UNSW @ADFA-TR06-22: TECHNICAL REPORT

Multipath Scheduling for Optimal Overlay Data
Transfer using Markov Decision Processes

Vinh Bui, Weiping Zhu
The University of New South Wales, Australia
{v.bui, w.zhu} @adfa.edu.au

Abstract— In this paper, we study the problem of optimal data
transfer using multiple overlay paths and the goal is to develop a
scheduling mechanism to minimize the time required to transfer a
given amount of data from a source to a destination. The problem
is formulated as a Markov Decision Process (MDP), which
selects transmission paths based on their congestion states. A
computational effective algorithm namely OPI i.e. Online Policy
Iteration is proposed to solve the formulated MDP on the fly.
Through simulations using Ns-2, we show superior performance
of the proposed mechanism against two classical scheduling
schemes, which are Round Robin and Join the Shortest Queue.
Since the proposed scheduling mechanism is computationally
effective, it is attractive for real-time data transfer.

Index Terms—Path Scheduling, Internet Traffic Control,
Markov Decision Processes;

I. INTRODUCTION

Despite a constant improvement in the network infras-
tructure, applications requiring quality assured data transfers
on the best-effort Internet continue to suffer from limited
bandwidths, highly varying delays and losses. Initial studies
suggest an application can increase its aggregate throughput
and reduce end-to-end delays and losses by distributing data
over multiple disjoint paths [1], [2], [8], [10], [11], [22].
Nonetheless, how significant the gain in terms of performance
the application can achieve, depends on how multiple paths are
chosen and how data is distributed among the chosen paths.

Recently, application-level overlay networks have been used
as a feasible yet effective architecture to establish multipath
environments [4], [5], [17]. Compared with the efforts to
utilize multiple paths at lower levels e.g. in [7], [21], which
require the deployment of a new network infrastructure includ-
ing new multipath capable protocols and supporting hardware,
application-level overlay networks have a number of advan-
tages including deployment feasibility, low cost, flexibility
and TCP/IP friendliness. Therefore, in this paper, we propose
an approach to improve performance of point-to-point data
transfers in overlay networks. Specifically, we address the
problem of transferring an arbitrary amount of data between
two end hosts using multiple overlay paths while minimizing
the total completion time. Since the Internet paths exhibit the
Markovian property [14], [20], [23], we formulate the problem
as a Markov Decision Process (MDP) and solve the formulated
MDP using a computational effective algorithm. To the best
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of our knowledge, we are the first who tackle this problem
under the framework of Markov Decision Processes.

Problems of optimal multipath data transfers on overlay
networks have been studied in [8], [10], [22]. In [22], the
authors focused on exploiting TCP to increase the aggregate
throughput of a point-to-point multipath data transfer. They
developed a path rate controller that independently maximizes
the sending rate on each path. We, on the other hand, focus
on minimizing duration of the transfer by exploiting the path
diversity. Unlike the approach presented in [22], our approach
is protocol independent i.e. it suits both TCP and UDP.

In a different direction, the authors of [8] and [10] studied
the problem of data replication/collection and the objective is
to minimize the makespan, which is the duration of the longest
transfer. Both studies formulated and solved the problem
using graph theory where the graph is the overlay network
topology and the constraints are path capacities. Unfortunately,
the graph theory approach has a number of potential issues
as admitted by the authors of [8]. First, the graph theory
formulation assumed the time required to transfer a unit of
data through a network link is fixed, which is unrealistic. In
present of background traffic, this time is stochastic. Second,
since the capacity of a path does not fully correspond to the
path end-to-end delays, using path capacities as constraints to
minimize the makespan may not lead to an optimal solution. In
such a dynamic environment, an approach based on a dynamic
optimization framework like ours is more appropriate. Al-
though in this paper we focus on point-to-point data transfers,
our approach can be extended to cover point-to-multipoint
(replication) and multipoint-to-point (collection).

To highlight the proposed approach, we underline that: (i) it
helps to improve the quality of multipath data transfer on over-
lay networks; (ii) it formulates the minimum completion time
data transfer problem over multiple overlay paths as a MDP
and solves the formulated MDP using both standard algorithms
and a more computational effective one called OPI i.e. Online
Policy Iteration; (iii) it confirms superior performance of the
proposed approach against classical schemes including RR and
JSQ by means of simulation conducted with Ns-2 [18].

The rest of the paper is organized as follows. In Section II
and Section III, the problem under study is defined, and the
system model is established. The formulation of the problem
as a MDP is presented in Section IV. Section V details the
algorithm to optimally distribute data over the overlay paths
by solving the formulated MDP. In Section VI, the numerical
verification of the proposed approach is presented. Finally,
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Fig. 1. An application-level overlay network with multiple path support.

concluding remarks are made in Section VIIL.

II. PROBLEM DEFINITION
A. Problem Setting

Consider an overlay network that supports M, (M > 1)
paths connecting source A and destination B as illustrated in
Fig 1; and a set of data e.g. multimedia contents of variable
size to be transferred from source A to destination B.

