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Abstract

In this work, we study a challenging research problem that

arises in minimizing the cost of storing customer data online

for reliable access in a cloud. It is how to near-perfectly bal-

ance the remaining capacities of all disks across the cloud

system while adding new file blocks so that the inevitable

event of capacity expansion can be postponed as much as

possible. The challenges of solving this problem are twofold.

First, new file blocks are added to the cloud concurrently

by many dispatchers (computing servers) that have no com-

munication or coordination among themselves. Though each

dispatcher is updated with information on disk occupancies,

the update is infrequent and not synchronized. Second, for

fault-tolerance purposes, a combinatorial constraint has to be

satisfied in distributing the blocks of each new file across the

cloud system. We propose a randomized algorithm, in which

each dispatcher independently samples a blocks-to-disks as-

signment according to a probability distribution on a set of

assignments conforming to the aforementioned combinato-

rial requirement. We show that this algorithm allows a cloud

system to near-perfectly balance the remaining disk capaci-

ties as rapidly as theoretically possible, when starting from

any unbalanced state that is correctable mathematically.

Categories and Subject Descriptors

C.1.2 [Multiple Data Stream Architectures]

E.2 [Data Storage Representations]
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1. Introduction

Cloud service providers such as Amazon and Microsoft have

to store massive amounts of customer data in their data cen-

ters. Customers expect to have reliable access to their data

files at any time. However, the storage devices and com-

puters that host the data, and the networks that transport

the data, are prone to disruptions caused by power failures,

scheduled maintenances, upgrades and hardware malfunc-

tions. In addition, the storage devices and computers may

need to be temporarily taken out of service for software

patch, new features installation and configuration change. A

portion of the devices and computers may become hot spots,

leading to long service latency. Human operator errors may

also render some computers and/or networks temporarily in-

operable.

We maintain reliable access in the presence of these dis-

ruptions typically through a combination of two risk control

measures. One is through erasure coding, that is, to divide

a data stream (aggregation of customer files) into b blocks,

and then encode them into b+b′ blocks (by adding b′ blocks

of redundancies) so that missing one or two such blocks due

to disruptions will not prevent the file from being decoded

and delivered to the customer [17]. The other is to strategi-

cally distribute these (coded) blocks across the data center

(e.g., to place them on different racks of storage servers, or

even different zones serviced by distinct power units) so that

a typical service disruption event (e.g., failure of a power

unit that affects a zone, failure of a top of rack switch that

affects a rack) may affect the access to at most one or two

such (coded) blocks [20]. With the combination of these two

risk control measures, we can greatly reduce the risk of cus-

tomers having their file access interrupted due to disruptions.

A cloud service provider typically would like to perfectly

balance the load across the disks so that it has maximum

flexibility in accommodating new customers and their data.

Due to the constraints in distributing blocks of files across a

data center, which we will elaborate shortly, it is impossible

to perfectly balance the load across all disks. Therefore, how

efficiently the disk space is managed is typically measured

by how close the average disk occupancy ratio of the cloud

storage can approach a pre-determined “safe” upper limit

(say 80%), before the occupancy ratio of a disk exceeds this

limit.
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1.1 The Load-Balancing Problem

In this work, we first tackle a challenging research question

that arises in our attempts at keeping disk load as balanced

as possible under the various constraints a data center has to

work with in distributing coded blocks of file across its com-

puters/disks. One key constraint is the diversity requirement,

which can be mathematically formulated as follows. As we

will elaborate in Section 2, the disk space of a data center

can be divided into mn partitions – called cells – organized

as an m× n matrix. Upon the arrival of a new fixed-size file

extent, each of its k coded blocks needs to be added to one of

these cells. The diversity requirement is that no cell can take

in more than one such block, and no two cells that take in a

block can be on the same row or column of the matrix. As

we will explain shortly, this diversity requirement ensures

that the disruptive events, which typically affect one entire

row or column at a time, will not prevent any file block from

being decoded and accessed, with overwhelming probabili-

ties.

With the diversity requirement, this problem seems to

call for a (deterministic) greedy solution, in which we try

to place k blocks in a diverse set of k cells that collectively

have the smallest overall occupancy ratios. However, another

requirement, known as “distributed independent dispatch-

ing”, renders such a greedy solution unsuitable. In a cloud

environment, new file extents are added by a large num-

ber of front-end computing servers that interact with cus-

tomers, which we call dispatchers. “Distributed independent

dispatching” means that no communication or coordination

is required among dispatchers when they add new file ex-

tents to the disks. In addition, in the case of at least one ma-

jor cloud provider, dispatchers obtain readings on the loads

(occupancy ratios) of all disks (cells) in a data center quite

infrequently, usually once a day. Such infrequent reporting

rules out any coordination among dispatchers through disk

occupancy readings.

The greedy solution does not fulfill the “distributed in-

dependent testing” requirement. With a deterministic greedy

solution, the actions of dispatchers are to a large degree syn-

chronized in the sense they all try to add blocks to the same

set of cells that are, according to the once-a-day load re-

port, relatively lightly loaded. Due to this synchronization,

these (relatively) lightly loaded cells will take in so many

new blocks from the dispatchers that they could quickly be-

come grossly overloaded.

1.2 A Randomized Approach

A randomized algorithm solution, on the other hand, gener-

ally does not suffer from this undesirable synchronization.

Therefore, our research effort has been focused on finding

and refining such a randomized solution. A randomized al-

gorithm for solving this load-balancing problem generally

works as follows. Each dispatcher, upon receiving a disk oc-

cupancy report, precomputes a probability distribution on a

set of possible blocks-to-cells assignments conforming to the

diversity requirement. Later on, when a dispatcher has to add

a new file extent to the data center, it randomly samples a

blocks-to-cells assignment according to the computed dis-

tribution, and dispatches the blocks accordingly. Note it is

important to do this in two steps, since the first step – com-

puting the desired distribution – which is done offline, could

take a long time (typically minutes). The second step – mak-

ing random assignments based on the precomputed proba-

bility distribution – on the other hand, must be finished in

milliseconds in order not to “freeze” the cloud service.

Our main research problem is therefore to identify and

compute a suitable probability distribution, that, after a large

number of random blocks-to-cells assignments are made –

independently by many dispatchers without any coordina-

tion among themselves – according to the distribution, the

residual spaces of all disks in the cloud will be made very

close to one another, even when they are far apart to start

with. Such a probability distribution, however, turns out to

be quite hard to identify and to compute. A major contri-

bution of this work is to identify and efficiently compute

such a distribution. We will show that our randomized load-

balancing scheme with such a distribution can balance the

disk loads across different cells almost as perfectly as the

ideal scheme, under the diversity constraint.

Readers might wonder whether the uniform distribution

– sampling blocks-to-cells assignments uniform randomly

from the set of all assignments that conform to the diversity

requirement – would do the trick. It is however not suitable

for this task because the uniform distribution carries no cor-

rective power: If the disk occupancy ratios across cells are

very uneven to start with, or all of sudden become uneven –

due to a row or column of cells being taken down for repair

or maintenance for an extended period of time – uniform dis-

tribution is not able to correct the situation. This unevenness

will persist and may leave many cells severely underutilized

while some cells become completely full.

