* saturated”. Exceed-
ing the memory capacity is potentially more dangerousthan
exceeding the CPU capacity because CPU overloads only
cause performance to degrade slowly while memory over-
loads cause disk paging that can degrade performanceby an
order of magnitude or more.

A second finding from our previous work is that if two
different servers are both executing below their capacity,
both servers will have approximately the same average re-
sponse time, regardless of their specific loads. When a
server is executing below its capacity, CPU queueing de-
lays and memory access times are insignificant compared
to the network latency. Because network latency dominates
a server’s response time, the specific load on the server
has little impact on performance. Thisis not true of disk-
based systems. In disk-based systems, disk latency and
disk queuing delays dominate server response time. Thus,
small changes in request rate can severely affect a disk-
based server, even if it islightly loaded.

Memory-based storage systems can, of course, use disks
for additional storage spaceif necessary. However, if theac-
tive file system data exceeds the aggregate physical mem-
ory capacity of the system and disk swapping ensues, queu-
ing delays caused by high disk latencieswill begin to domi-
nate server response time just like disk-based storage sys-
tems. To differentiate disk-based models from memory-
based models, we assume that memory-based storage sys-
tems have sufficient aggregate memory capacity to hold a
file system’s active data. Because the active data is primar-
ily memory-resident, the number of disk faults will not be
sufficient to affect average server responsetime.

A final characteristic of our memory-based system that
impacts the migration algorithm is the fact that the system
uses idle memory and processing power. The location of
idle resourcesin the system will change (over time) for var-
ious reasons (e.g. usersreturning to their machines after an
absence). If a machine undergoes a transition from idle to
active, MBFS must relinquish the resourcesit has borrowed
on that machine and find alternate idle resources. Anticipat-
ing transitionsis difficult because user behavior istypically
unpredictable. Consequently, transitions should be avoided
if at al possible. When they do occur, other idle resources
must be found quickly to minimizethe inconvenienceto the
users and applications.

In light of our two previous observations and the goal
to avoid inconvenience to client applications, this paper
presents a new migration algorithm that attempts to keep
the system minimally distributed while allowing load imbal -
ances. Keeping the system minimally distributed reduces
the failure rate among servers, the communication over-

set of gpplications. Section 3 provides a more detailed description.

head among servers, the distributed addressing costs, and
the chance of a migration occurring because of unantici-
pated transitions from idle to active. Despite the minimal
distribution and load imbal ances, the system exhibitsperfor-
mance similar to that of a maximally distributed fully bal-
anced system.

2. Related Work

Remote memory systems have been investigated in ava-
riety of contexts. Thefollowing briefly commentson related
remote memory systems, and, when possible, describes the
migration mechanism used. We also briefly mention past
work in the area of load balancing.

2.1. Remote Memory Systems

Comer and Griffioen [2] introduced the remote memory
model in which client machines accessed the memory re-
sources of one or more dedicated remote memory servers.
Client machines that exhaust their local memory capacity
move virtual memory data to a remote server’s memory
and retrieve data on demand. Only dedicated remote server
memory was accessible to clients. Each client’s memory
was private and inaccessible even if it was idle. Data mi-
gration between servers was not supported.

Felten and Zahorjan [5] enhanced the remote memory
model to use idle client machines for backing store instead
of dedicated memory servers. ldle client machines adver-
tise their available memory to acentralized registry. Clients
needing more space contact the centralized registry and ran-
domly pick one of the idle clients returned by the registry.
Like[2], datawas not migrated among servers.

Dahlin et al. [3] describe an algorithm called N-Chance
Forwarding that manages a cooperative cache. N-Chance
Forwarding tries to keep as many different pages in global
memory as it can by showing a preference for singlets (sin-
glecopiesof ablock in someclient’smemory) over multiple
copies. Duplicate pages, chosen for replacement, are sim-
ply discarded because the cache only stores clean (unmodi-
fied) pages. A singletisforwarded from machineto machine
N times before being discarded. Since the forwarding des-
tination is picked randomly, forwarded pages could be sent
to heavily loaded clients or even non-idle machines with no
available memory.

