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Abstract:

In this paper, we present and evaluate algorithms to address combined path and server selection (CPSS)
problems in highly dynamic multimedia environments. Our goal is to ensure effective utilization of network and
server resources while tolerating imprecision in system state information. Components within the framework
implement the optimized scheduling policies as well as collect/update the network and server parameters using a
directory service. We present and analyze multiple policies to solve the combined path and server selection (CPSS)
problem. In addition, we study multiple techniques for updating the directory service with system state
information. We further evaluate the performance of the CPSS policies under different update mechanisms and
study the implications of the CPSS policies on directory service management.

1. INTRODUCTION

Advances in computation, storage and communication technologies are initiating the large scale deployment of
multimedia services and applications such as distance learning, video-on-demand, multimedia conferencing,
video phones and multiparty games. The evolution of the Internet and differentiated services has aso expanded
the scope of the global information infrastructure and increased connectivity among service providers and clients
requesting services for multimedia applications. As this infrastructure scales, service providers will need to
replicate data and resources on the network to serve more concurrent clients. Efficient and adaptive resource
management mechanisms are required to deal with highly dynamic environments (e.g. those that involve mobile
clients and hosts) to ensure effective utilization of resources while supporting increasing number of requests.
Multimedia applications require Quality of Service (QoS) guarantees; resource provisioning techniques for
multimedia applications must ensure that Quality-of-Service requirements are met both at the server and along the
network path.

The QoS based resource provisioning problem has been addressed independently at multiple levels. Quality of
Service (QoS) routing techniques have been proposed to improve the network utilization by balancing the load
among the individual network links. Server selection and load balancing policies at the middleware layer direct
the user to the “best” server while statically treating the network path leading from the client to the server as pre-
determined by the routing tables, even though there may exist multiple aternative paths. While the two
techniques can independently achieve some degree of load balancing, we argue that in multimedia environments,
where the applications are highly sensitive to QoS parameters like bandwidth and delay, high-level provisioning
mechanisms are required to address the route selection and server selection problem in a unified way. Such
integrated mechanisms can potentialy achieve higher system-wide utilization, and therefore allow more
concurrent users.

In the future, we can expect highly dynamic network topologies where heterogeneous wired and wireless
networks provide access to an increasing number of mobile users. Optimizing resource utilization becomes
further complicated in this case. Typically, resource provisioning algorithms rely on accurate information about
current resource availabilities. In a highly dynamic and ad-hoc environment where clients are mobile, cost
effective QoS provisioning techniques (e.g. load sensitive routing and scheduling) must be able to tolerate
information imprecision and work effectively with approximate system state information. In such an environment,
the information collection and scheduling processes must cooperate with each other, they cannot be viewed as
completely independent components in the QoS provisioning architecture. In this paper, we develop a framework
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in which scheduling decisions for a client request are based on path as well as server qualities. The middleware
approach in this paper illustrates the use of a directory service that serves as an information repository, using
which combined path and server selection (CPSS) problem can be tackled effectively. Specificaly, we

() develop amodel and agorithm to address the combined path and server selection (CPSS) problem based on
system residue capacities [FV99].
(b) develop and evaluate afamily of directory-enabled policies for composite routing and scheduling [FV01-2].

(c) test and understand the performance of the CPSS policies under varying traffic patterns and under different
levels of information imprecision in the directory service.

Therest of this paper is organized asfollows. Section 2 describes the server and network model and presents the
general case of the CPSS agorithm. In Section 3 we develop afamily of CPSS policies that address the CPSS
problem effectively under dynamically varying system and network conditions. Section 4 deals with the
collection and update of state information using a directory service and discusses severa policies for information
update. Section 5 contains a performance evaluation of the CPSS policies and update mechanisms. Section 6
describes related work and Section 7 concludes with future research directions.

2. COMBINED PATH AND SERVER SELECTION (CPSS)
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Fig 1. System Architecture and Operational Flow of the CPSS Process

Figure 1 illustrates the overall architecture and operational flow of the CPSS process. The crux of the architecture
isadirectory service (DS) that maintains information about the current system state which includes (a) topologies
of server and network interconnectivity, (b) replicainformation and (c) server and network resource availabilities.
The DS information is used by the CPSS module to perform resource provisioning and maintained by the
parameter collection and update process (described in Section 4).

The generd flow of the CPSS processis as follows. A request containing QoS parametersis initiated at a source
node, a directory service provides the required system information and makes path and server assignments for the
client request. Given the assignment, the client node proceeds to set up a connection aong the assigned network
path to the server. The routes and the servers check their residue capacity and either admit the connection by
reserving resources or reject the request. When the connection terminates the client sends the termination regquests,
and the resources are reclaimed along the connection.



2.1 Modeling the CPSS Problem

In this section, we briefly formulate the CPSS problem and develop an agorithm for addressing path and server
selection in aunified manner. We model the QoS requirement of the request R from client c as atriple: the path,
the server and the end to end quality.

R:i<PATH, SERV,, ETOE; >.
The path QoS requirement is defined to be bandwidth required for the request R along any chosen path.

PATH o < BWR >
The server QoS requirement is spelled out in terms of the server resources required by the request R. The capacity
of a multimedia server can be specified as three equally important bottleneck parameters: CPU cycles, memory
buffers and I/O bandwidth,

SERV,, :<CPU_, BUFg, DBg>.
The end-to-end requirement ETOEg, is quantified as the end-to-end delay DL tolerated by the request R

ETOER: <DLg>.

We now model the system as a directed graph G<N, E>, where the distributed servers are represented as nodes
connected to one or more router nodes (See Figure 2). A directed edge from a router to a server is used to

represent each connection to a server in graph G. For a link |, we use a teem BW, , to note its available

bandwidth and term DL' to note its current delay (the delay includes the propagation delay and the queting delay

at the transmit end). By definition, for a path p, we have
BWaSajI = Min{BWéva“ }; DL = ZmpDLI )

10p

As can be observed, the bandwidth parameter is a bottleneck factor and the delay parameter is an additive factor.

If we use RT *to denote the response time of a server s, then given an assignment X={p,s}, with network path p
and server s, the end to end delay of assignment X, EED*, isthe sum of thelink delays and the response time of
the server.