1.3 Summary of Contributions

In this work, we have made four contributions. First, we

propose a distributed randomized load-balancing scheme

that can near-perfectly restore the load-balancing among

the disks, when they are unbalanced to start with, under all

aforementioned operational constraints of the cloud system.

Second, we propose a new sweeping algorithm that, after

the load becomes balanced, perfectly maintains this balance,

despite the distributed uncoordinated nature in which the

assignments are made. Third, we identify a probability dis-

tribution suitable for making the randomized load assign-

ments. This probability distribution can be computed via a

classical matrix decomposition process. The best algorithm

for carrying out this decomposition however has a very high

computational complexity. Our fourth contribution is to de-

sign a much more efficient algorithm for computing this

probability distribution.
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The rest of the paper is organized as follows. In Section

2, we elaborate on the dispatching constraints and formu-

late the problem by introducing a system model in accor-

dance with those constraints. In Section 3, we propose our

main dispatching scheme that consists of two major stages

– a weighted randomized assignment stage and a sweeping

stage. In Section 4, we offer a more efficient option for com-

puting the probability distribution during the first stage of

our scheme. In Section 5, we evaluate the performance of

our scheme against the uniform randomized algorithm using

extensive simulations based on ballpark parameters provided

by a tier-1 cloud service provider. Section 6 discusses prior

works related to our paper. The last section concludes the

paper.

2. System Environment and

Problem Statement

We explained earlier that the disk space of a data center is

logically partitioned into mn cells that are organized as an

m×n matrix, and the diversity requirement that k blocks that

comprise of an extent need to be assigned to distinct rows

and columns of the matrix. In this section, we describe the

system environment of a data center, emphasizing aspects

important to this work, including hardware and software

failures, failure tolerance and recovery measures, and related

costs and tradeoffs. Then we state the problem precisely and

describe the constraints that must be satisfied by any viable

solution to it.

2.1 System Environment

2.1.1 Hardware Failure Zones

A top tier cloud service provider has typically multiple ser-

vice regions, each of which contains multiple data center

facilities. Within a single data center facility, the storage

servers, network equipments and power supply units are of-

ten further grouped hierarchically. At the top level of this

hierarchy are so-called hardware failure zones. Each hard-

ware failure zone consists of multiple co-located aisles of

storage server racks served by a single power distribution

unit (PDU), which employs transformers to convert down

the voltage through feeder circuits. A single hardware fail-

ure will typically affect at most one hardware failure zone,

and hence its name. Each hardware failure zone corresponds

to a row of cells in the m× n cloud matrix, as shown in Fig-

ure 1.

Further down the hardware grouping hierarchy, a hard-

ware failure zone is divided into aisles and racks, in which

a rack of servers is usually served by a common rack-mount

power distribution unit (rPDU) and top-of-rack (TOR) switch.

The hierarchical organization and design of the cloud data

centers recognizes the fact that in a complex operating en-

vironment, every hardware component can fail. The most

common type of failure is that of a single disk or server,

which could happen almost every hour. The failed disk or

server may be left unrepaired if the cost of repair service

outweighs the disk capacity recouped through the repair.

The failure of a component that affects a rack of servers or

more (e.g., TOR or rPDU or even PDU) is less common, but

cannot not be ignored, since the recouped disk capacity more

than adequately justifies the cost of repair. However, even in

such a case, it is desirable that the failure can be tolerated for

a relatively long time interval, e.g., 7 days. The reason is that

rapid on-site response (e.g., 4 hours) and 24x7 emergency

service translate into a very expensive service contract and

are labor intensive. The cost of the repair and the associated

service contract will be far cheaper if the Mean Time to

Repair (MTTR) can be stretched longer. However, longer

MTTR results in higher level of disk load imbalance after

the repair, which is more difficult and takes longer to correct.

One goal of our load-balancing scheme is therefore to restore

the balance as quickly as theoretically possible.

2.1.2 Software Update Zones

In addition to hardware failures, the servers and networks

in a data center may also experience outages due to soft-

ware issues. A common software issue is the need to up-

grade server softwares, apply security patches, or change

the servers/networks configuration. Since the servers and

networks undergoing such updates may be temporarily out

of service, a cloud storage system is typically divided to

multiple equal-sized (in terms of disk storage volume or

network bandwidth) logical groups called software update

zones. These updates are then performed on one software

update zone, at a time, so that continuous cloud service can

be provided to customers by other zones not undergoing the

process at the moment, as we will explain shortly. Another

reason for such “zone rotation” is that incorrectly applied up-

date or configuration change could render all affected servers

inoperable, and zone rotation firewalls the damage within

only the affected zone.

Each software update zone corresponds to a column of

cells in the cloud matrix, as shown in Figure 1. In other

words, the partitioning of the data center into software up-

date zones (columns) are designed to be “perpendicular” to

that into the hardware failure zones (rows). The reason for

this perpendicularity is that it minimizes the impact of the si-

multaneous occurrence of a hardware failure and a software

failure. Consider the totally opposite arrangement in which

software updates are applied to an entire data center facility

(consisting of multiple hardware failure zones as explained

earlier). Suppose a software update takes an entire data cen-

ter facility out of service. In the meantime, another hard-

ware failure zone may experience a concurrent failure due

to a hardware issue. Since these two simultaneous failures

impact multiple hardware failure zones, they are beyond the

redundancy level designed for the erasure correction coding.
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2.1.3 Erasure Correction Coding

Cloud service providers aim to provide customers with un-

interrupted access to their data files at all times, even though

the underlying hardware and software fail all the time. This

goal is usually achieved using erasure correction coding as

follows. The data files written by customers are aggregated

and appended to a blob store, in the form of extents. When-

ever an extent reaches a certain size (say 3GB), it is sealed

and erasure-coded. For example, for the proprietary LRC

code employed by Microsoft Windows Azure Storage [17],

each extent is divided into 14 data blocks, and 4 additional

code blocks are computed. This 14+ 4 code is designed to

withstand arbitrary 3 failures (i.e., 3 blocks becoming lost or

unaccessible) and 85% of 4 failures. The advantage of era-

sure correction coding is significant capacity saving compar-

ing with typical replication method. To tolerant 3 failures,

at least 4 replicas will be needed to kept in the data cen-

ter while using replication to do fault-tolerance, and the to-

tal data amount will be four times of original data amount,

which is much larger than 18
14 by erasure coding [24].

The diversity requirement is simply that the data and code

blocks of an extent be placed on distinct software upgrade

zones (rows) and distinct hardware failure zones (columns)

of the cloud matrix. With the diversity requirement and the

LRC coding, at least 4 simultaneous hardware and software

failures have to happen – an event with vanishingly small

probability – for more than 3 original or coded blocks to be

unaccessible that is the necessary condition for the extent to

be unaccessible. In this operating environment, the perfor-

mance of the cloud storage is only slightly degraded if only

one data or code block becomes unaccessible. However, if

two or more blocks become unaccessible, the dispatcher that

is in charge of the extent will need to devote network band-

width and storage capacity – and hence a slight degradation

of the storage system performance – to actively repair and

reconstruct the unaccessible blocks so that even if the failed

server never comes back to service, the data of the customers

are not eventually lost.