Feeley et al. [7] describe the Global Memory Service
(GMYS) system that uses per node page age information to
approximate global LRU on a cooperative cache. Like N-
Chance Forwarding, GMS's page replacement algorithm
only storesclean pagesand does not consider aclient’'s CPU
or memory load when deciding the movement or replace-
ment of pages.



Hartman and Sarkar [16] present a hint-based coopera-
tive caching algorithm. Previous work such as N-Chance
Forwarding [3] and GM S [7] maintain facts about the loca-
tion of each block in the cooperative cache. Although block
location hints may be incorrect, the low overhead needed to
maintai n hints outweighsthe costs of recovering fromincor-
rect hints. Should hints be missing or incorrect, a client can
always retrieve a block from the server, to which all write
requests are sent. Using hints, block migration is donein a
manner similar to that of GMS[7].

TheHarpfilesystem[12] runson aset of dedicated server
nodesand uses memory, UPS, and replication to ensure per-
sistence and availability. MBFS uses UPSin asimilar fash-
ion. However, MBFS also supports server expansion and
contraction and data migration.

Franklin et al. [6] use remote memory to cache dis-
tributed database records and move data around using an
algorithm similar in nature to that of N-chance forward-
ing. Client load was not considered by the data migration
mechanism. Several other researchers have proposed non-
distributed memory-resident database designs [8] which do
not have to deal with data migration.

2.2. Load Balancing

Distributed process scheduling and load balancing have
been studied by many researchers[19, 18]. All of these sys-
tems focus on placing processes on machinesin such away
that all processors are continuously busy and the load on
each processor is roughly equivalent. For most distributed
applications, maintaining a balanced load is crucial in order
to optimize performance. Even the dlightest imbalances can
severely degrade performance. Other systems treat tasks as
a work heap with processors seeking-out tasks. This as-
sumes that any processor can service any task. In MBFS,
each server is responsible for only a portion of the stor-
age space and cannot serve an arbitrary request. For each
client request, MBFS uses a dynamic addressing scheme
[11, 22, 13] to find the address of the server that can satisfy
the request.

The topic of disk balancing was addressed in Snowball
[22], a distributed disk-based database. Snowball demon-
strated that small load imbalances (disk utilization across
servers differed by only 5%) increased average server re-
sponse time by a factor of three over highly-balanced loads
(disk utilization differences of 0.5%). As we will show in
the following sections, balanced loads that are crucial for
disk-based systems are not crucial for memory-based sys-
tems.

3. A Memory-Based Storage Model

The Memory-Based File System (MBFS) uses the idle
memory foundin anetwork of workstationsto storefile data.
In the following, we briefly outline the architecture of the
MBFS system. Details of the system can befoundin [11].

The MBFS system consists of general purpose worksta-
tionsconnected viaahigh-speed network. Althoughthe net-
work can be arbitrarily large, made up of one or more lo-
cal area networks, we assume the latency between any two
machinesin the network is small (e.g., at least one order of
magnitude faster than typical disk latencies). Users execute
general purpose programsat random timeson the network of
workstations. We call any application executed on a work-
station a client application. Although MBFS provides ba-
sic file storage, we will assume in this paper that the pri-
mary client application is a distributed database that needs
high-performancefile storage. An MBFS server process ex-
ecutes on every machine that has idle capacity. Together
the servers provide the storage space for the MBFS mem-
ory storage system. MBFS servers have the lowest priority
and are essentially “guests’ of the machine they borrow re-
sources from.

At any given time, each workstation operates as an
MBFS client, server, neither, or both, and may changeroles
over time. When clients need the local machine’sresources,
the server component will shrink or disappear. When no
clients are active, the server will acquire the idle resources.
Inthisway, the system dynamically adjuststo alternating pe-
riods of activity and inactivity.

The primary role of the MBFS serversisto keep al ac-
tive file data memory resident, and to respond to client re-
guests without incurring any disk accesses. MBFS stores
both modified and unmodified data. Servers ensure long-
term persistence of modified data by propagating newly
written or modified records to their disk in the background.
To ensure short-term persistence without accessing disks,
MBFS temporarily writes modified data to a limited num-
ber of special server machines equipped with Uninterrupt-
able Power Suppliescalled WUPS (Workstationswith UPS).
In the event of a power failure, the UPS gives the worksta-
tion adequate time to write the memory contentsto disk and
shutdown, ensuring that all dataisreliably stored and can be
recovered. Recovery from server crashes are handled with
techniques such as those proposed in [1].

