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Abstract

This paper investigates resource allocation policies for
achieving real-time content distribution with subsecond de-
lay bounds on the current Internet. Resource allocation in
real-time systems has been concerned primarily with meet-
ing time constraints on single processors and multiproces-
sors. On a single processor, the main degree of freedom
available for the real-time designer is the scheduling pol-
icy. On a (partitioned) multiprocessor, a second degree of
freedom is the partitioning policy. This paper explores a
third degree of freedom unique to large-scale (i.e., wide-
area) distributed systems with non-negligible communica-
tion delays among individual nodes. We call it the domi-
nating set allocation policy. This policy is a primary deter-
minant of schedulability in such systems. We present some
initial steps towards understanding the properties of differ-
ent dominating set allocation policies in terms of resulting
task schedulability. We describe an optimal dominating set
allocation algorithm (subject to certain design decisions),
propose a number of simple heuristics, and evaluate them
using realistic Internet measurements and HTTP workload.
The key contribution of this paper lies in the practical appli-
cability of the proposed heuristics in achieving delay guar-
antees (with a high probability) over best-effort wide-area
networks.

1. Introduction

In real-time scheduling theory, it is generally desired that
resources be assigned to tasks in a manner that meets dead-
lines. There are primarily two types of policies that as-
sign resources to tasks, depending on whether resources
are assigned in time (which we call scheduling) or in space
(which we call allocation). It may be argued that as sys-
tems grow larger (i.e., as load and resource multiplicity in-
crease), the role of allocation dominates that of scheduling.
Scheduling is inherently a consequence of multitasking,
where more than one task or class of tasks share the same
resource such as a CPU (for the sake of this discussion, a
class of tasks refers to those tasks with the same deadline).
In contrast, in systems where the load imposed by a class
of tasks is much larger than the capacity of a single proces-
sor, it is possible to treat each processor as an indivisible
unit that is not shared among different classes of tasks. The
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relevant problem therefore becomes one of resource (e.g.,
processor) allocation. This formulation is especially true of
environments such as Internet server farms where a finite
small number of client classes are served by hundreds of
servers. Different subsets of servers in the farm can thus be
allocated to different classes. In large-scale distributed sys-
tems that run critical applications (e.g., content distribution
services delivering latency sensitive content), physical per-
formance isolation between different classes of content is
commonly desired for privacy and security reasons. Hence,
when allocating, any server is dedicated to serving only one
class. A server allocation policy that meets real-time per-
formance requirement is therefore needed.

In this paper, we consider the problem of resource al-
location in wide-area distributed systems such that timing
constraints are met. Servers in a wide-area network are sep-
arated by delays that often dominate the end-to-end client-
perceived latency. Content should be allocated to servers
such that there exists a path from each client’s network en-
try point to each server that satisfies the delay bound of the
client’s class. Consider a graph where servers and other
network entry points are the vertices. Given a delay bound,
an edge is drawn between a pair of vertices if there exists
a path between them that meets the delay bound. To en-
sure on-time delivery to any network entry point, servers
must form a dominating set in that graph. The question
of resource allocation reduces to that of dominating set al-
location, where different non-overlapping dominating sets
are allocated to different content classes such that schedu-
lability is maximized. In this problem formulation, schedu-
lability is defined as the fraction of client requests (for all
classes) that can be served within their delay bounds.

To address the above problem, we compose a centralized
optimal algorithm (subject to certain design assumptions)
and explore different decentralized dominating allocation
policies using Internet delay measurements from Planet-
Lab [19] and synthetic HTTP traffic workload to evaluate
their performance. Our evaluation results demonstrate that
the simple heuristic allocation policies we propose perform
very close to the optimal allocation.

The rest of the paper is organized as follows. Section 2
presents the problem formulation and background on wide-
area content distribution. Section 3 presents different dom-
inating set allocation policies. Section 4 evaluates their per-
formance. Section 5 presents a brief discussion on the allo-
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cation policies. The paper concludes with Section 6.

2. Problem Formulation

Consider a wide-area network with N edge nodes, N,
i = 1,..., N, that represent access routers or servers con-
nected to this network. The network path from some node
N; to another node N; and back incurs an end-to-end net-
work round-trip delay that is bounded (with a specified
high probability) by d;;. In this work, we focus on small
content objects (such as typical web objects), as opposed
to large files or streaming data. Note that, for small data
transfers (large data objects and streaming data are out of
the scope of this paper) this delay is fairly independent of
the requested data size as latency becomes dominated by
queueing delays in the network as opposed to the transfer
time of any one request/reply. This assumption is consis-
tent with the fluid data model, which is representative of
high-performance resources (servers, backbone links, etc.).
Delays on such resources are the cumulative result of wait-
ing for a very large number of service items each of which
is served by the resource very quickly. In previous publi-
cations [9, 10], the authors have shown using a large set
of empirical measurements that Internet round-trip delays
tend to be relatively stable over long periods of time (bar-
ring rare short-term events such as flash crowds).

Tasks are executed by sending requests to remote
servers. For example, in Web browsing, a request is sent
to a server which performs the task of generating a reply.
The reply is then sent back. A similar interaction occurs in
multiplayer interactive Internet games (hosted by central-
ized servers) or in data-center transactions (such as Google
search requests). We assume a task execution model where
K classes of tasks exist in the system. A request for a task
of class k, k = 1,..., K has an end-to-end latency con-
straint, L. Such a request, introduced into the network at
time ¢, must generate a response that exits the network by
time ¢t + L.