EED* = DL"+ RTS, p,sOX.
In order to deal with path and server selection in a unified way, we first define a utilization factor for network

links and servers to quantify the residue capacity, and then proceed to define a Distance between the client and a
server. The utilization factorsfor alink |, given arequest r and a parameter n, is defined as

1 n
- ; | .
BWayail — BWr] 1 BWaygi > BW,;

UF(I,r,n) = o,if otherwise.

UF(I,r,n)=[

The utilization factor for aserver s, given arequest r and a parameter n is defined as

n

1 1 1
UF(s,r,n)=[Max( S , S — ,j
CPUavail ~CPUr  MEMgq) —MEM, DBy — DBy

if available capacities greater than requested
UF(s,r,n) = oo, Otherwise

In the above equations, the reciprocal of the residual capacity indicates the impact of request r on link | (or server
s). In the case of the server utilization factor, UF(sr,n), the bottleneck resource (i.e. one that is impacted the
most) is conservatively used to estimate the impact of the request r on server s. The parameter n in the utilization
factor represents the degree to which a lightly loaded resource is favored over a congested resource [LR93]. It



serves as a tuning knob to bias resource alocation in favor of lightly loaded resources and is discussed in more
detail in the appendix.

For an assignment X={p,s}, we define the distance of the server sto be
Dist(s,r,n) = ZIDp oy UFGrn) +UF(srn), sOX.

Thefeasibility condition: Given aclient request R:< BWR,CPU R,MEM R DBR, DLR >, An assignment X={p, s},

isfeasible if and only if it satisfies all the following:
* BW/ 2BWg,
* CPU S, =CPU g,BUF S, = BUFR,DBS, = DBg
* EED X" <DLg
We define afeasible set X ; as set of al the assignments that meet the feasibility condition.

e<sw,, ,oL'> e<ur (,r,n),oL' >

:<CPUavail, BUFavail,Dbavail, RT * >

Figure 2. CPSS Diagram. Left: Graph G:<N,E> with the client requesting at point O and a set of target
servers S s1,82,53. Right: Graph extended from G, adding a point CD and artificial edges el,e2 and €3

Optimality of CPSS: Given aclient request Ri<Bw ,CcPU ., BUF g, DB g, DL >, An assignment X*={p*, s*}, is

optimal if and only if it satisfies the feasibility condition and a policy dependent optimality criteria. For instance,
the optimality clause for the BEST UF policy is

Dist(s*,r,n) = Min{Dist{s,r,n)}, for all sin feasibleset S.
We will discuss specific CPSS policiesin detail later in Section 3.

2.2 The CPSS Algorithm

In this section, we present an algorithm to solve the CPSS problem. Given a network topology G, a client request
from point O, and a target set S of replicated servers that contain the information and service requested by the
client, we extend the existing topology G<N,E> to G'<N', E'> by adding one node called Common Destination,

CD, to graph G, and one artificial edge per server sin target set S denoted e, sUJS. from the server s to the

common destination CD, [see Figure 1 above].
The weight of e is defined as W(e): <UF,DL>, two additive parameters representing the load level and the delay
respectively. Specificdly, the weight function Win G’ is derived asfollows:

(a) for edge e(u,v) in E, define W(e)= <UF(e,r,n), DL’ >;
(b) for edge € (s,CD) notinE, butinE’, defineW(€)=<UF(sr,n), RTS>.

To simplify the graph, we remove from G’ those edges in which the available capacity is less than that requested.
We cdculate a set of paths from the origin O to CD to form a feasible assignment set X, , subject to the end to



end delay congtraint. In the appendix, we prove the feasibility conditions for such an assignment derived from a
path P.

The CPSS algorithm (G'<N',E'>, R, O, n,)
1. /* initialization */
For each edge e(u,v) in G’

If eisinE,
if UF(e,R,,n) = INFINITY
delete edge e from G’
Else

W(e).dist = UF(e,R,n); W(e).delay = DL®
Else/* eisan artificial arc, e=(s,CD). */
if UF(sRn) = INFINITY
delete edge e from G’
Else
W(e).dist = UF(s,R,n); W(e).delay= RT ®
2. [* run the Restricted Shortest Path algorithm to obtain the feasible path set X, ,
X ={P| P{(O, V1), (v1,v2), .., (s, CD)}*/
X, =RSP(G'<N',E>,W,O, CD,DLr)
3. Calculate optimal assignment X*={ P*\(s*, CD), s}, based on CPSS policy
4. Return X*

Now, we want to find a path with maximum utility factor value while satisfying the delay constraint. This
problem can be cast as a Restricted Shortest Path (RSP) problem with both a bottleneck parameter (utility factor)
and an additive parameter (delay constraint). Although it has been proved that the general case of such an RSP
problem is NP-Hard [H92], there exist heuristic techniques, (e.g. dynamic programming), to solve it by assuming
an integer value of the delay constraint [H92, LO98, CN98]. The dynamic programming approach can be
summarized as follows. Basicaly, for the specific source node, the system establishes a dynamic table of D rows
and |N|-1 columns, each cell represent the maximum utility factor from source to a certain node (the
corresponding column) within a delay constraint (the corresponding row). The agorithm starts from the neighbor
nodes of the source and propagates until the dynamic table isfilled up. After the algorithm terminates, the column
of the destination node represents the maximum utility factor values of various delay constraints in [1,D]. The
final answer is then the maximum value within the column. A detailed implementation of the RSP heuristic
algorithm is provided in [LO98]. In this paper, we apply the RSP heurigtic in our CPSS agorithm to find a
feasble set X, from the extended graph G'. After the algorithm terminates, a feasible path set can then be derived

from the dynamic table. The complexity of this Restricted Shortest Path (RSP) algorithmis O(D|NJ).

3 AFAMILY OF CPSSPOLICIES

We propose deterministic and non-deterministic CPSS policies that choose an optimal assignment from X, . Our

objective is to improve the overall system utilization and number of concurrent users, therefore we focus on
policies that minimize the usage of system resources while balancing the load across the links and servers.