MBFS assigns each file to exactly one server. A server
wherethefileis stored is called the primary location of the
file. To find the primary location of a file, MBFS uses an
addressing function that allows the address table to be dy-
namically expanded or contracted. Each entry in the table
maps a “bucket” of file block IDs to the server where the
block is stored. Our current addressing algorithm is based
on dynamic hashing with multiple hash-levels[11, 22, 13].



Our dynamic addressing algorithm has several advantages.
First, it minimizesthe table size. Second, it allowsthe table
sizeto grow or shrink in responseto the addition or removal
of new servers. Third, buckets in the table can be split to
create smaller bucketsin order to obtain a more reasonably
balanced load. Finally, timestamps can be used to merge ad-
dress tables on different machines to create a more up-to-
date copy of the address table. Note that the primary loca-
tion of afile may change over time as aresult of migration.
In our original MBFS system, migrations occurred only as
aresult of server overload. The system had no ability to ex-
pand or contract the number of servers. The migration algo-
rithm described in this paper addressesthe issue of worksta-
tionsthat alternate between active and idle periods, thereby
causing servers to come and go over time. Our new algo-
rithm dynamically adds new servers to the system as ma-
chinesbecomeidle and migratesdata off of machineswhose
client applications reclaim previously idle resources.

A fundamental difference between the MBFS architec-
tureand other remotememory systemsisthefact that MBFS
assumesthefile system’s“working set” (i.e., activefile data)
fitseasily within the aggregateidle memory space of the sys-
tem. All other file data (i.e. inactive data) is placed on disk.
We base our assumption on the rapid proliferation of PCs
and workstations and the decreasing cost of memory. Many
industrial and academic settings already have a significant
number of networked computers, the majority of which sit
idlemost of thetime[4, 14]. In such settings, machineswith
hundreds of megabytes of physical memory are becoming
common. Consequently, we expect that distributed systems
with aggregate memory capacities of tensor hundredsof gi-
gabyteswill be common in the very near future.

To differentiate between active and inactive data, MBFS
currently uses a simple time-based mechanism. If data has
not been accessed within apredefined amount of time A, we
assume the data is no longer active and does not need to be
stored in memory. The parameter A is can be defined using
an updated version of Gray and Putzolo’s5 minuterule[9],
but other active data definitions based on concepts like file
system working sets [20] could be used aswell. When inac-
tive dataisaccessed again, hopefully viaMBFS's automatic
prefetching mechanism [10], the data will again be marked
as active and placed in memory storage.

4. Migration Algorithm

Thefact that MBFS assumes amassive distributed mem-
ory storage space (i.e., memory is the primary storage me-
dia) has several implications that are not valid of other re-
mote memory systems|[7, 16, 3]. These differences played
an important role in the design of our migration agorithm.

First, because MBFS can differentiate between active
and inactive data, it reports space used to store inactive data

as available memory instead of viewing it as “used mem-
ory”. Thisincreases the perceived available memory. Sec-
ond, assuming the active data fits easily into idle memory
implies that we do not expect all memory to be in use stor-
ing active data. If a machine becomes overloaded, idle re-
sources can be found elsewhere in the system to absorb the
load. Third, the system does not need to go to great lengths
to ensure that memory is used efficiently. For example, the
system does not need to develop complex/costly algorithms
that remove duplicates or eliminate fragmentation in order
to save space. Fourth, we do not need to use all available
memory in the system, but instead can afford to leave some
memory idle (i.e., unused and unmanaged) until it is needed.

Given these differences, we devel oped a set of design ob-
jectives specific to migrationin amemory-basedfile system.
Thefollowing sections outline our design goals and present
our dynamic migration algorithm.

4.1. Design Goals

Weidentified the following design goal sfor our memory-
based migration algorithm:

1. A server should only migrate data when saturation isimmi-
nent or when triggered by an unexpected decreaseinidlere-
sources on the machine.

2. The cost of achieving a perfectly balanced load should be
considered in the light of expected performance improve-
ments resulting from a better balance.