As servers are loaded with requests (of the same class),
the server’s queueing delay grows with the request rate. Of-
ten a sharp knee exists in the delay curve at the threshold
of server overload, after which delays grow much more
steeply [25]. We call that threshold server capacity, and
denote the corresponding delay by D;, that depends on
the server, 7. Our resource allocation scheme ensures that
server capacity is not exceeded and hence bounds the server
delay at D; (with high probability). Whenever site 7 sends
a request of class k to server j, it is desired to ensure that
di; + D; < Li. The allocation problem addressed in this
paper is to assign non-overlapping sets of servers to classes
such that the fraction of total requests that are served within
the end-to-end latency bounds is maximized.

As a specific application of the above model, in the
following we focus on the case of a content distribution
service. The service (depicted in Figure 1) deploys CDN
servers spanning multiple ISPs. Edge nodes are the “entry
points” of client requests: requests are sent to the closest

O
Figure 1: System model of a wide-area content distribution ser-
vice providing bounded latency for content access. Edge nodes
forward client requests to CDN servers that have the requested
content and are within the associated access latency bound. CDN
servers co-locate with some edge nodes.

edge node, which forwards the requests to one of the CDN
servers that have the requested content objects. In this ap-
plication, to enforce the latency bounds on retrieving con-
tent objects, the content distribution service needs to deploy
replicas of the content objects to the servers. The replicas
should be placed in a strategic way such that when an edge
node issues a request, one can always retrieve a replica of
the requested object from a server that is within the latency
bound. To achieve that, we first construct a graph for each
class, k, where vertices represent edge nodes, and arcs con-
nect vertex ¢ to vertex j if d;; + D; < Ly. To ensure that
content retrieval latency is always bounded, it is enough
to replicate the content at a subset of vertices (associated
with CDN servers) that constitute a dominating set for this
graph. By definition of the dominating set, any edge node
is connected to one of the content replica servers and thus
can retrieve the content within the bound.

Since servers can not be shared by classes, it is im-
portant to keep the dominating set for each class small so
that other classes may find available servers to serve their
workload. Moreover, to provide latency bounds on content
retrieval, one must make sure that server workload does
not exceed capacity thresholds. Hence, the algorithm must
find a small dominating set of the graph associated with
each latency bound, subject to the limits on server capac-
ity. The aforementioned dominating set allocation problem
becomes the fundamental problem in ensuring latency con-
straints in wide-area distributed systems. Any distributed
system with multiple partitioned classes of tasks and a per-
class end-to-end latency bound must solve this problem in
a way that maximizes deadlines met.

With the basic system model, we now present the for-
mal optimization model of the multi-class server allocation
problem as a mixed integer programming (MIP) problem.
Consider a multi-class content distribution network with S
CDN servers (or servers for short) and C' edge nodes that
are not associated with servers (see Figure 1). Each edge
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node may issue requests for content objects of all K content
classes. The content distribution service need to replicate
content to serve these requests within delay bounds asso-
ciated with the content classes. We achieve this by con-
structing an overlay network for each of these K content
classes based on its delay bound. In one such overlay net-
work for content class k, an edge node 7 is connected to a
server node j if content class k requests from ¢ to j can be
serviced within the delay bound Ly.

We want to find an optimal allocation which assigns the
servers to the content classes such that content objects are
replicated on the servers nodes, such that edge nodes get
their requests serviced by these selected content servers.
As discussed in Section 1, each server is dedicated to one
content class. The optimality is defined as maximizing the
total amount of requests (of all classes) that can be served
within their delay bounds.

We denote individual content class as class k, k& €
{1,---, K}, individual edge nodes in the network as i,

i € {1,---,C}, and individual server node in the net-
work as j, j € {1,---,S}. Lety¥ (j € {1,---,S5},
ke {1,---,K}) bealor0 to denote in an allocation

scheme, whether or not server j is dedicated for serving
content class k, respectively.

For each edge node i, let ¥ denote the request rate from
node 7 for content class k, and xf j denote for content class
k, the fraction of 7% that is requested from server j.

For each server node j, let H; be the capacity threshold
of server j. For each edge node i, let N*(i) denote the
neighborhood node set of node ¢ in the overlay network
constructed for content class k. Here, a node can be either
an edge node or a server.

The decision variables are:

° yf : which server is dedicated for servicing which con-

tent class;

e ¥ .. for each edge node 7, each content class k, what

is the fraction of its requests for the class (rf) should
be served by server j.

Using these notations, for each edge node ¢, each con-

tent class k, its requests that meet their deadlines and are

served by server node j can be expressed as :U y] 1 .
Since only those servers within the nelghborhood set N*(4)
can service those requests, our goal of maximizing the total
serviced requests that meet their deadlines can be expressed

as
max ZZ Z x”y7 l. (1)

k=1i=1 jeNk (s

We now formulate the constraints for the optimization
problem. First, for each edge node 7, for each content class
k, its requests served by all the servers should be less than
or equal to its total request rate for class k:

Z x,]y] <1

JENk(0)

Vie{l,---,S}, Vke{l,..,K}. 2)

Second, for each server node j, its total capacity H;
should not be exceeded by serving requests of all K content

classes:
K
> X

k=14,s.t.jENF (1)

Vjel,-- 8. 3)

.k
i;Y; < Hj,

Third, each server is dedicated for only one class; yf is
an integer which can be only 0 or 1:

yryrt =0,
Viel,---,8, Vk#m,1<km<K. “4)
y¥e{0,1}, Vjel,---,S, Vkel, - K. (5

Fourth, for any edge node 7 and content class &, only
nodes in the neighborhood of the class k overlay network
can be selected as a content server to serve requests:

xf; =0, if j ¢ N*(i),

i.J
Vie{l,---,C}, Vke{l,..,K}. (6)
Finally, we know :ciC ; 1s a real number between 0 and 1:
0< ac i < 1,
Viel,.--,C, Vjel,---,S Vkel,--- K. (7)

Since the decision variables yf are required to be inte-
gers in {0, 1}, the above problem is an MIP problem. For
general network topology, it is NP-hard.