2.1.4 A Cell in the Cloud Matrix

As shown in Figure 1, a cell is simply the intersection of

a hardware failure zone (row) and a software update zone

(column). It typically consists of a full or a half rack of

storage servers. We assume that, within a cell, the storage

loads of servers can be perfectly balanced, allowing a block

to be inserted even if only one server has a disk that is

not completely full. This assumption is quite realistic for

three reasons. First, a server can certainly add a block to

any of its own disks that are not completely full. Second,

communications between servers on a rack need only go

through the top-of-rack (TOR) switch that has very high

network bandwidth (per server) and very low delay, allowing

servers to maintain up-to-date load conditions of one another

– and hence to route a new block to the server that is least
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Figure 1. The Logical Structure of the Cloud System

loaded, without degrading the system performance. Third,

when load becomes unbalanced within a rack, the overhead

is also relatively low of moving blocks around the servers

to restore the local load-balance. Note that such movements

within the same cell will not cause any violation of the

diversity requirement. Therefore, throughout the rest of the

paper, we worry only about load-balancing among the cells,

not within a cell.

For the convenience of presentation, in our load-balancing

scheme design, we assume every cell has the same total stor-

age capacity. In reality, cells often have different total ca-

pacities. In particular, the cloud provider usually purchases

one “row” of servers (i.e., a hardware failure zone) at a time

on a mounted truck together with all the racks, network

wiring, switches, and power wiring, and “rows” purchased

later in time typically have larger total disk capacities, but at

similar costs; This bigger-bang-for-the-bucks effect indeed

provides a strong motivation for achieving near-perfect load-

balancing, which postpones the purchase of a new truckload

of storage servers for as long as possible. In Section 3.2,

we will prove this convenient homogeneous cell capac-

ity assumption is “innocuous”: It does not make our load-

balancing problem any simpler or our solution any weaker.

3. Cloud Storage Load-Balancing

Problem and Solution

In this section, we mathematically formulate the load-

balancing problem in Section 3.1. In Section 3.2, we do the

problem reduction which maps any cloud system to a cor-

responded cloud system with uniform cell capacity. Based

on the reduction, we introduce our randomized solution in

Section 3.3.

3.1 Problem Statement

Mathematically, the set of assignments that satisfies the di-

versity requirement corresponds precisely to the set of m×n

k-matching matrices. In a k-matching matrix, all but k el-

ements take value zero; These k nonzero elements all take

value 1 and are distributed across k different rows and k dif-

ferent columns. The name “k-matching” is derived from the

fact when such a matrix is viewed as the incidence matrix
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of a bipartite graph, the corresponding bipartite graph is a

matching of size k. Given an m× n k-matching matrix, the

corresponding assignment is to dispatch the k blocks of data

to the k corresponding cells in the m× n cloud matrix. Let

L = {li j}m×n be the load matrix of the cloud system in the

sense each li j is the total storage load of the cell on the ith
row and jth column of the cloud matrix. Assume that the size

of each block is 1 (unit). Then after such an assignment, the

load matrix of the cloud is simply incremented by the corre-

sponding k-matching matrix.

Our load-balancing problem can be characterized math-

ematically as follows. Upon the arrival to a dispatcher of a

new extent – consisting of k coded blocks – that needs to

be added to the data center, the dispatcher needs to compute

a k-matching matrix – independent of all other dispatchers

– that is used to assign these blocks to the corresponding

cells. Each such decision will be informed by only the start-

ing value of the load matrix L, in which loads of different

cells could be very different than one another – and infre-

quent subsequent updates on the values of L. Yet, after a cer-

tain number of such assignments are made – which ideally

are close to the minimum needed – the loads of cells in the

resulting load matrix are very close to one another.

3.2 Problem Reduction

In this section, we prove by reduction that the homogenous

cell capacity assumption is “innocuous”. Let V = {vi j}m×n

be the capacity matrix of the cloud system in the sense each

vi j is the total capacity of the cell on the ith row and jth col-

umn of the cloud matrix. Note the actual goal of our load-

balancing algorithm, with or without this assumption, is to

maximize min
i, j

(vi j− li j) (the minimum remaining capacity),

which is equivalent to, under this assumption, the previously

stated goal of minimizing max
i, j

li j . In addition, it will become

clear shortly that the actions taken by our randomized load-

balancing scheme are determined, except for the outcomes

of coin tosses, by only the remaining capacity matrix V −L.

Therefore, the above assumption is innocuous as long as we

can show that given any capacity-load scenario (V,L) that vi-

olates this assumption (i.e., vi j values may not be identical),

we can reduce it to a scenario (V ′,L′) that conforms to this

assumption (i.e., V ′ = v ·1m×n), such that V −L = V ′−L′,

as follows. Define v≡max
i, j

vi j and L′ ≡ L+v ·1m×n−V . We

have V ′−L′ = v ·1m×n− (L+ v ·1m×n−V) =V −L.

3.3 Our Randomized Solution

Our distributed randomized solution consists of two stages.

During the first stage, each dispatcher, starting with any ini-

tial cloud load distribution that can be quite uneven, assigns

blocks to cells independent of one another, according to a

distribution that is intended to balance the load over time.

Once the load becomes fairly balanced, the scheme enters

the second stage, which we refer to as the “cruising stage”.

In the cruising stage, a variant of the uniform distribution

specially crafted to minimize the (local) differences among

the amount of loads a dispatcher imposes on each cell – in-

stead of the above distribution – is used by dispatchers to

maintain this load-balancing while adding new extents to the

cloud system.

3.3.1 The Load-Balancing Stage

The pseudo-code of the distributed randomized algorithm

executed by a dispatcher is very simple and is shown in Al-

gorithm 1. Whenever the dispatcher needs to make a blocks-

to-cells assignment, it samples a matrix Φ from a set of m×n

k-matching matrices {Φ1,Φ2, ...Φq}, according to a pre-

computed distribution P[Φ = Φi] = pi, for i = 1,2, ...,q, and

makes the assignment accordingly. Since q is quite small, as

will be explained shortly, the (online) dispatching step can

be done in nanoseconds using a pre-computed table stored

in SRAM, or in microseconds when DRAM is used instead.

Note that the successive sampling operations performed by

a dispatcher, and hence the successive assignments, are in-

dependent of one another, and that the actions of dispatch-

ers are independent of one another. This statistical indepen-

dence, among the assignments made both at a dispatcher

and across different dispatchers, ensures that the problem of

“synchronization-induced overload” statistically will not oc-

cur.

This distribution is precomputed once by a server and

distributed to all dispatchers. The details of this computation

will be described shortly in Section 4.2. We will show that

q, the number of m× n k-matching matrices that form the

support of Φ, is at most (m+n− k)2. Hence the distribution

can be encoded in a string of O(q) = O
(

(m + n− k)2
)

in

length, which is quite short given the parameter settings

we are working with right now (m = 60,n = 20,k = 18);

Broadcasting such a short string to all dispatchers once a

day or once an hour clearly incurs only negligible network

and system overheads.