3. The agorithm should migrate data to as few machines as
possible.

4. The agorithm should migrate data to machines least likely
to be used in the near future.

5. Load redistribution should not result in migration thrashing.

6. The agorithm must consider both memory and processor
load when migrating.

Our primary objective was to design a migration algo-
rithm that prevents memory servers from becoming satu-
rated. As described in section 1, the performance of a sat-
urated server degrades rapidly, in some case by an order of
magnitude or more. Consequently, the algorithm must en-
sure that server saturation does not occur. Note, this means
aserver does not need to get rid of load if it is not saturated
or about to be saturated (goal 1).

Balancing the load among servers and keeping the load
balanced is not crucial to memory-based systems. In adisk-
based system, imbalances of as little as 5% can result in
a 200% difference in response time between servers [22],
whereas imbalances of 50% only produce differences of
11% between serversin memory-based systems[11]. More-
over, achieving a perfectly balanced load will add overhead



that in turn affects system performance. In memory-based
systems, the response time improvements resulting from a
balanced load are typically so small that they hardly jus-
tify achieving a perfectly balanced load. Thus, it isimpor-
tant that MBFS consider the cost/benefit ratio when decid-
ing whether the load balancing algorithm should continue
searching for a better solution (goal 2).

In adisk-based storage system, spreading the load across
the maximal number of disks (servers) producesthe best re-
sponsetimes. |namemory-based system, asubset of servers
will perform approximately as well as the maximal num-
ber of servers aslong as no server becomes saturated [11].
This means that the migration algorithm can select a mini-
mal number of serversand achieve performancesimilar to a
system that uses the maximum number of servers (goal 3).
To prevent migrationsfrom occurringin thefuture, the algo-
rithm should avoid sending datato machinesthat are likely
to become active in the near future or to machines that are
already near their capacity (goal 4).

Systems that attempt to constantly keep the load bal-
anced often result in frequent (albeit small) migrations with
data ping-ponging between machines (goal 5). Finaly, un-
like conventional load balancing systems that only consider
CPU load, a memory-based migration algorithm must con-
sider both the CPU load and the memory load (goal 6).

4.2. Determining When To Migrate

Conventional load balancing al gorithms attempt to keep
the load evenly distributed among all machines and thusin-
voke the load balancing algorithm whenever unacceptable
load imbalances arise. Keeping the system balanced at all
times is not one of MBFS's design goals. Instead, MBFS
only wants to prevent servers from reaching such imbal-
anced loads that it could affect the average response time.
This only occurs when a server reaches either its CPU or
memory capacity.

Consequently, the M BFS migration algorithm introduces
the concept of a danger level to indicate that server satura-
tionisimminent. To identify potential server saturation, the
system definestwo dangerslevels: onefor the CPU load and
one for the memory load. If either load reaches its danger
level, migration isinvoked to remove the overload.

The CPU danger level is defined as a percentage of the
CPU’s capacity. Although performance will degradeif the
CPU exceeds its capacity, CPU loads dlightly greater than
100% of capacity do not significantly affect the server’sre-
sponsetime because network latency, not CPU queueing de-
lays, still dominatesa server’sresponsetime. Thus, wetyp-
ically set the CPU danger level to be 100% of the CPU’s ca-
pacity.

Unlike CPU overloads, memory overloadsresult in high
latency disk accesses and queuing delays that can quickly

degrade a server’s performance by several orders of mag-
nitude. Given the enormous performance penalty for mem-
ory overload, we must ensure that memory load never ap-
proaches its capacity. On the other hand, setting the danger
level too low wastes valuable memory space and can also
degrade performance. To avoid these two extremes, MBFS
sets the danger level as high as possible such that the server
isstill ableto migrate data off before the growth rate causes
saturation. We definethe memory danger level and other pa-
rameters bel ow.

MemDangerLevel =
TotalMem — (a x (TimeNeededToMigrate X GrowthRate))

TimeNeededToMigrate: theamount of timeit takesto migrate data off of the
server

TimeNeededToMigrate x GrowthRate: the expected number of bytes
that will be added during the migration

«: apadding constant to provide additional time (@ >=1).

To prevent thrashing, MBFS uses a safe level in conjunc-
tionwith thedanger level. If theloadisbelow the safewater-
mark we assume the machineis underloaded and can handle
additional load. The danger level represents an overloaded
state while the safe level represents an underloaded state.
The migration algorithm will not push any machine over its
safe level. This ensures that the new load on the receiving
machinewill remain sufficiently below the danger level pre-
venting any migrationsin the near future.