The paper presents an optimal algorithm to solve this
problem and a comparative study of several dominating
set allocation policies, building insights into their perfor-
mance.

3. Dominating Set Allocation

In this section, we investigate the problem of dominating
set allocation among multiple content classes. We begin
(in Section 3.1) by describing a branch-and-bound algo-
rithm to search for an optimal server allocation in the sense
of maximizing the number of deadlines met. This algo-
rithm is centralized and quickly becomes computationally
intractable when the problem scale grows. We therefore
further propose a set of heuristic dominating set allocation
policies. Their performance is compared to the optimal al-
gorithm.

The basic algorithm that serves as the building block for
the heuristic allocation policies is described in Section 3.2.
It allocates one server to one class. The different heuris-
tics differ only in the order in which they apply the basic
algorithm to different classes. Observe that since different
classes have different deadlines, and since servers allocated
to one class cannot be reused by another, the allocation or-
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der makes a difference in that classes considered later in
the order must choose from a progressively smaller num-
ber of remaining servers. This is not unlike the effect of
scheduling policies where tasks of lower priority can only
be allocated resources not already used by higher-priority
tasks.

3.1. Optimal Allocation Search

As mentioned above, the problem of allocating S servers to
K classes to maximize the requests served within their de-
lay bounds can be formulated as a mixed integer program-
ming (MIP) problem. We use a branch-and-bound algo-
rithm to search for the optimal allocation. Each node 7 at
depth & in the search-tree is a partial solution ps(7’) to the
allocation problem, representing the allocation of the first
k servers to classes. The solution is quantified by an opti-
mistic upper bound ub(7) on the percentage of deadlines
met in all solutions descending from the node. The leaves
of the search-tree are complete allocations of the servers
to classes. The actual percentage of deadlines met can be
computed for each leaf node. When such a node is reached,
all nodes with a lower ub(7) are pruned. The branching
and bounding algorithms are briefly described below.

Branching strategy The root of the search-tree R is the
node with ps(R) = @ and ub(R) = 0. At each itera-
tion of the search, the node with the highest bound ub(7,,)
(after pruning) is expanded. Namely, K new search-tree
nodes are created, each representing the allocation of the
next server on the list to one of the K classes. This pro-
cess stops when 7, is actually a leave; the corresponding
solution is the optimal allocation.

Deciding upper bound To decide the upper bound of a
search-tree node 7, we release the constraint that servers
are dedicated to only one class (for the servers that have
not been allocated in the partial solution ps(7)). The MIP
problem mentioned above then reduces to a linear program-
ming problem, whose solution is tractable and gives an up-
per bound on met deadlines for the subtree rooted at 7.

Note that the efficiency of algorithm depends on the
topology of the network, workload distribution, and capac-
ity of the servers. In the worst case, for K classes and S
servers, we need to examine all the K ° leaves in the search-
tree. Hence, searching for the optimal allocation is feasible
only for relatively small network. This algorithm is used to
assess the performance of heuristics below.

3.2. The Basic Dominating Set Algorithm

Our heuristics rely on one basic building block which is
the algorithm described in this section. Our basic replica
selection algorithm runs in a decentralized fashion, incre-
mentally adding servers to form a dominating set for a class
of tasks. Edge nodes periodically access each other to es-
timate round-trip delays. If delays fall below the bound
for a particular class, a link is established in a virtual over-
lay graph for that class. Each edge node maintains a local
view of that graph, where it knows only its neighbors on the

overlay and its degree. Besides, each edge node maintains
a “forbidden server list” of its own, which is initialized to
be empty (those are the previously allocated servers). For a
given content class, the incremental algorithm runs as fol-
lows:

1. All servers broadcast their degree information to their
neighbors on the overlay. The degree of a server is de-
fined as the number of neighbors (including itself).

2. After the edge nodes collect the degree information of
their neighboring servers, each individual edge node in-
dependently nominates a server to be a replica.

a. If the edge node has already received a COVER mes-
sage (described later) from some server, then stop.

b. Otherwise, it nominates the server that has the high-
est degree among all the neighboring servers (includ-
ing itself) that are not on the forbidden list.

3. Among all the servers that have been nominated, the
server with the highest degree becomes the new replica.

a. The new replica orders all the edge nodes it received
nominations from by INfT)I in a descending order,
where L is the workload of class ¢ from edge node 7,

and N (i, ¢) is the set of neighboring servers of edge
node : for class c.

b. Then the replica traverses this sorted list, sending
COVER messages to the edge nodes. When sending
a COVER message, it updates its workload by adding
the workload of the edge node. This process con-
tinues until the workload of the replica reaches its
capacity threshold. For the rest of the edge nodes in
the list, it sends DUMMY_COVER messages.

4. When an edge node receives a COVER or
DUMMY_COVER message, it adds the sender of
the message to its forbidden server list.

Every invocation of this basic algorithm selects at most
one replica for a given content class. The selected replica
is the server that has highest degree among all the servers
that have not been selected before. Note that it is possible
that an invocation of the algorithm does not generate a new
replica because if all edge nodes have no valid candidate
to nominate, or they have all received COVER messages in
previous invocations, then no new replica will be selected.