Deterministic CPSS Palicies:

Shortest Hop: Choose an assignment from the feasible set X, s.t. the number of hops from source to destination
isminima: X*:<p*,s*> st. Hop(X*) = Min{Hop(X)| For all X in feasible set X, }. This variation of the
traditional shortest path policy provides a shortest widest solution.

Best UF: Choose an assignment from the feasible set such that the utilization factor (UF) is minimal:
X*:<p*,s*> st. Dist(X*) = UF(p*)+UF(s*)=Min(Dist(X) | for all Xinfeasibleset X, ).

The Best UF policy is a variation of online algorithms that maximize the overall utilization of resources in the
system without knowledge of future requests.

Non-deter ministic CPSS Policies: Non-deterministic policies attempt to achieve a better degree of load balance
among the links and servers. We present 3 non-deterministic CPSS policies — (i) a randomized path selection
policy, (ii) a satically weighted differential probabilistic policy and (iii) a load-sensitive prababilistic policy. The
probabilistic policies presented here alow a differential treatment of network and server resources instead of
treating the server and network resources in a unified manner. This helps ensure that the more constrained
resource can be treated preferentialy, yielding better adaptation under dynamic conditions.

Random path selection: select X*:<p*, s*> randomly from the feasible set X, . By randomly picking a choice
from the feasible set, this palicy triesto avoid oscillations that are often characteristic of more static policies.

Weighted Differential Probabilistic Policy (Prob-1¢): From the feasible set X, , we calculate a selection

probability for each Xi based on its residue capacity relative to other assignments. The probability is defined as
UF “i(s,) UF (p;)
S _Prob(X,)=R B=—"—+R, =
SR VTP RS T

X OX X OX
R1 and R2 decide how the server and path resources should be emphasized in cal cul ating the selection probability
of the assignment. For instance, in order to avoid the situation where we have a good server with a bad path or a
good path with abad server, we can set R1 = R2 = 0.5.

Prob-1¢ (X)
1. From the feasible assignment set X, X={ X,:< p,,s,>,..., X, :< p,,S, >},
caculatedistinct server set S, S={s,,s,,...,, }, s #s;,0i, jO[LK],i # | .
. Find the corresponding path set P={ p,, p,,..., P }, such that p, isthe shortest path leading to
server s, S USandassignment x:< p;, s> UX,i=1,2,...k
. Thek digtinct assignments are then derived as X' ={ X,:< p,;,s,>,..., X, :< P, S >}
. Weight X;inX as g g UF "(8) g UF 7(p)
D UF (s)) > UF *(p))
ijX‘ ijX‘
. Select an assignment X* from X' probabilisticaly
. Return the selected assignment X*

N
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Load Senstive Differential Probabilistic Policy (Prob-2 ¢ ): This load sensitive agorithm takes into

consideration architectura characteristics of servers and network links to yield a two phase policy that first
determines a bottleneck resource.




From the feasible set X, , the first phase calculates the average UF values of path and server components to

decide which of the two resources constitute the bottleneck for the client’ s request. Based on the bottleneck factor

determined in the first phase, the second phase executes as follows:

(a) If the server resource is determined to be the bottleneck, we emphasize on balancing the load between the
servers. To do this, we first eliminate multiple paths in X to the same server, and build a reduced server set S
that contains distinct feasible servers. Next, we probabilistically select a server, s*, from server set S
according to each server's relative UF value in S Finally from all the paths leading to that server s*, we
probabilistically select a path, p*, according to relative UF value among all such paths.

(b) If the network is the restricting element, we emphasize on balancing the load between the alternative network
links. Experiments reveal that many paths in the network share large amounts of network links, so the most
effective way of balancing the load between network links is to distribute the request to different servers.
Therefore we select a server s* first from the server set S using a uniform probability distribution, and then
probabilistically select a path p* leading to that s*. Our goal isto randomize the usage of the network to avoid
hotspots and maximize load balance among the various network paths.

Prob-2¢ (X)

1. From the feasible assignment set X, X={ X, :< p,,s,>,..., X,,:< p,, S, >}, caculate distinct server set S
S={s,8,,-.uS 1 s #s;, 00, jOMLKLI# .

2. From the feasible assignment set X,
Calculate average UF value of network and server’, UF Y and UF 2R

3. /*Select s* fromserver set Saccording to UF . and UF 3% :*/
If UF e /UFSZ> 1, risathreshold parameter, /* The network is more heavily loaded than the servers */

Weight all serversin Sequally as %

Select aserver s* from server set S.
Else /* the servers more heavily loaded than the network */
UF 7(s))
stkUF 71(31' )
Select aserver s* from Swith max weight

Weight server s in Sas.

4. I* Sdlect a best path leading to the selected server */
Determineset X' O X, st. X' ={ X;:< p;,s> | 5=5",i=12,..n. }
Weight X;inX as _ YF ()

ngk'UF 71(pj)
Select an assignment X* from X' probabilistically

5. Return the selected assignment X*

! Here, in order to be comparable to server, UF( p, )= Max{UF(I )| O p, }.




4 DIRECTORY ENABLED PARAMETER COLLECTION AND UPDATE

The CPSS policies discussed are based on the knowledge of network topology, replica maps, and the load
information of network links and distributed servers. In our framework, this information is maintained in a
directory service, i.e. a unified repository to be accessed by a CPSS module for decision making. As an
independent module, the directory service holds the following information:

»  Network connectivity information (topology) ?;

* Anaccurate server replicamap 3;

* Network and server state information (for example, residua link bandwidth, link delay, server capacities)

While the first two types of information may be relatively static, network and server state information changes
from time to time, and has to be updated periodically in the directory. Obviously, the accuracy of the maintained
state information depends on the update frequency, i.e. more frequent updates improve directory accuracy.
However, frequent updates introduce additional network traffic and processing power at the routers, servers and
the directory service. Thereisafundamental cost-accuracy tradeoff that must be addressed in effective directory
service maintenance. In this paper, our fundamental objectiveisto ensure cost-effectiveness of the CPSS process.
To this end, we study the information collection techniques together with CPSS policies to directly explore such a
tradeoff issue between management cost and eff ectiveness.