4.3. Selecting ServersTo Take The L oad

Although, MBFS alows any machineto play the role of
client or server, we expect future distributed systems will
till categorize some machinesas“ serversonly” for reasons
of protection, security, centralization, resource sharing, and
guaranteed performance. Conseguently, MBFS classifies
every machine as either arestricted access machine (which
will primarily act as a server) or a general access machine
(which will act as a client, server, both, or neither). MBFS
assumes that restricted access machines are more reliable
and have minimal general client application activity.

Machines acting as MBFS servers will be functioning in
one of the three modes: active mode (the server currently
storesfile data), idle mode (the server’s memory is not cur-
rently used to hold file data), or inactive mode (the server
cannot hold file data). Thus the set of machines capable of
accepting additional load are:

Restricted Access Servers: A restricted access machine with an
active MBFS server.

Restricted Access ldlers. A restricted access machine with an
idle MBFS server.

General Access Servers:. A genera access machine with an ac-
tive MBFS server.



General Accessldlers: A general access machine with an idle
MBFS server.

The system obtainsload information from other machinesat
runtime viaareceiver-initiated approach [18] and classifies
each machine according to the above definitions.

In keeping with our design goal's, the MBFS migration al-
gorithm migrates data to as few servers as possible and se-
lects machines that are unlikely to be used in the near fu-
ture. That is, restricted access machines are preferred over
general access machines, and fewer machines are preferred
over many.

The migration algorithm selects server machines as fol-
lows. First, the system calculates the load that must be mi-
grated off of the overloaded server. Theagorithm then adds
machinesto alist until theamount of unused resourcesin the
list can absorb the overload (i.e. unused memory space and
CPU cycles below the safe levels). The algorithm adds ma-
chinesto thislist in the order (1) Restricted Access Servers,
(2) General Access Servers, (3) Restricted Access Idlers,
and (4) General Access Idlers. A parameter M defines the
number of Idler machinesto add each time through the loop.
Setting M = 1 resultsin aminimal set of serverswhile set-
tingsof M > 1 cause serversto be added in groups, hope-
fully producing lower loadson all serversand increasing the
time period between migrations. The server selection algo-
rithmisshownin Figure la.

The above selection approach has several advantages.
First, although a user’s personal workstation will volunteer
its unused resources, MBFS's migration a gorithm will not
use the resource unless absolutely necessary. Algorithms
that spread data across all machines increase the probabil-
ity that a newly started client application will have to wait
while data migrates off the machine. The increased proba-
bility of migration also implies an increase in the process-
ing and network load used to handle the migrations. Using
fewer servers reduces the number of migrations as well as
thelikelihood that aclient applicationwill havetowait. Sec-
ond, file data has an affinity for restricted access machines
because they tend to be more reliable and predictable. In
particular, they are less susceptible to accidental power cy-
cles, crashing, or load variations resulting from client ap-
plications. Third, spreading the data across fewer machines
lessens the likelihood that some part of the file storage sys-
tem will be inaccessible. Tending towards a more central-
ized approach reduces the mean-time-to-failure of the over-
all storage system. Fourth, spreading the load across many
machines produces larger address tables because the datais
partitioned into many smaller pieces. Finaly, our previous
work showed that a few highly loaded servers offer simi-
lar performance as many lightly loaded servers [11]. Con-
sequently, a minimal number of servers has approximately
the same performance as the maximal number of servers.

Sel ect Servers {
cal cul ate Overl oad
add all Restricted Access Servers to ServerlList
if (available resources in ServerlList > Overload) {
conput e data pl acenent
mgrate data
return

add al |l General Access Servers to ServerList

if (available resources in ServerlList > Overload) {
conput e data pl acenment
mgrate data
return

}
while (Restricted Access ldlers Remain) {
add M| argest Restricted Access ldlers to ServerlList
if (available resources in ServerList > Overload) {
conput e data pl acenent
mgrate data
return
}
}
while (General Access Idlers Renmin) {
add M| argest General Access ldlers to ServerlList
if (available resources in ServerList > Overload) {
conput e data pl acenent
mgrate data
return
}
}
} 1(a)