Algorithm 1 Weighted Randomized Assignment

Upon the arrival of a new extent

Φ←Φi with probability pi, i = 1,2, ...,q;

Assign its blocks according to Φ;

Here we provide some intuitions why and how this algo-

rithm works, deferring the rigorous reasoning to Section 4.2.

With this algorithm executed by the dispatchers for a total

of T times, with overwhelming probabilities, approximately

p1T , p2T , · · · , pqT assignments are made using m× n k-

matching matrices Φ1, Φ2, ..., Φq, respectively. As we will

show in Section 4.2, the assignment distribution – consisting

of the set of m× n k-matching matrices and their respective

probabilities – and T are determined so that if exactly piT

assignments are made using m× n k-matching matrix Φi,

for i = 1,2, ...,q, then the occupant ratio of every cell will
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be equal to the same target occupancy l̂. Therefore, the oc-

cupancy ratios of all cells, resulting from the independent

blocks-to-cells assignments made by dispatchers, are close

to the target load l̂. Conceivably, given the current occupancy

ratios of cells, there is a mathematical limit on how low this

target ratio l̂ can be. As we will show in Section 4.2, our al-

gorithm is optimal in the sense l̂ matches this lower bound.

The total number of assignments T the dispatchers collec-

tively need to make in order to restore the balance is clearly

determined by this target ratio l̂. It however takes some effort

for the dispatchers, who do not communicate or coordinate

with one another, to collectively hit this target number T ,

because new file blocks may arrive at dispatchers at differ-

ent rates. Our solution is very simple. We typically know the

number of dispatchers Z within a certain accuracy range (say

±5). At the time of each adjustment, we simply ask each dis-

patcher to make T/Z assignments that way. Unless the oc-

cupancy ratios are severely unbalanced, this number T/Z is

typically much smaller than the number of file blocks a dis-

patcher needs to add to the data center during two consecu-

tive adjustments. Once a dispatcher reaches the quota T/Z,

it is done with the first stage, and enters the second stage of

making uniform random assignments. Since all or the vast

majority of dispatchers will reach the quota T/Z, their total

will be equal to only slightly smaller than T . Even if the lat-

ter happens, it has a negligible effect on the efficacy of the

load balance, and this “deficiency” can be made up during

the next adjustment cycle.

3.3.2 The Cruising Stage

As explained earlier, each dispatcher, after adding T/Z file

blocks to the data center using Algorithm 2, will enter the

cruising stage. In the cruising stage, a dispatcher adds sta-

tistically the same number of blocks to each cell so as not

to change the status quo. We achieve it by using a “plane

sweep” algorithm at every dispatcher. This algorithm limits

the maximum such variation caused by a single dispatcher

to at most two blocks. In addition, the algorithm instances at

different dispatchers are independently randomly parameter-

ized to keep the actions of different dispatchers, and hence

the cells where such maximum variations occur, statistically

independent of one another.
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Figure 2. Sweeping algorithm

Algorithm 2 Sweeping algorithm

Upon the arrival of a new extent

Assign its blocks using π(x,y);

x← x+ 1 mod m;

if x = 1 then

y← y+ k mod n;

end if

The basic idea of the algorithm is for a dispatcher to make

successive assignments using the same k × k k-matching

matrix π that is shifted in a “sweeping pattern” over time

as follows. The sweeping starts with placing π at an ini-

tial position (x,y), and making the first blocks-to-cells as-

signment according to π(x,y). Here π(x,y) is π with offset

(x,y), the semantics of which will be described shortly. The

dispatcher, upon the arrival of subsequent extents, sweeps

the assignment matrix right horizontally and then “k lines

downward” vertically as follows. The k-matching matrices

π(x+1,y), π(x+2,y), and so on will be used to make subsequent

assignments. In other words, the assignment matrix is right-

shifted by 1 with each assignment. This right-shifting contin-

ues until the assignment matrix π(n,y) is used. At this point,

a “k-line carriage return” happens, and the sweeping contin-

ues “k rows down” at the starting position (1,y+ k mod m),
in subsequent assignments. This sweeping pattern, including

the right-shifting and the k-line carriage return, is illustrated

in Figure 2.

We now precisely specify the semantics of π(x,y), the

k-matching matrix π with offset (x,y). With π(x,y), blocks

of a new extent will be assigned to k cells, out of the k2

cells that lie between the xth and the (x + k− 1 mod n)th

columns and between the yth row and the (y+k−1 mod m)th

row, according to π as follows. Suppose the k-matching ma-

trix π is encoded as (a1,a2, ...,ak) in its permutation form,

which means the matrix elements take value 1 at coordi-

nates (1,a1), (2,a2), ..., (k,ak), and value 0 everywhere

else. Then the blocks will be assigned to cells (x mod n,y+
a1−1 mod m), (x+1 mod n,y+a2−1 mod m), ..., (x+k−
1 mod n,y+ ak − 1 mod m) respectively. For example, the

sweeping pattern used in Figure 2, is an 8× 8 8-matching

matrix that is equal to (6,3,5,8,1,7,2,4) in its permutation

form. We use a k× k k-matching matrix instead of a m× n

k-matching matrix, for the sweeping operation, because the

former results in a more even sweeping of the cloud matrix,

as will be explained immediately.

The purpose of this sweeping is to assign almost the same

number of blocks to each and every cell over time at a single

dispatcher. Indeed, if k divides m, then each cell will receive

exactly 1 block during each complete sweep of the entire

cloud matrix. Even when k does not divide m however, it can

be shown that the numbers of blocks from each dispatcher

that any two cells receive respectively at any time will differ

by at most 2. Note this difference may increase to as large as
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k− 1 if an m× n k-matching matrix is used instead of k× k

k-matching matrix, for the sweeping operation.

However, if all dispatchers use the same k×k k-matching

matrix π or start sweeping at the same position (say (1,1)),
the problem of overloading due to synchronization could

happen. To avoid this situation, each dispatcher will gener-

ate a uniform random k-matching matrix (i.e., sampled uni-

formly from the set of all k! such k-matching matrices) and

a uniform random starting position independent of one an-

other, and use them for its sweeping operation.

4. Computing the Load-Balancing

Distribution

Earlier in Section 3.3.1, we have explained that a dispatcher

assigns blocks of a new extent according to a k-matching

sampled from a set of k-matchings using a precomputed dis-

tribution. What this distribution is and how to compute it

are the subject of this section. In Section 4.1, we will math-

ematically characterize this distribution. In Section 4.2, we

will describe a standard algorithm for computing it, which

converts this computation problem to a classic Birkhoff-Von

Neumann decomposition problem [3, 7]. This standard algo-

rithm however has a high complexity of O
(

(m+ n− k)4.5
)

.

Although the standard algorithm is fast enough for the cur-

rent dimensions of the cloud system (m = 60,n = 20,k =
18), it would be too slow for a future cloud system that is

much larger (say m= n= 500). In Section 4.3, we present an

improved algorithm that solves for this distribution with only

O
(

(m+ n) log(m+ n)+ (3k)4.5
)

computational complexity.