Three factors play a role in determining the efficiency of the overall system where CPSS and information
collection policies operate asynchronously: (@) the representation and management of dynamic state information
in the directory and the utilization of this information by the CPSS policies and (b) the degree of coupling
between the information collection and resource provisioning processes and (c) the impact of statistica
fluctuations in the network and server load. In this paper, we evaluate the proposed CPSS policies against a
spectrum of directory management strategies at different operating points of the cost-accuracy tradeoff ranging
from low cost scenarios (e.g. infrequent updates of instantaneous values) to more sophisticated policies using a
range-based parameter representation. Our goa is to improve the overall request success ratios in low update
frequency (low cost) scenarios using our proposed CPSS policies, while maintaining high request success ratios if
frequent information update is possible. In the following we discuss two related issues. the representation/use of
dynamic state information in the directory; and the degree of coupling and show how the overall framework
proposed can address statistical fluctuations in the system.

4.1 Directory Representation of Dynamic I nformation

We use two techniques to represent dynamic state information in the directory.

(a) Instantaneous Shapshot Based Representation: Here, information about the collected parameter, e.g. residue
capacity of network nodes and server nodes is based on an absol ute value obtained from a periodic snapshot.
During each update period, probing is initiated to gather the current information of router nodes and server
nodes; the directory is subsequently updated with the collected values.

(b) Range Based Representation: Here, the residue capacity information is maintained in the DS as arange with a
lower bound, L, and an upper bound, H; the actual value is assumed to be uniformly distributed in this range
with the expected value (H-L)/2. Range based information collection can have many variations [AGKT98,
FV99, FV01-1]; our performance evaluation focuses on one of them - i.e. the fixed interval based policy. In
the Fixed Interval Based policy, we divide the entire range of values that a parameter can assume into k fixed
size intervals, each of size B. Instead of representing each parameter with a range <L,H>, the residue
capacity information is now represented using a range <kB, (k+1)B> with k>=0. During each update period,
aprobeisinitiated to obtain the current information from router and server nodes. If the current value falls out
the DS range, the directory is updated with another interval based range, otherwise no update is sent.

2 The directory collects thisinformation by participating in routing information exchange.
3 Thisis obtained from a distributed domain name service either in an on demand mode or a caching mode ([FIPZGJ99], [KSS98]).
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Message Overhead For Different Update Policies
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The messaging overhead introduced by the information collection/update process can vary significantly based on
the data representation and periodicity of update. Figure 3 compares the message overhead cost of three
information update methods: instantaneous snapshot, the fixed interval based policy with a smaller interval (50%
interval based) and the fixed interval based policy with alarger interval (100% larger interval). The y-axisis the
number of directory updates in log scale and x-axis is the update frequency. We observe that in general the
instantaneous snapshot based approach consistently causes more directory updates than the interval based
representation; and that the smaller interval has a slightly higher update cost than the larger intervals. Specifically,
when the update frequency is high, (e.g with a 1 second period), the message overhead cost for the instantaneous
snapshot-based representation is about 10 times that with an interval based representation. When update
frequency is very low, (e.g., with a 400 seconds period), the new state information is likely to be different and
out of the current interval, therefore interval based representations cannot save significantly in terms of directory
updates.

CPSS I nterpretations of the interval: Since arange can not be used in CPSS calculations, we need to convert a
range, say [L, H], to anumber. We further explore 3 variations.
() Pessimistic (PESS): uses alower bound of a uniform distribution corresponding to the current interval.
(b) Optimistic (OPT): uses an expected value of a uniform distribution corresponding to the current interval, i.e.
(H-L)/2
(c) Optimistic Favor Sable (OPT2): uses an expected value multiplied by a“Degree of Sability” calculated
H-L
Capacity -
From our performance studies (in the following section), we found that generaly, the OPT2 policy exhibits the
best CPSS cost-efficiency.

4.2 Degree of coupling between information collection and resour ce provisioning

The degree of coupling between the information collection and resource provisioning processes plays an
important role in addressing the cost-accuracy tradeoffs involved in directory service maintenance.

A model with tight coupling works as follows. Based on information in the DS, the CPSS module determines a
suitable path and server assignment for a particular request. The CPSS module informs the directory service so
that the requested resource is pre-deducted along the assigned path/server from the state information database
prior to the actual resource reservation process. There are a severa disadvantages when the two tasks (information
collection and resource reservation) are closaly interleaved. Since the CPSS module makes assignments based on
approximate state information in the DS, the final success of the regquest cannot be guaranteed until resources are
reserved along the selected path in any case. The underlying network or server may very well rgject the request



due to lack of resources. Furthermore, the interleaving keeps track of resource occupation (in a somewhat eager
fashion) while resource releases (caused by connection termination, failed reservations etc.) propagate to the DS
at a somewhat sower pace. This introduces a biased image of the current system utilization map to new incoming
requests by presenting an inaccurate picture of available resources. Thisisfurther aggravated in a highly dynamic
environment where not all resources are provisioned through a brokerage process.

For these reasons, we do not choose to update resource allocation information in the DS prior to the success of the
reservation process. Our hypothesisis that a proactive collection algorithm combined with soft state maintenance
is expected to bring further improvement. Therefore, in the following performance evaluation section, the
resource state information is only refreshed by periodic updates in the directory service. The CPSS policies make
assignment decisions based on this information without changing it. We explore snapshot and range-based
approaches to independently maintain the DS. In particular, we use a static interval-based collection processes
that use fixed size ranges and sampling frequencies in the following performance evaluation section. In [FV01-1],
we explore more dynamic information collection techniques with variable frequency and adjustable range
representation using an auto-regressive moving average time-series model. While the more dynamic approach is
able to increase the accuracy of the collection process in the directory service under certain conditions, it also
incurs high overhead due to the memory required to maintain the moving average model. To focus on the
cost/effectiveness of the CPSS policies, we evaluate the relative performance of the CPSS policies with variations
of the static interval based information collection model.