Conput eDat aPl acenment Schedul e {
while (no migration schedul e has been found) {
Revert to original machine |oad info
Sort bucket |ist (by appropriate |oad netric)
For each bucket (largest to smallest) {
Find the server (X) that woul d have the
smal l est |oad after the addition
of this bucket
if (X s load over its safe-Ilevel)
goto SPLIT
el se
add bucket to X's load info

}

Conmpute Max and M n Server | oads

if (Max load - Mn Load < split tol erance)
return mgration schedul e

SPLIT:
Renove | argest bucket (Y) from bucket Iist
Split Y into L_SPLIT sub-buckets
Add sub-buckets to bucket Ii st

} 1(b)

Figure 1. (a) The selection algorithm used to
identify servers with available capacity. (b)
The algorithm used to compute a data place-
ment schedule.



4.4. Computing a Data Placement Schedule

Although load balancing is not a goal of the MBFS mi-
gration algorithm, balanced loads do give the best server
response times and can decrease the frequency of migra-
tion occurrences. Consequently, the MBFS migration algo-
rithm attempts to achieve an approximately balanced load
whenever migration is necessary. To regulate “how bal-
anced the load should be”, we introduce a tolerance param-
eter, T', that defines the maximum allowable difference be-
tween the maximum server’sload and the minimum server’s
load. Note that the tolerance parameter T' does not deter-
mine when migration occurs, nor does the migration algo-
rithm guaranteethat it will keep theload balanced withintol-
eranceT'. It only defines how close the migration algorithm
should come to finding a balanced load when migration is
necessary, and thereby defines the amount of effort the al-
gorithmiswilling to expend achieving a balanced load.

The objective of the tolerance parameter T is to limit
the amount of effort spent balancing the load in light of
the benefits obtained from a more balanced load. Small T
(e.g., 0.1%) result in well-balanced loads that will hope-
fully increase the amount of time before another migration
isneeded. A tolerance of 100% provides no balancing guar-
antees. When T is 100% the algorithm only guaranteesthat
each machine involved in the migration will remain below
itssafelevel.

The data placement algorithm is given in Figure 1b. To
minimize the size of the address table used by MBFS's dy-
namic addressing algorithm, the data placement algorithm
begins by selecting entire buckets for migration to other
servers. If no distribution of the existing buckets satisfies
the tolerance parameter T', the largest bucket is split into
L_SPLIT buckets, where L_.SPLIT is defined as a pa-
rameter of MBFS saddressing algorithm. After splitting the
largest bucket, the processisrestarted and continuesuntil an
acceptable data placement scheduleis achieved.

During each iteration, the entire list of buckets managed
by the migrating server is sorted by memory load if mem-
ory saturation has occurred or by CPU load if processor sat-
uration has occurred. The algorithm begins by setting the
load on the migrating server to zero and then tries to dis-
tributed the entirelist of buckets (likely placing some buck-
ets back on the migrating server). Each bucket from the list
is successively placed on the machine with the smallest re-
sulting load, assuming that the machine's safe levels are not
exceeded. This continues until the entire load has been dis-
tributed or until the current bucket cannot be placed. If the
load was distributed and the tolerance was satisfied, the al-
gorithmisdone. If the tolerancewas not satisfied or the cur-
rent bucket cannot be placed, the algorithm splitsthe largest
bucket (creating L_S P LIT smaller buckets) and startsover.

L_SPLIT isanimportant parameter to the algorithm be-

cause it alows us to define how quickly the address table
size grows and also how fast the placement algorithm con-
verges. Our results, described in section 6, show that the
L_SPLIT level hasasignificant effect on how fast the data
placement algorithm convergesat low split tolerance values
(5% and below) but has little effect on system performance
at higher split tolerance values (10% and above).

5. Simulation M odel

We incorporated the MBFS file system and migration al-
gorithminto the SunOS kernel and ran some small-scale ex-
periments on a rea system of workstations. Although the
prototype provides proof of concept for the design of areal
system, the limited nature of our experimental environment
prohibits us from experimenting with larger number of ma-
chines and machines with different memory and process-
ing capabilities. For these reasons we developed a simula
tion model to evaluate the performance of MBFSin awider
range of potential environments. Thefollowing only reports
on results obtained from our simulation model.