4.1 Mathematical Characterization

We first make a “fluid” assumption only for the purpose of

mathematically characterizing this distribution. We assume

that the number of assignments the dispatcher makes accord-

ing to any k-matching matrix does not have to be a nonneg-

ative integer and instead can be any nonnegative real num-

ber. This fluid assumption allows linear algebra machineries

to be used for the characterization step. The actual assign-

ments however are always discrete (i.e., non-fluid): Exactly

k blocks of data will be assigned to k cells on distinct rows

and distinct columns in each assignment.

With this “fluid” assumption, this problem can be restated

as follows. Given a nonnegative m by n load matrix L, iden-

tify a nonnegative m× n compensating matrix C such that

C+L≡ L̂ is a constant matrix, in which all elements have the

same load l̂; This compensating matrix C needs to be decom-

posable in the sense it can be written as a linear combination

of m× n k-matching matrices with nonnegative coefficients.

Now suppose we identify such a decomposition,

C ≡
q

∑
i=1

λiΦi (1)

such that L +C ≡ L̂, and λi > 0 and Φi is an m× n k-

matching matrix, for i = 1,2, ...,q. The distribution used

for load-balancing by dispatchers is simply the probability

distribution on the finite set {Φ1,Φ2, ...,Φq} that assigns

probability pi to Φi,

P[Φ = Φi] = pi =
λi

∑
q
j=1 λ j

(2)

In other words, upon the arrival at a dispatcher of a new

file block to be added to the cloud, the dispatcher samples

assignment Φi with probability pi.

This simplified problem has been studied in the math-

ematics literature [19]. Mendelsohn and Dulmage [19]

showed that there is a mathematical lower bound on how

small l̂, the constant in the constant matrix C+L or the tar-

get load of the load-balancing scheme, can be. This lower

bound l̂ can be derived from the load matrix L as follows.

l̂ = max{
∑m

i=1 ∑n
j=1 li j− k min1≤ j≤n{∑

m
i=1 li j}

mn−mk
,

∑m
i=1 ∑n

j=1 li j− k min1≤i≤m{∑
n
j=1 li j}

mn− kn
,

max
1≤i≤m,1≤ j≤n

{li j}}

(3)

In other words, a minimum load l̂ must be reached for the

loads of all cells to become identical. Note this minimum

load l̂ could be larger than the storage capacity of any cell,

in which case perfect load-balancing is not mathematically

possible. Even in such an extreme case, it can be shown that

our randomized algorithm manages to delay the inevitable

event of one disk becoming full to the maximum extent

possible.

An equivalent way to look at this lower bound (Formula

3) is the following lemma. It will be used in the next sec-

tion for proving the sufficiency of our matrix compression

algorithm.

LEMMA 1. [19] A nonnegative m× n matrix C is decom-

posable (into a linear combination of k-matchings with non-

negative coefficients) if and only if every row sum and col-

umn sum of C is smaller than or equal to ‖C‖/k, where

‖C‖ ≡ ∑m
i=1 ∑n

j=1 |ci j| is the L1 norm of, or in this case the

sum of all elements in, the matrix C.

4.2 A Standard Algorithm

The algorithmic question of identifying the linear combi-

nation to match this lower bound was also addressed by

Mendelsohn and Dulmage [19]. Finding such a linear com-

bination can be converted to the problem of performing the

Birkhoff-Von Neumann (BVN) decomposition [3, 7] of an

(m+n−k)×(m+n−k)doubly stochastic matrix. A doubly

stochastic N×N matrix is one in which all elements are non-

negative and all row sums and column sums are equal to 1.

According to Birkhoff [3] and Chang, Chen and Huang [7],

the number of different k-matchings in the decomposition is

at most (m+ n− k)2 for both methods.

216



This conversion is however a mixed blessing, since the

standard algorithm for this decomposition has very high

computational complexity, namely, O(N4.5) for an N ×N

matrix. A recently proposed algorithm brings this complex-

ity down to O
(

N3 logN
)

[16]. In our current cloud system,

m = 60, n = 20, and k = 18, so m+ n− k = 62. For com-

puting this linear combination, we need to perform a BVN

decomposition on a 62× 62 matrix, which takes only a few

seconds using existing algorithms.

4.3 A Faster Algorithmn

While converting the computation of the probability distri-

bution used in our load-balancing scheme to a (m+n− k)×
(m+n− k) BVN decomposition problem works for the cur-

rent cloud parameters above, future cloud matrices could be

much larger in dimensions (m×n), making this approach too

slow to implement. We design a deterministic algorithm that

can reduce this problem to a 3k× 3k BVN decomposition

problem. It does so by compressing any m×n decomposable

matrix C (for arbitrarily large m and n) into a 2k×2k decom-

posable matrix C̃. A suitable probability distribution that is

used in our load-balancing scheme can be derived from the

decomposition of C̃, in a straightforward manner. Since the

decomposition of C̃, is a (2k+ 2k− k)× (2k+ 2k− k) BVN

decomposition, and it takes only O
(

(m+ n) log(m+ n)
)

to

convert C into C̃, our algorithm reduces the complexity of

computing this distribution from O
(

(m+n−k)3 log(m+n−

k)
)

to O
(

(m + n) log(m + n) + (3k)3 log(3k)
)

. For small k

values that are typical for storage erasure codes, the latter

complexity can be several orders of magnitude smaller than

the former, for very large cloud size (m× n).

4.3.1 Compressing C into C̃

We compress C into C̃ by collapsing one or more rows

of C into a row in C̃ and one or more columns of C into

a column in C̃. Here we explain only the row collapsing

process in details since the column collapsing process is

similar to and independent of the row collapsing process.

Let α1, α2, ..., αm be the sums of rows 1, 2, ..., m of matrix

C = (ci j), respectively, i.e., αi ≡ ∑n
j=1 ci j for i = 1,2, ...,m.

We first partition the index set {1,2, ...,m} of the rows of

the matrix C into 2k disjoint index sets A1, A2, ..., A2k,

according to the row sums α1, α2, ..., αm. After the partition,

the sum of row sums in each index set Ai, namely ∑ j∈Ai
α j , is

guaranteed to be no more than ‖C‖/k. This guarantee allows

the compressed matrix C̃ to be decomposable, as we will

explain shortly.

How to identify such partitions A1, A2, ..., A2k is clearly an

instance of the classical bin packing problem, in which we

would like to pick rows 1,2, ...,m with “weights” α1, α2, ...,

αm respectively, into bins A1, A2, ..., A2k, so that no bin has

a total weight larger than ‖C‖/k, the aforementioned guar-

antee. Our algorithm for computing such a partition, shown

in Algorithm 3, is the first fit decreasing (FFD) strategy [14]

that is among the simplest heuristic algorithms for solving

this NP-complete problem. The objects (rows), indexed by

the elements of array U , are first sorted in the increasing or-

der according to their weights, and then packed into one of

these 2k bins one after another in the increasing order. When

the algorithm tries to pack an object, it will try bin A1 first,

bin A2 next, and so on, until it finds a bin that can hold it. By

a slight abuse of notation, we use αAi
to denote ∑ j∈Ai

α j, and

use it in line 5 of Algorithm 3. Since the total weight of all

rows is ‖C‖, and each bin holds at most ‖C‖/k, a minimum

of k bins are needed for a bin packing solution to exist. The

FFD strategy guarantees, among other nice properties, that

no more than twice this minimum, which is 2k in this case,

is needed [12].