4.3 Theimpact of statistical fluctuations

In areal network infrastructure, the statistical fluctuation in the load of network links and servers often leads to
inaccuracy of the state information in the directory. Such inaccuracy poses serious challenges for CPSS poalicies.
Since this is an unavoidable issue in practice, we now discuss some design strategies that can help reduce the
impact of such fluctuations. In the proposed CPSS framework, small statistical fluctuations are accommodated by
the range-based information collection techniques, and large, dramatic statistical fluctuations are handled jointly
by range-based collection and probabilistic CPSS policies. In another paper, we have developed a detailed
analysis on how the specific statistical distributions (e.g. Poisson or Pareto) affects the accuracies and overhead
cost of our range based information collection technique (the interested reader is referred to [FV01-1]). In the
following, we provide a brief description on how both small and dramatic statistical fluctuations are
accommodated by the proposed framework.

Small fluctuations in system state: In case the system is relatively stable, i.e. the parameter values vary within a
small range over time, the fluctuation is filtered out by our range-based sampling approach - the effective
outcome of the CPSS policies are not affected. In the range-based approach, we use a range to cost-effectively
approximate the current state parameter, instead of a single instantaneous value. There are several strategies that
may be used to determine the position and width of the range In this paper, however, we use fixed ranges to
simplify the information collection and place focus on the discussion of the design and evaluation of CPSS
policies. In other work[FV01-1], the range is adaptively adjusted (i.e. expanded or contracted) to exploit an
optimal tradeoff between information accuracy and sampling overhead using a time-series based approach.

Large fluctuations in system state: If system state changes dramatically, the fluctuation is first reflected as arange
index jump in the range-based collection policy. This change is then taken into account in our probabilistic CPSS
policies, in particular, the Prob-2 ¢ policy. Prob-2 ¢ is a bottleneck oriented assignment policy which explicitly
tries to eliminate hot spots among networks and replica servers and distribute the overall load evenly among the
system. Specifically, when a dramatic change is observed by the sampling process, the Prob-2 ¢ policy first
determines whether the network bandwidth or the replica server capacity is the limiting factor for a particular end
to end request. Accordingly, it chooses an assignment probabilistically from the feasible set calculated by the RSP
algorithm to maximize the request success ratio, thereby avoiding system congestion. Specifically, if the server is
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the limiting factor, the Prob-2 ¢ policy puts priority on distributing the load among the replica servers evenly; if
the network bandwidth is the limiting factor, the Prob-2 ¢ policy places priority on avoiding network congestion.
In summary, when a dramatic fluctuation is detected, Prob-2 ¢ is able to avoid traffic hot spots and congestion by

statistically distributing the system load evenly. Thus, the user request success ratio is improved and high overall
system utility is achieved.

5 PERFORMANCE EVALUATION

The objective of the simulation is to study in detail the performance of policy based CPSS algorithms under
different request patterns and load situations and to correl ate the performance results to the information collection
costs. Thiswill help us understand the dynamics and the tradeoffs underlying our CPSS algorithm in a distributed
environment. Our performance study consists of 2 steps:

(@) Evaluation of policies for optimal path and server selection in the CPSS process: We focus on different
policies for optimal path and server assignment among multiple feasible assignments which all satisfy our
base CPSS requirements. In the previous discussion, the base CPSS dgorithm finds all feasible assignments
that satisfy the QoS requirements of the client, which includes network and server parameters as well as end
to end delay requirements.

(b) Evaluation of directory service update techniques for CPSS decision making: Our simulation will further
focus on situations where system state information is updated very infrequently, i.e., the information
collection period is relatively long, to study the cost-effectiveness of different polices in different traffic
patterns and load situations.

5.1 The Simulation M odel and Environment

We use a simulator call “QSim”, developed at UC Irvine. QSim is a message driven multi-threaded simulator
intended to study the dynamics of QoS sensitive network environments. Since we are interested in the overall
behavior of traffic flows, in particular, flow setup and termination, the simulator doesn't dea with details of
packet transmission in the network. QSim has the following components: traffic source, routers, servers and
directory service nodes. The reservation in QSim is rather simple; the actual implementation could use standard
RSVP to make reservation in a distributed global network. Because QSim doesn’t go into the details of packet
passing , we model the delay characteristic of a link and a server as exponentially correlated to their residue
capacities (See Appendix on Deriving Delay Vaues).

Topology and System Configuration: In the simulation, we use atypical ISP network topology with 18 nodes and
30 links as illustrated in Figure 4. We assume that each node is a network router, and that the clients and servers
are distributed among the network and are directly behind the router nodes (not shown in the graph). The
topology is chosen such that there are alarge number of alternative paths between source and destinations nodes.
To better emulate the real network, the capacities of network links are selected from various widely used link
types from 1.5Mbps to 155Mbps, with the mean value being 64M. When defining the capacity of the server
nodes, we calibrate CPU units using a basic 64Kbit voice processing application, memory units to be 64K bytes,
and disk bandwidth units to be 8Kbytes/s. The server capacities are also selected from popular models of
multimedia servers and web servers, with the CPU, memory, disk bandwidth mean to be 1845, 6871 and 5770
calibrated units respectively.

Request and Traffic Generation Model: We model request arrival at the source nodes as a Poisson distribution”,
and the request holding time’ is exponentially distributed with a pre-specified average value. We pre-define a set

4 Since our study focuses on generalized traffic patterns, we do not model requests for the specific MM objects. We intend to explore more
sophisticated traffic generation models (e.g. Zipf like) that account for popularity based generation of specific requests when we consider
object placement techniques and scheduling specific requests for objects.
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of client request templates to capture typical multimedia connection request patterns in terms of network
bandwidth, CPU, memory, disk bandwidth and end-to-end delay. For each request generated, the requested
parameters are randomly selected from the set of request templates, with the mean requested bandwidth being
2.5Mbps, mean end-to-end-delay being 400ms and CPU, memory and disk bandwidth being 150, 374 and 271
calibrated units respectively. To model traffic, we generate two types of traffic patterns: non-uniform traffic and
uniform traffic. To represent non-uniform traffic, we designate some sets of candidate destinations as being “hot”,
(i.e. serving popular videos, web sites etc), and they are selected by the clients more frequently than others. To
reduce the effect of local and nearby requests, we choose three pairs of source-destination sets from the topology.
The requests arrive to these hot pairs, as foreground traffic, at a higher rate than other background traffic. In our
non-uniform traffic pattern, we set the foreground arrival rate to be 5 times higher than the background rate, and
in uniform traffic pattern, we set them equal. Specifically we set the foreground arrival rate to be 10 seconds, and
the background rate to 50 seconds. In order to simulate medium sized multimedia sessions, we set the average
request hold time to be 10 min.