Note that in Step 2b, the algorithm selects the server that
has the highest degree among all the available servers to be
a new replica. The rationale is that using nodes with high
degrees to dominate the graph helps minimize the size of
the dominating set. In Step 3a, the selected replica attempts
to cover those edge nodes that have higher workload and
fewer neighboring servers, for the reason that those edge
nodes are more likely to fail to meet the latency bound re-
quirement. Observe that this is only one way of incremen-
tally building dominating sets in a distributed system. In
general, other algorithms can be borrowed from graph the-
ory for that purpose. The contribution of this paper lies
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in investigating the order in which dominating set con-
struction should be interleaved to maximize schedulabil-
ity for multiple classes, as opposed to contributing to ba-
sic graph theory another algorithm for building dominat-
ing sets. It should be noted, though, that good heuristics
(such as [13, 8]) building minimal dominating sets typically
share in common the fact that servers with a higher degree
are chosen for the dominating set first. This property is
shared by the above algorithm as well (see Step 2b) and will
have important implications on the order in which classes
should be considered for allocation. The property means
that servers allocated earlier tend to have better (more cen-
tralized) locations with a higher degree of connectivity.

3.3. Multi-Class Algorithms

Using the basic replica selection algorithm described
above, we now investigate the problem of multi-class dom-
inating set allocation. As mentioned earlier, the allocation
process is sensitive to the order of running the algorithm
on the classes because no server can be shared by multi-
ple content classes. Obviously, there are servers that have
favorable network locations and could cover more edge
nodes than others. On the other hand, different content
classes have different latency bound requirements. A server
that can cover only a small number of edge nodes for a class
with a short latency bound may be able to cover many more
nodes for another class with a longer bound. This makes
the assignment algorithm challenging. The main knob we
manipulate is the order of applying the basic replica selec-
tion algorithm (Section 3.2) to the content classes. We have
a few natural options stated as follows:

Tightest First This algorithm finds replicas for the class
with the most stringent latency bound first. Only when all
the edge nodes have their workload of that class covered (or
no more replicas can be generated), will the algorithm run
on the class with the next less stringent latency bound. This
is the spatial equivalent of deadline monotonic scheduling
where tasks of one class are assigned processor time be-
fore assigning any processor time to tasks of the next less
urgent class. The algorithm utilizes the fact that the basic
replica selection algorithm described above picks the most
centrally located servers first. Hence, it makes sense to as-
sign them to the highest priority class.

Loosest First Conversely, this algorithm starts with the
class that has the loosest latency bound, and runs until all
the edge nodes are covered for this class. Then, the algo-
rithm proceeds to the class with a tighter latency bound,
and so forth. This is the reverse deadline monotonic.

Round robin Both tightest first and loosest first algo-
rithms greedily select replicas to satisfy one class at the
cost of sacrificing the other classes. When one class con-
sumes too many “good” servers, the other classes can
suffer. Hence, balancing the resource allocation among
classes may be helpful. A round robin algorithm is a natural
candidate. The round robin algorithm avoids the above two

extremes by selecting one replica for each class in a round
robin fashion, essentially spreading servers with good con-
nectivity more evenly among different classes.

Weighted Round Robin This basic round robin algo-
rithm provides roughly equal chances of acquiring “good”
replicas to all the classes. This might not always be ideal
due to the fact that classes with shorter latency bounds may
be harder to satisfy (e.g., they probably need more repli-
cas). Hence, we propose a variant of the basic round robin
algorithm, called weighted round robin, which is the ba-
sic round robin algorithm enhanced with a vector param-
eter W = {wp,ws, ..., wr_1}, where w; is the “weight”
of class 7. At each round, weighted round robin selects wyq
replicas for class 0 before it moves to class 1, for which it
selects wy replicas, and so forth.

Bidding The server selection order in the algorithms
above is based on latency only. However, there is another
dimension of concern in deciding this order; namely, work-
load. Since the ultimate goal is to maximize the deadline
hit ratio, we want to give preference to those servers that
can serve more workload in time. Based on this principle,
we propose a bidding algorithm that takes both the latency
bound constraints and workload of the edge nodes into con-
sideration. At each round, the bidding algorithm generates
a replica candidate for each content class using the algo-
rithm described in Section 3.2. The candidates then “bid”
for becoming a replica by announcing their contributions.
The contribution of a server s for a given class c is the
amount of traffic it is expected to serve in time if allocated
to thatclass. Itis defined as ),y ) £, where N*(s, )
is the set of neighboring edge nodes of server s for class ¢
that do not have replicas for class ¢ yet, and L is the work-
load of class ¢ from edge node ¢. The candidate that has the
largest contribution will be selected as a new replica. The
goal is to maximize schedulable traffic. If multiple can-
didates have the same contribution, the candidate for the
shortest latency bound class will be chosen. Note that as
more replicas are selected for a class, the contribution of an
additional server for that class gradually decreases as more
of the traffic for that class gets covered. This observation
actually reveals a problem with the tightest first algorithm.
As more and more replicas are selected for the most strin-
gent bound class, the contributions of the newly selected
replicas become smaller resulting in diminishing returns.
Newly allocated servers will not be loaded to capacity re-
sulting in wasted computing power and reduced schedula-
bility. Leaving those servers to other classes that can better
utilize their capacities may be more beneficial for reducing
the overall latency bound miss ratio. This is exactly what
the bidding algorithm does.