Without losing of generalization, let us assume that the
size of the contents to be transferred is a random variable
v governed by a Geometric distribution with parameter +:

Pv=n)=0-y)y""0<~y<1); n=1,2,... (1)

The contents are segmented into fixed-size bins i.e. packets
before being dumped into a module called the traffic dis-
tributor with a constant rate \ (the fixed size is assumed to
simplify the formulation of the problem, which can be easily
generalized for variable size). At the traffic distributor, bins
are subsequently schedule to transmit over the M paths.

Our objective is to construct a scheduling policy, which
specifies on which overlay path and at what time should
each bin of data be transferred to the destination to achieve
the minimum transfer time for the whole data set. Since
the Internet path conditions i.e. available bandwidths, delays
and losses are time-varying, the problem under study belongs
to the class of dynamic optimization problems. A powerful
framework to tackle this class of problems is Markov Decision
Processes [3]. Nonetheless, before the framework can be
applied, the underlying system and its states must be clarified.

III. SYSTEM AND STATES
A. System Model

Previous work on similar problems (e.g. on scheduling
packets over multiple paths [6] and on streaming video over
multiple paths [12]) when applying decision frameworks, often
assumes the explicit knowledge of the path/channel loss and
delay characteristics. This information is usually difficult to
obtain correctly in practice. We avoid this assumption by
designing a simple path state monitoring mechanism, which
in general can reveal loss and delay states/conditions of the
path by keeping track on data bins being transmitted. The
mechanism works as follows. Before the transmission of
each data bin, the bin ID and its time of transmission are
recorded on a list of size K. This information is kept until an
acknowledgment of the successful transmission of the bin is
received. In this manner, given the data stream, the evolution

of the number of bins on the list will implicitly reflect the path
states in terms of Round Trip Time (RTT) delays and losses.
The path state monitoring mechanism is illustrated in Fig. 2.
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Fig. 2. Path state monitoring mechanism.

It is easy to see by using the path state monitoring mecha-
nism, each path can be modeled as a single server queue. The
queue state is the number of bins present in the queue. The
arrival process of the queue is dictated by the traffic distributor
arrival process and its scheduling policy. The inter-departure
intervals between “customers” in the queue are characterized
by the distribution of RTT jitters'. The queue is denoted
as G/G/1/K where G/G stands for General arrival time and
General service time distributions, 1 means the queue is single
server, and K means the buffer length of the queue is K [13].

Since each individual path is modelled as a G/G/1/K queue,
the system under study is a set of M parallel queues. The
system states are created by vectors of states of all queues in
the system. Fig. 3 depicts the system model.
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Fig. 3.

Having defined the system model and its states, in general
decisions can be made on how to schedule bins optimally
among the paths. However, to apply the MDP framework, we
have to identify the Markovian property of the system.

B. Imbedded Markov Chain

At the time instance when a data bin arrives at the traffic
distributor, a decision has to be made on where to send the
bin. Depending on the decision, the system may change its
state in accordance. Therefore, the system behaviors observed
at the arrival instances are important for the decision maker.
To study these behaviors, the method of Imbedded Markov
Chain [13] in combination with renewal theory [9] is applied.

Let ¢; be the arrival instance of bin ¢ at the traffic distributor.
In accordance, let @,,(t;) be the numbers of bins found in
the m-th queue at ¢;. Consequently, the system state at ¢; is
a vector {Qm(t;)}, (m = 1...M). We are interested in the
evolution of {Q,,(¢;)}, (i = 1,2,3...00) under the impact of
the scheduling actions taken at the traffic distributor.

IRTT jitter is defined as the difference between two consecutive RTT values
ie. Jitter; = RTT; 41 — RTT;.



Assume that at arrival instance t¢;, the bin 7 is sent to
the m—th queue by the decision maker. To eliminate the
possible transitive period and simplify the discussion, we
assume that a decision and its action can be completed
instantly. As a consequence, the system will move immediately
from state {Q1(t;), Q2(t:), ..., Qm(t:), ..., Qar(t;)} to state
{Q1(t:), Q2(ts), ., [Qm(t:) «— Qm(t:) +1],....,Qum (i)}

From this moment, until the arrival of the next bin, the
evolution of {Q,,(t;)} depends only on the number of bins
departing from each queue during [t; 1 —¢;] interval. In other
words, if P denotes the probability the system is in state
{Q),(t;+1)} at the arrival instance of bin (¢ 4 1), then Pgg-
equals to the probability that there are (1 (t;) — Q' (t;+1) bins
departing from the first queue, and Q2(t;) — Q%5 (¢;41) bins
departing from the second queue, and so on during [t;41 — &;]
interval. Since these departure processes are independent, we
can obtain Pg¢ by taking product of the probabilities.

To compute the probability there are Q.,(t;) — Q. (ti+1)
bins departing from the m-th queue, we utilize some results
of renewal theory. Let 75 and 71 subsequently denote the
departure instances of bins k£ and k + 1 from the m-th queue.
Assuming the inter-departure intervals |71 — 7] are ii.d
random variables governed by a general distribution g, (x) =
P(1511 — 7 < ). Clearly, the sequence of departure points
{7} fully forms an ordinary renewal process.