5.2 Path and Server Scheduling

Given a set of feasible assignments, we start by studying the following policies for choosing the optimal
assignment X*- Best UF, Shortest Hop, Random, Prob-1 ¢ and Prob-2¢ .

5.21 TheBest UF Palicy

The performances of Best UF policy under different information update frequenciesis depicted in Fig 5.a. Given
near current system state information, the Best UF policy is a variation of online agorithms that optimize the
current assignment (i.e. maximize overal resource utilization) without knowledge of future requests. We
examine the performance of Best UF in near current system state information, i.e., with very short update periods.
In Fig [5].c we show that requests are rejected by the directory service (DS) when it triesto find an assignment for
the requests and encounters limitations in the network and server capacity. Most requests admitted by the DS are
eventually committed by network and servers, so the network and server rgjection rate is very low. . This results
in a higher utilization of the network and server resources which can be observed from Fig [5].b. When the state
information in the DS is very inaccurate, i.e., long update period, the directory uses the outdated load information
to assign the same “best” paths and servers to the clients resulting in quickly congesting these nodes and links.
This causes the network or server to reject the assignment chosen by the Directory Service. Fig[5].b shows that
request rejections cause the overall system utilization to fall; the drop in utilization is recorded in the DS during
an update; the lightly loaded paths and servers are quickly filled by the DS resulting in more rejections. Thisis
reflected in the rgjection pattern graph with update period 1000s, Fig [5].d. In this case, the outdated information
causes the directory service to repeat the same assignments, resulting a high rejection ratio from the network and
server resources. In our specific experiment settings, server rejection appears dominating the overall performance,
because the servers resources are fewer than network resources and are quicker to be saturated.

5.2.2 The Shortest Hop Poalicy

The Shortest Hop Policy is interesting because it provides a shortest widest solution. From the feasible
assignment set X calculated by base CPSS algorithm, the policy chooses the nearest server from the client in terms
of number of hops. If multiple such servers exigt, the policy chooses the least |oaded one, i.e. the one with least
UF value. In general, we can see that the performance of the Shortest Hop Policy is worse than Best UF under
the conditions of the experiment (large update period) in Figure [9], which illustrates the comparative
performance of the CPSS policies. This is because Best UF subsumes shorter, wider paths. The longer the path,
the bigger the resulting UF value, since for apath p, UF(p)=>" UF (1),1 0 p . So this makes the shortest widest path

a strong candidate to be selected in Best UF policy. The shortest hop policy only considers the length of the path
and thus tries to optimize the usage of network resource by using the least number of network links without

® The request holding time is the time for which the requested network and server resources such as link bandwidth, CPU, buffer, disk
bandwidth etc. are reserved.
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considering current load situations on the links or servers. When state information is not current, as is the case
with alarge timer, the shortest hop policy tends to initiate congestion earlier because it potentially overloads some
paths and servers that are already very congested. Hence, alarge number of request rejectionsin the Shortest Hop
policy result from path rgjections in the network Fig[6].a With a large update timer, the best UF policy will
aways route the request along less loaded paths to less loaded servers, and hence the onset of congestion is
expected to be dower. This behavior is confirmed by the reject pattern in the 20 second detail graph of 1000s
update period. Initial path rejections are caused in the Shortest Hop policy while the Best UF policy initiates the
network path reections later in time. After the update at 1000s, the Shortest Hop policy again exhibits a large
number of path rejects; in addition, there are server rejects due to server saturation.
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5.2.3 The Random Policy

The random policy tries to avoid the oscillation of static polices and balance the load of the system by randomly
picking one choice from the feasible assignment set X calculated by CPSS. The random policy does balance the
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load between the servers, but because it doesn’t use the load information of the assignments, it often results in
longer network paths and hence the request quickly gets rejected by the network nodes. Fig [6].b shows that the
path rejection dominates the overall request regject ratio. This is because the random policy does not differentiate
between all the feasible assignments in the set X, repeatedly picking some feasible but margina assignment,
leading to congestion. In summary, the random policy performs consistently worse than the Best UF and Shortest
Hop palicies.

Prob-2 phase Policy: Uniform Server and Path selection: N=0.5, 1000s Prob-2 phase Policy: Uniform Server and Path selection: N=0.5, 1000s
0.6
' n
z 05 jected b
o N sorl 1 LTy [
& “, awverage = 04 ,I y sener
2 0.6 . server residue) = | )
© o c i p
© ’ capacity 503 R fll \A/ l f'l N\ —— rejected by path
SO0b |- average link 3 0.2 :
° - residue 2 IZIRR I ;
8 i I - T I T B LR rejected by DS
8 02 capaciy o1y | A b S
0 TTTT T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T ITTITTT 0 T - HIT:‘“‘A“H"HH"IHI‘I“IHH;""HH
N © M O K~ <
TrP2288 522836 ®» 3 B b 3
time in 20 seconds time in 20 seconds

A and B: Serversweighted equally, update period is 1000s. A: (left), average systemload, B: (right), request
rejection pattern

Prob-2 phase Policy: Weighted Server and Path selection: N=0.5, Prob-2 phase Policy: Weighted Server and Path selection: N=0.5,
1000s 1000s
0.6
- average 0.5 /Ill
h=4 o
3 sener g 04 ——rejected by server
= residue - y )
° capacity S 039 1 ' —n rejected by path
e O B average link 8 0.2 | LR | — -+~ —rejected by DS
] residue o Y- | I r
o 0.2 capacity @ l I I I
0.1 I /«Q ] I 14
O TTT T T T T T T T T T T T T T T T T T T T T T T T T T T T T I T T T T T T T TTT 0 J\ ' RN «J | 1\
- ~ ) o TS - ~ ) o 0 - ~ T T T T T e T T T T T e T T T T T Ter T I T
A <4 N M oM I < 1O © © — 3 m g g g L{O) B g
time in 20 seconds ) X
time in 20 seconds

C and D: Serversare weighted according to their UF value, update period is 1000s. C: (left) average systemload,
D: (right) request rejection pattern