Scaled Bidding There is a potential problem with the
contribution-based bidding algorithm above. In this algo-
rithm, at every step, the class that claims the largest con-
tribution gets the next best server regardless of its latency
bound. This, in effect, is a greedy decision. It does not
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take into account the effects of the current selection on
the ability of remaining servers to satisfy latency bound
requirements of other classes. Classes with shorter la-
tency bounds generally need higher-degree servers. Hence,
since high-degree servers have different utility to differ-
ent classes, the comparison of contributions should be “bi-
ased”. Similar to the weighted round robin algorithm, we
can enhance the bidding algorithm with a preference vector
P ={po,p1,...,Px—1}, p; being the preference of class 1.
In the bidding process, the algorithm compares the con-
tributions of the candidates scaled up by their preference
values p;. To bias allocation to higher priority classes, we
want to make pg > p1 > ... > pix—_1. We call this en-
hanced algorithm, scaled bidding. In fact, the basic bidding
algorithm introduced above is a special case of the scaled
bidding algorithm where py = p1 = ...px—1; the tightest
algorithm is pg > p1 > ... > px_1; the loosest algorithm
iSpo <K p1 K ... K pr—1-

Random In addition to the algorithms above, we also
include a random algorithm as a trivial baseline. This
algorithm randomly selects a certain number of replicas
for each class, based on the workload breakdown of the
classes. If the total workload of the system is distributed
among the classes by a ratio of g : 7 D TK—1,
Zfigl r; = 1, then every server simply claims to be a
replica of class ¢ with a probability of r.. Note that every
server will be a replica of some class, but never multiple
classes. The numbers of replicas of the classes are there-
fore probabilistically proportional to their workload ratio.
These algorithms are evaluated in the next section.

4. Evaluation

In this section, we present an extensive performance eval-
uation on the dominating set allocation policies presented
in Section 3. We study their performance, as well as com-
pare with the optimal allocation, using a wide spectrum of
system configurations.

We built a prototype of our bounded-latency content
distribution service, and implemented the algorithms. We
tested and deployed the algorithms on PlanetLab [19], a
real-world WAN platform. PlanetLab is a shared plat-
form with a non-real-time operating system. Hence, we do
not have control on resource allocation and timing, which
makes it hard to run repeatable real-time experiments. Be-
sides, for obvious reasons, we were explicitly discouraged
from running overload experiments on PlanetLab. There-
fore, we conducted our experiments using a hybrid ap-
proach. We first deployed network latency measurement
daemons on PlanetLab servers. The measured fluctuating
network delay time sequences were then fed to our simu-
lator. Besides the topologies generated by PlanetLab, we
also used randomly generated transit-stub networks using
GT-ITM [26]. All the experimental data reported in this
paper are average values of running the algorithms on all
the topologies.
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Figure 2: Deciding server capacity threshold using 99-percentile
server processing delay.

As discussed in Section 2, the response-load curve of a
server has a well-defined knee. We define the server load at
that knee as the capacity threshold, or capacity for short, of
the server. To find out the knee, we used an array of client
machines running SURGE [4], a synthetic Web traffic gen-
erator, to generate Web requests to an Apache Web Server
running in the same LAN. In Figure 2, we plotted the 99th-
percentile of request processing time of a server versus of-
fered workload. As depicted in the figure, there exists a
point beyond which the server response time increases non-
linearly and significantly more steeply with workload. We
chose that point as the server capacity threshold. It is worth
pointing out that our definition of server capacity is rather
conservative. We chose this definition to ensure that ran-
dom workload fluctuations do not cause significant dead-
line misses. Observe that in the region below the capacity
threshold, the response time of the server is quite insensi-
tive to load and hence is not affected significantly by load
fluctuations. This makes the timing properties of the sys-
tem stable even in the face of less predictable server load.

To control the offered workload offered, we used a pa-
rameter called workload factor, defined as the total work-
load of all the content classes experienced by all the edge
nodes over the total capacity of all servers. The other pa-
rameter we introduced is the server ratio, defined as the to-
tal number of servers over the total number of edge nodes
(remember that network edge nodes include both servers
and access nodes, shown in Figure 1). In our experi-
ments, for each topology, we randomly selected a fraction
of server edge nodes (determined by the server ratio pa-
rameter) as servers. Different edge nodes would originate
a different amount of input traffic, chosen uniformly from
a range that spans one order of magnitude. For all exper-
iments, we had three content classes, with latency bounds
300ms, 600ms, and 1000ms respectively. These numbers
were intentionally chosen to be well separated to cover a
wide range of latencies.

4.1. Comparison with Optimal Allocation

We start with comparing the performance of the heuristics
presented in Section 3.3 with the optimal results obtained
by the branch-and-bound searching algorithm described in
Section 3.1 in terms of meeting deadlines. As the search for
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optimal allocation is very computationally expensive, it is
feasible only for small-scale networks. We used a configu-
ration of 40 nodes with a server factor of 0.3 (i.e., 12 CDN
servers), and the 3 content classes described above. For the
scaled bidding algorithm, we used a preference parameter
of {4,2, 1}.

0.4 T T T
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Loosest First -
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Workload Factor

Figure 3: Comparison with optimal allocation.

We study the overall latency bound miss ratio, which
is the most important performance metric of the alloca-
tion policies, of all the allocation policies. Overall latency
bound miss ratio is defined as the total number of misses di-
vided by the total number of requests across all classes. The
results of this study are summarized in Figure 3. As shown
in the figure, an obvious general trend is that the miss ratios
increase with the workload for all the algorithms. Note that
when the workload factor is very close to zero, the miss ra-
tios are not zero. This is because there is a possibility that
some edge nodes do not have sufficient neighboring servers
regardless of the overall system workload, especially when
the server ratio is very small.

The main observation we make here is that the scaled
bidding algorithm performs best. Also, the performance
difference between it and the optimal is largely insensitive
to the workload factor. When the system is heavily loaded
(a workload factor of 0.96), the scaled bidding policy has
a miss ratio that only 7% higher than that of the optimal
(which then has a miss ratio of 11%).

In the rest of the evaluation study, we focus on the rel-
ative performance of the heuristic allocation policies at
larger network sizes to determine if the same trends per-
sist.

4.2. Overall Latency Bound Miss Ratio

We study the overall miss ratio of all the algorithms when
the total workload of the three classes is the same. Figure 4
gives the overall miss ratio (with 95% confidence interval)
for different workload factors, with server ratio ranges from
0.2 to 0.8. For the weighted round robin algorithm, we set
the weight vector of the three classes to be {2, 1, 1}.