The simulation model beginswith an “empty system” in
which each client startswith an addresstable that directs all
file accesses to a single MBFS server. The initiad MBFS
server is arestricted access machine and is part of a simu-
lated network of N machineswith memory capacities rang-
ing from 16 MB to 512 MB. A simulation configuration file
definesthe number of machines V', how many machineswill
be restricted access machines, how many will be general ac-
cess machines, and how much idle memory each machine
has. Table1 liststhe simulation parametersused in our tests.

The simulator consists of two parts. a file access gen-
erator and a migration system. To generate migrations re-
sulting from memory overload, afile access generator simu-
latesinsert and delete operationson file blocks (the only op-
erations that affect the memory load imposed on a server).
The file access generator runs until a server’s memory be-
comes overloaded. While the results reported here use file
accessestaken fromanormal distribution[17], wehavesim-
ulated several other synthetic file access distributions and
compared these with traces from our prototype. The na-
tureof thedistributed hashing algorithmsisthat it distributes
accesses evenly across the MBFS storage space. Conse-
guently, the file access distribution, whether asimul ated dis-
tribution or areal file access trace taken from our prototype,
had little effect on the system’s performance.

When a server becomes overloaded, the simulator in-
vokes the migration component of the simulation model
to migrate the load. The migration component invokes
the SelectServers algorithm and the ComputeDataPlace-
mentSchedul eal gorithm to produce a data placement sched-
ule. The simulator then transfers the load from the over-
loaded server to the other serversand updatesthe addressing



tables accordingly. At this point, the file access generator is
invoked again and the cycle continues. Consequently, each
simulationinvolvesalong seriesof insert-migrateiterations.
The ssimulation ends after a fixed number of insertsor if the
inserted data exceeds the aggregate memory storage capac-
ity of the system currently being simulated.

The simulator maintains several statistics including the
number of migrations, the cost of each migration, final ad-
dress table sizes, the precision of load balancing, etc. The
following section presents these results.

Algorithm parameter Value(s)
M - Number of idlersto add 3

T - Load tolerance 0.1% - 100%
L_SPLIT - # of sub-bucketsin abucket 3-7
Environment parameter Value(s)
N - Number of machines 100
Big memory machines (256-512 MB) 5% of N
Medium memory machines (64-128 MB) 70% of N
Small memory machines (16-32 MB) 25% of N
# of restricted access machines 10% of N
# of general access machines 90% of N

Table 1. Simulation Model Parameters

6. Simulation Results

The migration algorithm trades balancing precision for
faster computation of the data placement schedule. Intu-
itively, it would appear that if the algorithm generatesaless
balanced load, the frequency of migrations could increase.
The more unbalanced the load, the sooner another server
may becomeoverloaded. Therefore, thebalancing precision
should be selected in such away as to avoid the side effect
of additional migrations.

The average number of bucket operations for various L_SPLIT levels and split tolerances
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Figure 2. Average time needed to compute a
data placement as measured in iterations of
the for loop in Figure 1b.

To quantify this tradeoff, we measured the average time

needed to compute a data placement schedule and the fre-
guency of migrationsthat occur during afixed interval. We
only report warm-start results that were recorded after the
system had been sufficiently primed and all start-up effects
were eliminated. We measure the computation time as the
number of bucket operations(i.e., thenumber of iterationsof
thefor loop in Figure 1b) that occur while computing the mi-
gration schedule. The compute times for various tolerance
settings are shown in Figure 2.

As expected, computing a well-balanced load (0.1%) is
an order of magnitude more costly than computing adightly
or totally imbalanced load (10% - 100%). However, im-
balanced loads do not increase in any meaningful way the
frequency of migrations the system experiences (see Fig-
ure 3). In fact the number of migrations is occasionally

The number of migrations for various L_SPLIT levels and split tolerances
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Figure 3. The number of migrations during the
test period.