Fig 7: The Prob-2¢ Policy In Non-uniform Traffic Environments
524 TheWeighted Differential Probabilistic Policy(Prob-1¢):

With the Prob-1 ¢ policy, an assignment with alightly loaded server has a high probability of being selected even

if the network path leading to that server is highly congested (see Fig [6].c for its rejection pattern, and Fig[9] for
its overall performance). This side-effect is eliminated in the second phase of the Prob-2¢ policy where al paths

leading to that server are weighted according to their residue capacity.
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5.25 The Load Sengtive Differential Probabilistic Policy (Prob-2¢):

Prob-2 ¢ policy further improves on the performance of Prob-1¢. Prob-2¢ differentiates between the network
and server resources and ensures that the more bottlenecked resource is selected with a lower probability. We
further experimented with variations of the Prob-2 ¢ policy [Figure 7]. The Prob-2 ¢ policy uses either a

weighted or uniform (i.e. weight all servers equally) probabilistic method when choosing an optimal assignment
from the feasible server set. Uniform and weighted probabilistic policies produce varying effects under a large
update timer. In the presence of congestion, the weighted policies tend to provide better load-balance in the short
term; however, they can cause further congestion over a period of time. The uniform policy will not alter the
exigting load conditions dramatically resulting in more regjects in the short term. The first set of graphs (Figure 7 A
and B) corresponds to the uniform policy and the second set (Figure 7 C and D) corresponds to the weighted
policy. In the first graph, the relative loads of the server and the network do not change much over the entire
duration, with the servers being consistently more loaded than the network. The instantaneous 20 second
rejection pattern indicates that the server and network rejects aternate and are comparable in number. In the
second graph, the weighted policy tends to pull the two resource utilization levels closer resulting in better
balance.

5.3 Information Update

To further evaluate the performance and efficiency of our previous CPSS policies, we compare them with a static
“nearest” server algorithm, which implements server selection by counting the number of hops from the client to
all candidate servers and selecting the nearest one. The results in Fig[9] shows that in non-uniform traffic
environments, the CPSS policies are 20%-30% better than the static algorithm, while in a uniform traffic
environment, CPSS policies outperform the static algorithm by 15% on average. The performance gain of the
CPSS algorithm is obtained at the cost of increased message overhead caused by periodic system state updates as
seen in Fig [3]. The update period dominates the information accuracy in the directory and thus influences the
performance of the CPSS algorithm. In the following we focus on the influence of the information update
overhead on CPSS policies

CPSS Polices With Frequent Information Update
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Fig 8: CPSS Palicieswith Freguent I nformation Updates (period= 5 sec)

Snapshot Based I nformation Update: The snapshot based information update can be regarded as a special case
of interval based update by setting the range to 1. Our simulation shows that the interval-based policies do not
have a significant influence when used together with deterministic CPSS policies. Thus, we focus our discussion
of snapshot based information update with deterministic CPSS policies. In general, we observe that a shorter
update period results in better performance than a larger update period. This holds only when the information
update period is smaller than the average connection holding time. For instance, in our experiments the average
connection holding time is set to 10 min (600s). Update period values larger than 600s show negligible effects on
the performance of CPSS policies.
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If the system state information is updated very frequently, our results show that Best UF policy is superior Fig[8].
This is because the Best UF policy tries to find an optimal tradeoff between the shortest and widest paths (See
5.2.2). In situations where information update is infrequent, the deterministic policies, Best UF and Shortest Hop,
inevitably go into oscillation, limiting the overall system throughput. The non-deterministic policies, Random,
Prob-1¢, and Prob-2¢, distribute load between multiple feasible servers and network paths, thus prevent the
oscillation and improve the overall resource utilization. It should be noted that there are significant performance
differences among these three policies; Prob-2 ¢ consistently performs best and the Random Policy always

performs the worst.

Interval Based Information Update: In order to further save the cost of information update, we introduced
interval based information update policies; the reduction in message overhead cost can be seen from Fig[3]. Our
simulation shows that the interval-based policies do not have a significant influence when used together with
deterministic CPSS policies. Hence, we restrict our description to the study of the interval-based update policies
when used together with probabilistic policies, i.e. Prob-2 ¢ . Figures [9.B,D,F] show the performance of interval

based update policies in various traffic environments.

With frequent updates, a smaller range for the interval (50% of the maximum request size) brings better CPSS
performance than a bigger interval (100% of the maximum request size). For a large update period, the interval
based policies are attractive because we believe it is natura to represent aresidual value using a range (instead of
an instance value over a long period of time). For a larger update period, a bigger range brings better CPSS
performance. This is more obvious in the uniform traffic pattern as shown in Fig [9.B]. The reason is that when
the update period is short, representing a residue value using a big range introduces information inaccuracy, a
shorter range is better. However, when the update period is very long, a residue value represented using a small
range often gets out-dated sooner than a larger one, resulting in a more inaccurate system state information. An
analysis of the variations of the interval based update shows the following results. In a lightly loaded non-
uniform traffic environment, the OPT2 variation performs better than other variations, i.e. OPT and PESS (Fig
[9.c]). Inaheavily loaded non-uniform traffic environment, the variations of interval based update do not exhibit
an obvious influence on the performance of Prob-2¢ (Fig[9.€]). However, in genera, the performance of Prob-

2 ¢ isbetter than other CPSS policies with either interval based or snapshot information update.

5.4 Performance Summary

Our evaluation indicates that CPSS based policies perform about 20-30% better on average than non-CPSS
policies where server selection is performed using a static, nearest-server policy. The performance of the CPSS
policies explored is sensitive to the frequency of update of system state information. With a short update timer,
state information is up-to-date, Best UF and Shortest Hop policies result in near-optimal assignments because of
CPSS calculation. However, the Best UF Poalicy performs better than the shortest hop under alarge update timer.
In general, with a large update period, deterministic policies suffer from oscillation that introduces “hot spots’
into the environment causing congestion. The random policy performs a lot worse than other policies consistently.
The probabilistic policies (Prob-1¢ and Prob-2¢ ) perform consistently better with a large update timer. In
general, deterministic policies like Best UF normalize server and link loads into one unified utilization measure —
thus making it more difficult to handle situations where network and server conditions vary dramatically. Such
dramatic variations are better accomodated by probabilistic policies like the Prob-2¢ (load sensitive differential

policies) that treat network and server |oads independently in the decision-making process.