Algorithm 3 Collapsing of Rows by FFD

Input: Decomposable m by n matrix C;

Output: Row index sets A1,A2, ...,A2k;

1: Let the array U [1..m] store the indices of rows such that

αU[1] ≤ αU[2] ≤ ... ≤ αU[m] (i.e., with their sums sorted

in the increasing order);

2: A1,A2, ...,A2k← /0; ⊲ Initialize to empty sets

3: j← 1; ⊲ Initialize to the first set

4: for i← 1 to m do

5: while αA j
+αU[i] > ‖C‖/k do

6: j← j+ 1;

7: end while

8: A j ← A j

⋃

{U [i]};
9: end for

Let β1, β2, ..., and βn be the sums of columns 1, 2, ..., n of

matrix C, respectively, i.e., β j ≡ ∑m
i=1 ci j for j = 1,2, ...,n.

We can similarly partition the index set {1,2, ...,n} of the

columns of the matrix C into 2k disjoint index sets B1, B2,

..., B2k, according to the column sums β1, β2, ..., βn, also

using Algorithm 3 but with different parameters. Similarly,

after the partition, the sum of column sums in each index set

B j, namely ∑i∈B j
βi, is guaranteed to be no more than ‖C‖/k.

We will explain shortly that this guarantee, in combination

with the guarantee that the sum of row sums in each Ai is

upper bounded by ‖C‖/k, ensures that C̃ is decomposable.

4.3.2 Compute the Distribution

The row partitions A1, A2, ..., A2k and column partitions B1,

B2, ..., B2k dictate how C is compressed into C̃: Rows of

C in each Ai collapse into row i of C̃, for i = 1,2, ...,2k;

Columns of C in each B j collapse into column j of C̃,

for j = 1,2, ...,2k. More specifically C̃ = (c̃i j) and c̃i j =

∑h∈Ai
∑s∈B j

chs, for i, j = 1,2, ...,2k. Clearly ‖C̃‖, the L1

norm of C̃, is the same as ‖C‖, since A1, A2, ..., A2k and

B1, B2, ..., B2k are partitions of the m rows and n columns of

C respectively. As explained above, the sum of each row i of

C̃, equal to αAi
, is no more than ‖C‖/k = ‖C̃‖/k; So is the

sum of each column j of C̃. Therefore C̃ is decomposable

according to Lemma 1 above.
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Since C̃ is decomposable, it can be written as a linear

combination of 2k× 2k k-matching matrices with nonneg-

ative coefficients, which induces a probability distribution

µ̃ on the set of 2k× 2k k-matching matrices like in For-

mula 2. The probability distribution µ we use to assign

blocks to the m by n cloud matrix is then derived from

µ̃ : µ̃({Φi}) ≡ P[Φ = Φi] as follows. Suppose a 2k× 2k

k-matching matrix ∆ = {δi j} is sampled (with a probabil-

ity as specified in µ̃). Suppose the matrix elements δi1, j1 ,

δi2, j2 , ..., δik , jk (on distinct rows and columns) take value 1,

and the rest take value 0. Then the first block is assigned to

the cell indexed by a (random) coordinate (h1,s1) sampled

from the set Γ1 ≡ {(h,s)|h ∈ Ai1 ,s ∈ B j1} with the follow-

ing probability distribution:P[(h1,s1) = (h,s)|(h,s) ∈ Γ1] =
ch,s/c̃i1, j1 . Note these probability values add up to 1, because

∑(h,s)∈Γ1
ch,s = c̃i1, j1 , due in turn to the fact that we col-

lapse rows Ai1 and columns B j1 of C respectively into row

i1 or column j1 of C̃. The second, the third, ..., and the kth

blocks are similarly assigned to cells indexed by random co-

ordinates (h2,s2), (h3,s3), ..., (hk,sk) respectively. By noting

that the (random) coordinates (h1,s1), (h2,s2), ..., (hk,sk) are

mutually independent, we have completed the specification

of µ .

5. Evaluation

In this section, we evaluate through simulations the effi-

cacy of our load-balancing scheme. We first describe in Sec-

tion 5.1 the common settings, parameters, and metric in all

simulation studies, and then report their findings in subse-

quent sections.

5.1 Common Settings and Parameters

Unless otherwise stated, in simulation studies, we use the

ballpark system parameters provided to us by the top-tier

cloud service provider we are working with. The cloud sys-

tem of the provider can be modeled as an (m = 60)× (n =
20) matrix of cells. Each cell contains 10 storage servers

(about a half rack), and each storage server has 40 disks of

8TB capacity each. As explained earlier, we assume each

(file) extent consists of k = 14+ 4 = 18 coded blocks and

each block has size 3GB/14≈ 214MB. Hence each cell can

hold 10× 40× 8TB/(214MB) ≈ 1.5× 107 blocks. We set

the total arrival rate of new extents (or blocks) to the cloud

system to 0.1% of the (current) total data center storage ca-

pacity per day. We also assume that there are 5,000 dispatch-

ers in the system and all dispatchers obtain a daily report of

the load occupancy ratios of all cells and will adjust the load

distribution used in the load-balancing scheme accordingly.

While this once-a-day (load) reporting frequency may sound

too low to some readers, we emphasize that the performance

of our load-balancing scheme can only improve with higher

reporting frequencies.

In all simulation studies, we use metric D = (max li j −
l̄)/v, the difference between the load ratio of the most
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Figure 3. The fluctuation of D over time.

heavily loaded cell and the average load ratio l̄ =
‖L‖
mn

=
∑m

i=1 ∑n
j=1 li j

mn
, to measure how well loads are balanced across

the cells, and refer to it as the positive load ratio deviation.

We would like this metric D to be as small as possible, so

that 1−D, the maximum reachable utilization ratio of the

data center, can be as close to 1 (i.e., 100%) as possible.

5.2 Near-Perfect Load Balance

In this section, we study, when new file blocks are added

to a data center, how evenly our load-balancing scheme can

distribute the load across the cells. We assume the loads

across all cells are perfectly balanced to start with, and

the utilization ratio of each cell is 70%. Recall that 5,000

dispatchers collectively add new blocks at a rate of 0.1%

of the total data center storage capacity per day. We have

performed 1200 simulation runs, each of which simulates

the process, over a period of 100 days, of filling up the data

center to 80% utilization. We have found that the positive

load ratio deviation D exceeds 0.000675% in only 1% of

the simulation runs. In other words, the utilization ratio of

the data center can reach 79.999325% with probability 0.99,

without any cell’s load ratio exceeding 80%. This result

demonstrates that our scheme keeps the storage loads across

the cells near-perfectly balanced, thus allows the data center

to use almost all its storage capacity if needed.