A general trend can be observed is that increasing server
ratio cuts down the miss ratios of all the algorithms. This
translates to the fact that a wider deployment of servers can
help achieve a higher hit ratio, which is understandable.

When the server ratio is 0.2 (Figure 4(a)), both the tight-
est first and loosest first algorithms perform well when the
system is underloaded. As the workload increases, their
miss ratios, however, go up quickly. In fact, when the
system is heavily loaded, the tightest first algorithm is the
worst among the collection of algorithms; the loosest first
comes next. The reason for the poor performance of the
tightest first algorithm under heavy load lies in that when
the workload is high and servers are not abundant in the
system, the strictly-prioritized attempt to cover the tightest
latency class first drains the server supply causing a high
miss ratio for other (lower-priority) classes. Comparatively,
the weighted round robin and bidding algorithms are better
in this case.

When the server ratio is more generous (0.4-0.8), as de-
picted in Figure 4(b) 4(c) 4(d), the tightest first algorithm
manages to keep the miss ratio very low (around 1%-2%)
until the workload gets very high (80%-90%, depending
on server ratio). Increasing the workload further causes a
steep jump in the miss ratio (e.g., see case when server ratio
is 0.4). This is similar to what can be observed in the case
where server ratio is 0.2, except that the “turning point” is
pushed further by having more servers. The loosest first
algorithm performs well when the workload factor is small
(< 0.4). However, the miss ratio grows with the work-
load quickly. The random algorithm is relatively insensi-
tive to workload. This is because the allocation of replicas
for each class is oblivious to workload information. Even
under very light workload, due to improper allocation of
replicas, many edge nodes can not find replicas that are
within the required latency bounds. Those edge nodes are
hence unable to serve their requests in a timely manner.

The round robin algorithm exhibits a similar trend as the
tightest first algorithm. With a server ratio of 0.4, there
is a performance gap between the two algorithms when
the workload is mild (0.3-0.8). The difference diminishes
when the workload becomes very high. When the workload
factor is 0.96, round robin even narrowly beats the tightest
first. For the cases of higher server ratios (0.6 and 0.8), the
tightest first algorithm wins for all workload conditions.

The performance of the weighted round robin falls short
our expectation. When the workload is not very high, it per-
forms slightly better than the basic round robin algorithm.
When the workload becomes very heavy, it can not even
outperform the basic round robin. Compared to the tightest
first algorithm, its performance is consistently inferior. Its
problem is indeed similar to that of the tightest first algo-
rithm. Although giving class 0 a larger weight can reduce
the miss ratio of that class, the other classes may suffer.

Figure 5 investigates the scaled bidding algorithm with
different preference parameters. For comparison purpose,
we also included the tightest first algorithm and the basic
bidding algorithm in the figure. For the case of server ra-
tio equals 0.2, we also included the weighted round robin
algorithm. The point is to compare the best algorithms
in Figure 4 with the scaled bidding algorithm. As can
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(d) Server ratio = 0.8
Figure 4: Overall latency bound miss ratio of different algorithms

be observed in figure, when the preference parameter is
{4, 2,1}, the performance of the scaled bidding algorithm
is very close to that of the tightest first algorithm when the
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Figure 5: Overall latency bound miss ratio of scaled bidding al-
gorithm with different preference parameters.

workload is below 0.8. For the case that the server ratio
is relatively low (Figure 5(b)), which is the more interest-
ing case in our schedulability maximizing problem, when
the workload increases beyond that point, the scaled bid-
ding algorithm noticeably outperforms the tightest first al-
gorithm. As the server ratio gets higher (i.e., the system
becomes more resource rich), the performance gain of the
scaled bidding algorithm (with a preference parameter of
{4,2,1}) shrinks somewhat, as depicted in Figure 5(c) and
5(d). However, in those cases, the absolute values of miss
ratios of both algorithms are very small. A preference pa-
rameter of {4, 2,1} works the best in our experiments. In
the rest of the paper, we used these values when we refer to
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the scaled bidding algorithm.
4.3. Miss Ratio for Non-Uniform Workload

In this section, we make the workload of the three classes
not uniform. Intuitively, the impact of varying the work-
load of the most stringent bound class and the most gen-
erous bound class are the most interesting cases to investi-
gate. Figure 6 summarizes the experimental data. In Fig-
ure 6(a) plots the overall miss ratios when the workload
factor of class O varies from 0.1 to 0.5, while those of class
1 and 2 are fixed at 0.2. The weight vector of the weighted
round robin algorithm was set to be {2, 1, 1}. Note that the
x-axis shows the total workload factor of the system. In
this experiment, the miss ratios of the tightest first, loos-
est first, random, weighted round robin, and scaled bidding
algorithms are all fairly close to those of the experiment
reported in Figure 4(b) with the same overall system work-
load. However, the round robin algorithm exhibits a notice-
able performance degradation when the workload is high.
Note that the random algorithm does not suffer much from
unevenly distributed workload among classes because the
number of servers reserved for the classes are proportional
to their contribution to the total system workload.

Figure 6(b) reports the data of a related experiment in
which the workload of class 0 and 1 are fixed at 0.2 and
that of class 2 varies from 0.1 to 0.5. Since in this exper-
iment, the workload of class 2 can be significantly higher
than those of class 0 and 1, it makes sense to give class
2 a higher weight in the weighted round robin algorithm.
However, the concern that high-degree servers are essential
to cover workload of class 0 remains. It is unclear which
factor would dominate. Hence, we included two weighted
round robin algorithms, with weight vectors of {2,1,1}
and {1, 1, 2}, respectively.