higher for balanced loadsthan unbalanced loads. Thisisdue
in part to the fact that well-balanced |oads are moreinclined
to sgueeze into existing servers and keep the server count
low than their imbalanced counterparts. Despitetheinclina
tion to squeeze into fewer machines, our results show that,
on average, well balanced machines (low 7' values) end up
spreading theload acrossthe same number of serversassys-
tems that are not perfectly balanced (high 7" values).
Figure4illustrateshow migrationsaredistributedin time
for various tolerance settings. Low tolerances produce a
rapid succession of closely-spaced migrationsfollowed by a
long period without any migrations (resulting from the addi-
tion of anew server). Inthiscase, serversarewell-balanced
and become saturated at roughly the sametime, triggering a
rapid series of migrations that impose a significant load on
the system. These heavy migrations periods consume asig-
nificant amount of network bandwidth and server CPU cy-
cles solely for the purpose of migration. To prevent two (or
more) overloaded machines from simultaneously migrating
too much datato the same underloaded machine, the system



The distribution of migrations over time for various tolerances

0.1% tolerance
0.5% tolerance
1% tolerance
5% tolerance
10% tolerance

pXxo+o o

10 |ommen & & A smmmn LA LGN INABLOA A AAKNAA NN MANM A M A DA ss

5 | X >OMOROGHMOOBKX X XA XK XK UK IO XK HOX *

Split Tolerance

0.5 phe+ -+ Wt S+ e ++]

0.1 jmeso0 o 00 coomD cBEwo D> anan]

Earlier Time Later Time
Time

Figure 4. Migration distribution. Each point
represents the time at which a migration oc-
curred.

must ensure that migrations are synchronized and coordi-
nated. The synchronization overhead and partial seriaiza-
tion of migrations affects performance when many migra-
tions occur simultaneously. As a result, the average server
response time during such heavy migration periodsoftenin-
creases dramatically. On the other hand, when the servers
arenot perfectly balanced, the serversreachtheir danger lev-
els at different times and thus spread the cost of migration
more evenly over time.

Our results also show that the safe/danger watermark
technique used by the algorithm prevents the system from
thrashing. That is, the system does not migrate data to ma-
chinesthat are already near their danger level. On average,
the machine undergoing migration last received data from
another server 26 migrations earlier.

Small addresstable sizes are desirable for space reasons,
but also because fewer hash levels improve the dynamic
hashing algorithm’s performance. In addition, the delay as-
sociated with an addressing error (which involvesthe trans-
mission of one or more address table correction messages)
istypically less. Figure 5 showsthefina size of the address
tables for various split tolerances.

Note that the tolerance T' only represents the maximum
“alowable’ difference between a heavily loaded server and
alightly loaded server. In practice, the“real” differencewill
be significantly less than the tolerance T'. Figure 6 shows
the average load differencethe migration algorithm actually
achieved at various tolerance levels. Although high toler-
ance settings could theoretically result in large imbalances,
the actually load differences observed at high tolerance set-
tings are quite low (< 8%). In fact, our results show that
on averagethe system can achieve a 10% tolerance with just
two iterations of the migration agorithm and fewer than 30

Address table sizes for various L_SPLIT levels and split tolerances
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Figure 5. Address table size. Each point rep-
resents the size of the address table at the
end of the simulation.

bucket operations (see figures 2 and 6).

Our algorithm tries to minimize the number of servers
in an attempt to increase the mean-time-between-server-
failures and to reduce the possibility of migrations caused
by newly active client applications. Because we take a non-
conventional approach, we wanted to compare the perfor-
mance of our system against an unrealistic system where
machinesdo not crash and client applicationsdo not start on
idle workstations. In such an environment, optimal perfor-
manceisachieved by spreading theload acrossall machines.
Consequently, we modified our simulator to spread data
across all machines during the first migration. While the
modified simulator performed an order of magnitude fewer
migrations than the original, the minimal server approach
had average server response times at most 12% higher than
the modified simulator.
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Figure 6. Average load difference achieved.



7. Conclusions

We described a dynamic migration agorithm that lim-
its server involvement and trades poorer precision for bet-
ter compute times without affecting overall system perfor-
mance. We show that the algorithm’s potentially imbal-
anced loads do not significantly affect the system’sresponse
time, can be computed an order of magnitudefaster than bal -
anced loads, do not significantly affect the number of migra-
tions that occur, and reduces addressing costs. The use of a
saturation prevention method combined with the ability to
expand to other servers keeps the migration algorithm from
thrashing.
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