We have also taken a closer look at how the positive load

ratio deviation D fluctuates over the 100-day period. We run

the previous simulation once more using the same parame-

ters. The resulting “sample path” is shown in Figure 3. We

can see from Figure 3 that D stays within a narrow range

between 0.000417% and 0.000854%. This indicates that our

load-balancing scheme maintains a near-perfect balance of

storage loads across cells during the entire 100-day period,

when new (file) blocks arrive continually.

5.3 Comparison with Uniform Random Assignment

In this section, we compare the performance of our load-

balancing scheme, consisting of the weighted randomized

assignment (Section 3.3.1) and the sweeping (Section 3.3.2)

algorithms, with that of uniform random assignment. We

compare it also with that of continuing to run the weighted

randomized assignment algorithm, instead of the sweeping

algorithm, even during the cruising stage. We assume that

each cell has an initial load independently uniformly ran-

domly distributed in the interval [50%,51%]. We conduct
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one simulation run for all three cases (with sweeping, with-

out sweeping, uniform random) using the same arrival in-

stance (i.e., with the same outcome ω) of new file blocks.

The simulation results are shown in Figure 4.

We can see that the D curve of the uniform random as-

signment is flat over time. This means that, starting with an

uneven initial load distribution, the uniform random assign-

ment algorithm cannot make it any more balanced over time,

which is to be expected because it has no load-balancing

power. In comparison, with the other two load-balancing

schemes (with sweeping, without sweeping), the D value

decreases rapidly until it reaches a small value (around

0.0234%) during the common load-balancing stage. At this

point, our scheme with sweeping will enter the cruising stage

(i.e., starting to “sweep”), while that without sweeping will

continue to balance the load using the weighted randomized

assignment algorithm. It is clear from Figure 4 that loads

across cells are much more evenly balanced with sweeping

than without.

5.4 Two Breakdown Scenarios

We have explained earlier that a hardware failure or a soft-

ware update could take a row (hardware failure zone) or a

column (software update zone) offline for as long as a week

(7 days). In the meantime, all new blocks are assigned to

other rows or columns not affected by the breakdown, leav-

ing the affected row or column underloaded. In this section,

we show that our weighted randomized assignment algo-

rithm can promptly restore the load-balancing after the af-

fected row or column is back online.
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happens.

We consider two breakdown scenarios: A hardware fail-

ure that takes out a row (containing 20 cells), and a software

update that takes out a column (containing 60 cells), both for

seven days (from the 0th day to the 7th day in both figures).

Note that a software update takes out 3 times as many cells as

a hardware failure. We perform 100 simulation runs for each

scenario. Figure 5 shows the simulation results for the hard-

ware failure scenario. From the plot, we can see that during

the breakdown period, D increases to about 0.003% of cell

capacity. After the row comes back online, our weighted ran-

domized assignment algorithm restores the balance within

four days, or after new blocks, in the amount no more than

0.1%×4= 0.4% of the total storage of the cloud system, are

assigned.

The simulation results for the software update scenario

are shown in Figure 6. Software update takes much more

time (about 64 days) to recover than the hardware failure,

because the former takes out three times as many cells as

the latter. In fact, even with the idealized centralized load-

balancing scheme, it takes at least 63 days to restore the load

balance, as shown in the following analysis, so our scheme

is near-optimal in this regard.

When a column is taken out, the other 19 columns each

receives about 1/19 of the incoming storage load over the

next seven days. Consequently, when the updating column

comes back to service (i.e., restored) after seven days, it has

on average 7
19 w less load than others, where w is the number

of new blocks that arrive each day. Since the restored column

can take in at most 1
18 w new blocks each day afterwards, and

any other column on average takes in at least
1−1/18

19 w =
17
342 w new blocks each day, the restored column can take

in at most ( 1
18 −

17
342)w = 1

171 w more new blocks each day

than any other column on average. Hence it takes at least

( 7
19 w)/( 1

171 w) = 63 days for the restored column to make

up the load “deficit”.

Note although it takes quite a long time for the load ra-

tio of the restored column to “catch up” with that of others,

the resulting decrease in the maximum reachable utilization

ratio of the data center, even at its largest (immediately after

the column is restored), is minute. In fact, from Figure 6, we
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can see that the peak value of D during a software update is

only about 0.05%, which means the maximum achievable

utilization ratio can still reach 79.95% without any cell’s

load ratio exceeding 80%. However, if we really would like

to shorten this “recovery time”, we can achieve that by in-

creasing the number of software update zones. For example,

if we had 30 instead of 20 software update zones, the recov-

ery time would decrease to 12 days according to our simula-

tions.

6. Related Work

The problem of balancing storage loads in a cloud or data

center has been studied, mostly in the context of achieving

fault-tolerance through data replication, in works such as

Google file system [15], Hadoop distributed file system [5],

DepSky storage system [2] and Ceph file system [26]. Chen

et. al [9] proposed a proactive Markov Decision Process-

based load-balancing algorithm, which efficiently migrates

load from heavy-loaded VMs to light-loaded ones. Wei et.

al [25] proposed a model to capture the tradeoff between

availability and level of replication.

Achieving fault-tolerance via space-efficient erasure cod-

ing has also attracted much research attention. Zhang et. al

[27] compared the performance (in achieving fault-tolerance)

of erasure coding and that of replication in Hadoop [5]. Di-

makis et. al [13] and Sathiamoorthy et. al [23] focused on

the data recovery issue in erasure-coded storage system. Di-

makis et. al [13] proposed a information-theoretic frame-

work that can be used to determine the minimum amount of

information that has to be communicated in order to repair

failures. Sathiamoorthy et. al [23] presented a novel fam-

ily of erasure codes that offer better coding efficiency and

higher reliability than Reed-Solomon codes [6, 18]. None of

these works, however, has considered anything close to the

aforementioned 2D combinatorial constraint (i.e., the diver-

sity requirement) that we have to work under in solving our

load-balancing problem.

Interestingly, load balancing under constraints similar to

ours has been studied in the contexts of network switching

and CPU scheduling in parallel and cluster computing. Some

of the early works on cluster computing have examined load

balancing issues that are slightly similar to ours. Work by

Rudolph et. al [22] studies CPU load-balancing in a parallel

computer. Its core idea is that, when a processor is ready

to schedule the next job in its local job queue, it will ask

– with a probability that is a function of the queue length

– another processor, chosen uniformly randomly from the

set of other processors, about its queue length. If the queue

length of that processor is much shorter, the job will be

transfered there. Chow et. al [11] analyze the performance

of four scheduling policies in single-dispatcher distributed

systems. Our problem setting is very different than that in

this work, as there is no communication among dispatchers

and the blocks have to be assigned according to a k-matching

matrix. In other load balancing schemes designed for multi-

server or multi-processor systems, either a central server is

used for all task assignments [4, 11] or the job dispatchers

are able to communicate with one another [1, 10].

Chang et. al’s work on crossbar switching [7, 8] is sim-

ilar to ours in its solution approach and the use of BVN

decomposition.. Both schemes employ a two-stage process,

wherein randomized assignments are performed in the first

stage to reach load balance, and a “sweeping” style algo-

rithm is used in the second stage to maintain the balance.