When the workload is low, giving priority to class 0 by
using {2, 1, 1} is clearly better than the other way around.
However, as the portion of class 2 workload increases, the
benefit of allocating more servers for class 2 (by using
{1, 1, 2}) starts to out-weigh the disadvantage of sacrificing
class 0 workload. In fact, the overall miss ratio when us-
ing {1, 1, 2} even decreases as the total workload increases.
The reason is that the increment of total workload is solely
contributed by class 2. Hence, the impact of a high miss
ratio for class O diminishes as the total workload increases.
Although carefully tuning the weight vector according to
global workload information may help, performance of a
weighted round robin algorithm will presumably only ap-
proximate the better of the two we presented here.

Overall, for all scenarios, the scaled bidding algorithm,
with a fixed preference parameter, achieves very low miss
ratios in a stable manner.

4.4. Miss Ratios of the Content Classes

To better understand the internals of the algorithms, we
further investigated the miss ratio of each of the content
classes. In Figure 7, we plotted the miss ratios of the three
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Figure 6: Overall latency bound miss ratio using non-uniform
workload among classes. The server ratio is 0.4.

content classes for different algorithms. For conciseness,
we only presented the data when server ratio is 0.4, and the
three classes have the same workload. For other cases, we
observed similar results.

From the figure, we can see that the tightest first,
weighted round robin and scaled bidding algorithm all
manage to keep the miss ratio of class O relatively low, as
they are supposed to. For the other three algorithms, the
miss ratios of class 0 are mostly very high. This is because
the stringent latency bound of class O makes it very hard
to find servers for it that are reachable within the bound.
Hence, even if the three classes have roughly the same
number of servers, class O still suffers a higher miss ratio
than the other two classes.

The tightest first algorithm strives to satisfy class 0 at
the cost of sacrificing classes with longer latency bounds.
Hence, when the workload is high, the miss ratios of class
2 are very high. The weighted round robin alleviates the
problem to some extent, but also brings a higher miss ratio
for class 0. The scaled bidding algorithm achieves a good
balance among the classes. Miss ratios of all three classes
climb slowly as the workload increases.

4.5. Latency Bound Conformity

Besides average miss ratio, we are also interested in some
statistical properties of the miss ratio over different topolo-
gies and workload settings. Specifically, we want to know
the likelihood that all the latency bound requirements of all
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Figure 7: Miss ratio of content classes

the classes are met (i.e., how often can a resource schedul-
ing algorithm achieve a zero or near-zero miss ratio).

Figure 8 plots the empirical cumulative distribution
function (CDF) of overall miss ratio for the algorithms
under different workload factors. In this experiment, all
classes had the same workload. This workload is input to
multiple allocation algorithms. An interesting metric is the
percentage of input workload sets for which each algorithm
managed to find a zero miss ratio allocation. This metric is
given by the first point on the CDF curve. More generally,
the CDF shows the percentage of workloads for which each
algorithm was able to secure a given miss ratio bound. As
can be observed from the figure, when the workload factor
is benign (Figure 8(a)), over 50% of the workloads under
the tightest first algorithm are scheduled with a zero miss
ratio. Moreover, in over 90% of the workloads the miss
ratio is bounded by 1%. For the scaled bidding algorithm,
45% of the workloads have zero miss ratio, and over 70%
of the workloads have less than 1% miss ratio. In contrast,
the percentage of workloads with zero miss ratio for the
random algorithm is virtually none. In the case of heavy
workload (Figure 8(b)), the scaled bidding and tightest first
algorithms still achieve zero miss ratio in 10% of the cases.
Over 50% of the cases under the scaled bidding algorithm
are below a 2% miss ratio. The other algorithms essen-
tially never manage to perfectly meet the latency bound re-
quirements of all the classes. Note that since the allocation
problem is NP hard, we do not compare the above numbers
to an optimal algorithm. In other words, we do not know
what percentage of workloads in each case is feasible (in
the sense that a zero miss ratio is achievable under some
allocation).

4.6. Number of Replicas

Given a fixed number of servers, a scheduling algorithm
would ideally generate only a small number of replicas
for each class when the system is underloaded. However,
when the system is heavily loaded, it is more desirable to
utilize all the servers as replicas such that the miss ratio
can be minimized. Figure 9 investigates this property of
the scheduling algorithms. We excluded the random al-
gorithm because it always allocates all the servers based
on the workload breakdown of the classes. In this exper-
iment, we made the workload of all classes equal which
is more illustrative for our purpose; the server ratio is 0.4.
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Figure 8: Empirical cumulative distribution function of overall
latency bound miss ratios. Server ratio is 0.4.
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The weight vector of the weighted round robin algorithm is
{2,1,1}. Figure 9 presents the breakdown of servers used
as replicas in each content class with different workload
factors.

To better appreciate the performance of the algorithms
in terms generating small dominating sets, we imple-
mented a centralized minimal dominating set (MDS) algo-
rithm [13, 8]. The algorithm is actually the best approxi-
mation algorithm known so far for MDS problem, which
is NP-Hard. Note that this centralized algorithm has no
knowledge of workload and server capacity threshold. Es-
sentially, this is the case in which the servers have infinite
capacity, or the system workload is infinitely small. This
algorithm yielded an average replica ratio (total number of
replicas over total number of servers) of 41%. Compared to
the numbers depicted in Figure 9 when the workload factor
is 0.1, the number of replicas of the centralized MDS al-
gorithm is only slightly smaller. This serves as evidence of

19th Euromicro Conference on Real-Time Systems (ECRTS'07)

0-7695-2914-3/07 $20.00 © 2007 IEEE

IEE l-:

COMPUTER

SOCIETY



the efficacy of the algorithms in selecting small dominating
sets.
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Figure 9: Breakdown of number of replicas among the classes

Clearly, for all the algorithms, the total number of
servers used as replicas increases with the system work-
load, which is intuitively correct. For the tightest first algo-
rithm, the number of replicas used for class 0, the class with
the most stringent latency bound, consistently increases
with the workload. This, however, is accomplished at the
cost of class 2 suffering a shortage of servers under heavy
load. When the workload is very high, all servers are used
as replicas. Similar behavior can be observed in the scaled
bidding algorithm. The only difference is that under heavy
load, the servers are distributed more evenly among the
classes, which is the reason why the scaled bidding algo-
rithm achieves a lower overall miss ratio.