Snapshot based update mechanisms introduce larger overhead while no significant performance gains can be
observed. Our study indicates that range based update mechanisms are more cost-effective in QoS-sensitive
dynamic environments.  Furthermore, our experiments revea that the load-sensitive differential probabilistic
policy (Prob-2¢) policy performs significantly better under both snapshot and interval based update techniques
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than other CPSS policies. The variations of the interval based update mechanisms (PESS, OPT and OPT2)
exhibit varying performance with OPT 2 performing better on average with alarge update timer.

A-B: In heavily loaded non-uniform traffic environment
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6 RELATED WORK

QoS-based resource alocation has been addressed independently within the networking, multimedia and
distributed computing communities. We specifically focus on two areas —i.e. replicated service selection and QoS
routing. Static nearest server algorithms [GS95] attempt to choose a replica server with the minimum number of
hops from the client, with topology information being stored in a topology database. Such policies do not
consider server quality as a scheduling parameter resulting in performance degradation in some situations. On the
other hand, dynamic server selection policies have been studied in the context of replicated web services
[FIPZGJ99,MDZ99,CC97,FBZA97] and of multimedia streaming applications [VR97,HCM98]; both of them did
not explicitly address the load factor of the underlying network.

QoS-based routing techniques have been explored in depth [CN99,CRS97,BS98,BEZ93]. QoS-based extensions
of the traditional Bellman-Ford/Dijkstra algorithm [BG92] incorporate an available bandwidth parameter and use
widest-shortest path [GOW98,CN98] calculations. Experimental efforts studying the combined performance and
overhead cost of different information collecting and routing policies [AGKT98] show that maintaining a large
number of aternate paths and randomizing the path selection will yield better performance in most topologies
and traffic patterns, especially when information update is very infrequent. Link parameters such as delay,
available bandwidth, etc. can be described using probability distributions [LO98] and can be used to find a most
probable path satisfying the requested bandwidth and end-to-end delay. A heuristic to the Most Probable-Optimal

Partition problem has a complexity of O(| E|* D ); which uses a dynamic programming solution developed in the

context of RSP problems[H92]. In this paper, we apply these techniques to address a server scheduling problem
where the load balancing for both computational and network resourcesis considered in an unified framework.

7 CONCLUDING REMARKS

In this paper, we have demonstrated the effectiveness of an integrated approach to QoS-based resource
provisioning in a distributed environment. Prior work has categorized functionality that must be addressed at
different levels in the system. For example, routing issues are dealt with in the network layer and server load
balancing issues are handled in a distributed computing layer. Emerging distributed applications require end-to-
end service guarantees that must be enforced at multiple levels; a more holistic approach to resource allocation is
required. The proposed middleware solution uses a directory service component that maintains reasonably
accurate information of the network and server system state using which composite path and server provisioning
is performed. Intelligent CPSS policies and effective DS maintenance strategies ensure good performance despite
statistical fluctuations in network and system conditions.

Much work remains in ensuring the scalability and manageability of a directory-based framework. We are
exploring variations of the range based update techniques such as exponentia interval and adaptive dynamic
range based techniques [FV01-1]. While the earlier techniques deal with fixed ranges and are history insensitive,
the adaptive dynamic range based scheme alters the range dynamically using a history sensitive update procedure
[FV01-1,Fv01-2]. Inaddition, inthis paper we assume a given replica/placement model that isused in server and
path selection. We intend to explore specific placement policies using dynamic replication and migration in a
wide-area scenario. We hope to eventually apply and evaluate the developed techniques to provide seamless
delivery of multimedia content in mobile and wireless environments] WCDJM98,W95,MV 02].

Further work on QoS-based provisioning in wide-area distributed environments is being studied in the context of
the AutoSeC project. AutoSeC(Automatic Service Composition) [HV02-2,HV01-1]is an integrated middleware
framework in highly dynamic environments, e.g. mobile and sensor-based networks where applications exhibit
rea-time and security requirements. We believe that the cooperative execution of multiple management
mechanisms is the key to effective system utilization. The work presented in this paper is a step in trying to
integrate such policiesinto a uniform framework.
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APPENDIX I-FEASIBILITY PROOF OF CPSS

Lemma 1: If path P,, P,={(O,u,),(U1,Us),-(Up iy Uny )s(u,, ,CD)}, isthe RSP from origin O to Common
Destination CD with the delay n. There will be one and only one server node s on path P,, and it must be u,,, .
Proof: When constructing graph G', we have 0O(u,CD) JE', uisaserver node. This showsthat thereis at |east
one server node on PR,, and on the path {(O,u,,;),(U,1, Uy, )5+ (Up s s Ung ),( U, ,CD)}, node u,,, isaserver node.
Suppose there are two serverssand s on path P,. Thisimpliesthat thereis an edge from a server node s’ to
some vertices u, ;, (S, u, ;). But the server nodes don’t have outgoing edges when constructing the graph G' and
thisisimpossible. This provesthe Lemma. QED

Theorem 1 An assignment with end to end delay d, X*:<p,,s >, wherep, ={(O, u,), (u;,U,),....(uS)},
satisfies the feasibility condition if DIST., [d]<w,d< DL, ,and P,=p, O(s ,CD), where P, isthe corresponding

feasible path with delay d.
Proof: If DIST, [d] <, and P, isthe corresponding path, P,=p, U ( s ,CD). We show that an assignment

X:<p,,s>derived from P, satisfiesthe feasibility condition. 1) Feasibility condition (1),(2) is satisfied
otherwise the links and server nodes would have been removed from graph G’, and because P, isa path of graph
G', s0 p, ands satisfy thefirst two feasibility condition. 2) Feasibility condition 3 is satisfied because d< DL, ,
DIST,, [d] <« and Delay( P, )= EED* = DLP + RS&P® < DL,. QED

Theorem 2 The CPSS algorithm finds an optimal assignment in O(| DL, |E’)

Proof: From a dynamic programming table structure, the update is done for each outgoing edges of avertex for
each delay constraint value. So the total time complex is O(| DL, |E’).
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