There are two key differences however. First, their work

deals only with square matrices (i.e., N ×N) and full-size

matchings (i.e., N-matching) while our work has to deal with

any matrix shape and matching size. This makes our prob-

lem more mathematically complicated. Second, in a switch-

ing setting, once a matrix is BVN-decomposed into a lin-

ear combination of matching matrices, input ports can effec-

tively coordinate with one another to translate the decom-

position result into a deterministic sequence of matchings to

be carried out in succession. Our work, on the other hand,

has to harness the randomness caused by the distributed in-

dependent dispatching requirement.

Work by Porter et. al [21] studies how to efficiently route

network traffic inside a data center by viewing it as a “giant

switch.” In this work, like in [7, 8], the BVN decomposition

of the “switch”-wide traffic matrix (i.e., the demand) is per-

formed to obtain a sequence of configurations (i.e., “match-

ings”) that should be used over time to meet the demand.

Besides the use of BVN decomposition, there is no other

close similarity between our work and theirs. In addition, the

aforementioned two primary differences between our work

and [7, 8] also apply in this case.

7. Conclusion

In this work, we have proposed a distributed randomized so-

lution to the problem of balancing the storage loads of disks

in a large cloud system, under the requirements of no com-

munication or coordination among storage load dispatchers

and placing blocks of a file on distinct rows and columns

of the cloud matrix. We have also designed an efficient al-

gorithm for computing the probability distribution used in

our solution, which allows the solution to be applicable to

much larger cloud systems. Our simulations using ballpark

parameters provided by a tier-1 cloud service provider show,

among other things, that our solution can balance hetero-

geneous load very well in theoretically minimum time and

keep this balanced state stable, in the most challenging op-

eration scenarios. In the future, we will study how to best

achieve and maintain load-balancing across the data center,

when deleting an old row of cells (i.e., retiring racks of old

servers) or adding a new row, under the same operational

constraints (e.g., the diversity requirement).
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[14] G. Dósa. The tight bound of first fit decreasing bin-packing

algorithm is FFD(I) ≤ 11/9OPT (I)+ 6/9. In Proceedings

of the First International Conference on Combinatorics, Al-

gorithms, Probabilistic and Experimental Methodologies, ES-

CAPE’07, pages 1–11, Berlin, Heidelberg, 2007. Springer-

Verlag. ISBN 3-540-74449-5, 978-3-540-74449-8. URL

dx.doi.org/10.1007/978-3-540-74450-4_1.

[15] S. Ghemawat, H. Gobioff, and S.-T. Leung. The google file

system. In ACM SIGOPS operating systems review, vol-

ume 37, pages 29–43. ACM, 2003.

[16] A. Goel, M. Kapralov, and S. Khanna. Per-

fect matchings in O(n log n) time in regular bipar-

tite graphs. CoRR, abs/0909.3346, 2009. URL

arxiv.org/abs/0909.3346.

[17] C. Huang, H. Simitci, Y. Xu, A. Ogus, B. Calder, P. Gopalan,

J. Li, and S. Yekhanin. Erasure coding in windows azure

storage. In Presented as part of the 2012 USENIX An-

nual Technical Conference (USENIX ATC 12), pages 15–26,

Boston, MA, 2012. USENIX. ISBN 978-931971-93-5. URL

bit.ly/1Bqj7CI.

[18] O. Khan, R. C. Burns, J. S. Plank, W. Pierce, and C. Huang.

Rethinking erasure codes for cloud file systems: minimizing

i/o for recovery and degraded reads. In FAST, page 20, 2012.

[19] N. S. Mendelsohn and A. L. Dulmage. The convex hull

of sub-permutation matrices. Proceedings of the American

Mathematical Society 9, pages 253–254, 1958.

[20] Microsoft Azure Storage Team. Introducing zone redundant

storage. bit.ly/1LFsA44, 2014.

[21] G. Porter, R. Strong, N. Farrington, A. Forencich, P. Chen-

Sun, T. Rosing, Y. Fainman, G. Papen, and A. Vahdat. In-

tegrating microsecond circuit switching into the data cen-

ter. In Proceedings of the ACM SIGCOMM 2013 Conference

on SIGCOMM, SIGCOMM ’13, pages 447–458, New York,

NY, USA, 2013. ACM. ISBN 978-1-4503-2056-6. . URL

doi.acm.org/10.1145/2486001.2486007.

[22] L. Rudolph, M. Slivkin-Allalouf, and E. Upfal. A simple load

balancing scheme for task allocation in parallel machines. In

Proceedings of the Third Annual ACM Symposium on Paral-

lel Algorithms and Architectures, SPAA ’91, pages 237–245,

New York, NY, USA, 1991. ACM. ISBN 0-89791-438-4. .

URL doi.acm.org/10.1145/113379.113401.

[23] M. Sathiamoorthy, M. Asteris, D. Papailiopoulos, A. G. Di-

makis, R. Vadali, S. Chen, and D. Borthakur. Xoring ele-

phants: Novel erasure codes for big data. In Proceedings of

the VLDB Endowment, volume 6, pages 325–336. VLDB En-

dowment, 2013.

[24] K. Shvachko, H. Kuang, S. Radia, and R. Chansler. The

hadoop distributed file system. In Mass Storage Systems and

Technologies (MSST), 2010 IEEE 26th Symposium on, pages

1–10. IEEE, 2010.

[25] Q. Wei, B. Veeravalli, B. Gong, L. Zeng, and D. Feng. Cdrm:

A cost-effective dynamic replication management scheme

221

dx.doi.org/10.1007/978-3-540-74450-4_1
arxiv.org/abs/0909.3346
bit.ly/1Bqj7CI
bit.ly/1LFsA44
doi.acm.org/10.1145/2486001.2486007
doi.acm.org/10.1145/113379.113401


for cloud storage cluster. In Cluster Computing (CLUS-

TER), 2010 IEEE International Conference on, pages 188–

196. IEEE, 2010.

[26] S. A. Weil, S. A. Brandt, E. L. Miller, D. D. Long, and

C. Maltzahn. Ceph: A scalable, high-performance distributed

file system. In Proceedings of the 7th symposium on Op-

erating systems design and implementation, pages 307–320.

USENIX Association, 2006.

[27] Z. Zhang, A. Deshpande, X. Ma, E. Thereska, and

D. Narayanan. Does erasure coding have a role to play in

my data center. Microsoft research MSR-TR-2010, 52, 2010.

222


	Introduction
	The Load-Balancing Problem
	A Randomized Approach
	Summary of Contributions

	System Environment andProblem Statement
	System Environment
	Hardware Failure Zones
	Software Update Zones
	Erasure Correction Coding
	A Cell in the Cloud Matrix


	Cloud Storage Load-BalancingProblem and Solution
	Problem Statement
	Problem Reduction
	Our Randomized Solution
	The Load-Balancing Stage
	The Cruising Stage


	Computing the Load-BalancingDistribution
	Mathematical Characterization
	A Standard Algorithm
	A Faster Algorithmn
	Compressing C into 
	Compute the Distribution


	Evaluation
	Common Settings and Parameters
	Near-Perfect Load Balance
	Comparison with Uniform Random Assignment
	Two Breakdown Scenarios

	Related Work
	Conclusion