The round robin algorithm keeps a fair share of servers
among the classes when the system workload is high. How-
ever, it can not utilize all the servers. The reason lies in the
fact that each edge node has only a small number of servers
that can serve as replicas of class 0 due to its tight latency
bound requirement. Hence, if those servers were allocated
to serve other classes, some edge nodes may not be able
to find a server to forward their class O requests. Even if
there are servers that are not allocated to other classes, they
can not be used to serve class 0. The weighted round robin
behaves similarly, and the share of the servers among the
classes is approximately its weight parameter: {2,1,1}.

The issue of round robin is exacerbated when the loos-
est first algorithm is applied, because those servers that
have good connectivities to the edge nodes are consumed
by class 2. When the workload is high, class 2 needs to use
more servers, leaving class 0 with even fewer choices. In
fact, the number of servers serving class 0 even decreases
when the workload grows. The total number of servers
used by class 2 is also smaller than those of the other al-
gorithms.

5. Discussion

Performance of content distribution service has been ex-
tensively studied in literature [2, 24, 14, 12, 20, 23, 17, 22].
The problem investigated in this problem differ from most

of the related work in that it focuses on issues on providing
bounded latencies on content access. The existence of mul-
tiple content classes (with different latency bounds) further
gives rise to the problem of allocating the servers to the
classes.

There has been a considerable amount of research in
real-time literature on multiprocessor task allocation, on
both homogeneous [18, 16, 3, 7, 6] and heterogeneous plat-
forms [5, 1, 15, 11, 21]. Our model is different in that net-
work latencies between the processing nodes (servers) are
a significant fraction of the end-to-end delay of task exe-
cution. The network latencies can not be controlled by the
system. In that model, the resource allocation algorithm
reduces to a problem of allocating dominating sets for dif-
ferent classes.

In uniprocessor scheduling, deadline-based scheduling
is optimal in terms of maximizing schedulability. In our
system model, through detailed simulations, we identified
that the scaled bidding algorithm is the best from a schedu-
lability perspective. The tightest first algorithm, which
is the “counterpart” of deadline monotonic scheduling on
uniprocessor systems, performs very well only when re-
sources are plentiful (i.e., when the system is underloaded).
As resource constraints tighten, its performance degrades
substantially compared to the scaled bidding algorithm.

One take-away lesson is that optimality of dominating
set allocation policies (from a schedulability perspective),
depends on two conflicting factors. The first is the tim-
ing constraints (or deadlines) associated with classes of
clients. Well-connected servers should be preferably given
to classes with tighter constraints. This calls for policies
of the tightest first flavor, which allocate better servers to
more urgent classes. The second factor is the contribution
of servers measured in terms of the demand they can cover.
As servers get allocated to a class, the remaining unmet
demand of that class drops. Hence, subsequent servers al-
located to that class are more likely to be underutilized. It is
thus a waste to allocate well-connected servers to this class
at that point. This calls for contribution-based policies that
allocate the next server to the class that can utilize it the
most. The two factors are at odds because the class that can
utilize the next server the most is not always the next in pri-
ority. A combination of the two policies, therefore, yields
the best results. Observe further that the conflict between
urgency and contribution arises only when load is high. If
load is low, server capacity constraints do not come into
play, leaving timing constraints as the prime consideration,
hence making tightest first optimal.

Note that, the above trade-off between urgency and con-
tribution has no equivalent on uniprocessors. This is be-
cause processor time can be utilized equally well by tasks
of any class. This explains why optimality results from
uniprocessor scheduling do not carry over to our problem.
An interesting open question remains to formally find the
best way to combine urgency and contribution considera-
tions in server allocation. The contribution of this paper
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has been to verify the basic intuitions on factors that affect
schedulability in wide-area distributed systems, and quan-
tify the advantages (in terms of schedulability) of making
the right tradeoff between these factors in the allocation
policy.

6. Conclusions

In this paper, we explored the dimension of dominating
set allocation policies in distributed systems. This can be
thought of as an extension of partitioned multiprocessor
scheduling policies to distributed systems. Three major
differences exist. One is that task invocation on remote
resources in the distributed system is dominated by the
network delays of sending the request and receiving a re-
sponse. This is consistent, for example, with Web content
retrieval delays. Second, since physical resource isolation
between different content classes is commonly desired and
the number of machines in the network typically exceeds
by far the number of classes, it makes sense to segregate
the classes to improve the efficiency of scheduling. Hence,
only one class of tasks executes on each server. Finally,
allocation refers to server (dominating) sets, as opposed
to individual processors. We explored multiple dominat-
ing set allocation policies and outlined promising candi-
dates. We also compare these allocation policies with the
optimal allocation which requires expensive computation
to obtain. These are important to provide insights into the
problem for subsequent analysis. Our evaluation results
are drawn from simulations using realistic Internet mea-
surements and HTTP workload, which testify the practical
applicability of the proposed heuristic in real-world large-
scale distributed systems. In future work, the authors in-
tend to take a more analytic approach to the problem to
determine provably near-optimal dominating set allocation
policies in a partitioned-class wide-area network.
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