Suppose the queuing process has been running for a long
time and attained a steady state. Subsequently, the sequence
of departure points {7} started from the arrival instance ¢;
forms the equilibrium renewal process of the above ordinary
renewal process [9]. The illustration is given in Fig. 4.
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Fig. 4. The queuing process of the m-th queue.

According to renewal theory [9] applying for the equilib-
rium renewal process, the number of bins departing from the
queue in [t; 1 —t;] interval is proportional to the length of the
interval and does not depend on t;. Thus, @Q,,(t;+1) is fully
determined by Q,,(t;) and does not depend on E(t;), which
is the elapsed time since the last departure observed at ¢;. The
random variable @,,(t;) forms a discrete-state Markov chain
imbedded in the queuing process. The state space of the chain
is comprised of all possible numbers of bins in the queue.

Let (3; denote the probability of j bins, j = 0...K
departing from the queue in [t;1; — t;] interval. Since the
sequence of departure points {75} started from ¢; forms an
equilibrium renewal process, so §; is the probability of having
j renewal during (0, ¢] interval, where ¢t = t;11 — t;.

Recall that the inter-departure intervals [751 — 7] are i.i.d
random variables with a general p.d.f g,,(x).

Let G,,(z) be the corresponding cumulative distribution
function of the inter-departure intervals and eSS )(;U) be the
n-fold convolution of G, (z).

Let py, = E[rr4+1 — 7%] be the common inter-departure
length of the queue. Subsequently, as pointed out in [9] the
probability of having j renewals during interval (0,¢] of the
equilibrium renewal process is:

Bj = PIN(t) = jl
1

:;At(P[NO(u):j_l]_P[NO(u):]])du 0

_ L T aG-D 00— a0 — (69 () — QU ()
—M/O[(Gm (u) = G (w) = (G’ () = G (u))]d

where P[N°(u) = r] = Gg,s)(u) - G%H)(u) is the
probability of having r renewals during interval (0,u) of the
corresponding ordinary renewal process.

As mentioned, the random variable @, (¢;) forms a discrete-
state Markov chain. Since the state transitions take place only
at the arrival epochs, the system state {Q,,(¢;)},m=1... M,
also forms a discrete-state Markov chain. Having defined the
formula for (3;, the state transition probability matrix of the
chain is determined. Fig. 5 illustrates the system chain.
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Fig. 5. The system imbedded Markov chain.

C. Transition Probability Matrix Computational Issues

Although we are able to obtain the transition probabilities
matrix of the system Markov chain in the general form, it is
challenging to compute the matrix with inter-departure inter-
vals following a general distribution g(x). Several approaches
are available to cope with the transition matrix computational
difficulty including simulation e.g Monte-Carlo, reinforcement
learning e.g. Q-learning, and function approximation. Due
to the space constraint, we present here only the function
approximation approach. In particular, we approximate g(x)
by the a-stage Erlang distribution with rate p.

We have by approximation:

paxa.flefpz

g(z) = e

Since
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By assumption, bins arrive evenly at the traffic distributor
with a constant rate \. Subsequently, ¢t = t;11 —t; = 1/\.
Substituting to the above [3; formula, we get:

ja+a—1 n_ —p/A
_ , (p/ N
b=y 2 Uata-m =i —
n=ja
1= ) (p/A)"e=?/*

Given p/\ ratio, we can be compute (§; directly from the
above formula. Obtaining 3; for each queue we can compute
the state transition probability matrix of the Markov chain.

IV. MDP FORMULATION
A. Markov Decision Process

Consider a time homogeneous MDP [19] with a countable
state space S, a finite action space A where A(s) € A,s € S'is
a set of admissible actions in state s, a non-negative immediate
reward function R : S x A(S) — R, and a set of conditional
probabilities P(s’|s,a), which is the probability of moving
from state s to state s’ if action a,a € A(s) is taken.

In unconstrained MDP formulation, the MDP has a single
objective, which is to maximize (minimize) the total (average)
rewards achieved over a period of time. In context of the
studied problem, the objective is to minimize the transfer delay
of the whole data set. Subsequently, the four-component tuple
{S, A, P, R} of the MDP is made of:

o S is the state space of the defined system consisted of
M, (M > 1) overlay paths. It is clear that S is the state
space of the system embedded Markov chain.

e A = {a1,as...ap} is the set of M possible actions
each of which corresponds to the action of scheduling a
data bin to one of M overlay paths.

o P is the state transition probability matrix of the system
Markov chain, which can be calculated from path state
transition probabilities as shown in Section III-C.

¢ R is the immediate reward function, which should be able
to reflect the minimum transfer time objective. According
to Little’s theorem [16], the average delay experienced by

a bin is related to the average number of bins in the queue
buffer D = 1 E[C;]. Therefore, we define the immediate
reward function: R(s,a) = u.s + d, where p, is the
common inter-departure interval of the path chosen by
action a; s € {C1,C5...Ck} is the state of the path;
and d, is the path propagation delay.

A Markov policy is a description of behaviors, which
specifies the action to be taken in correspondence to each
system state and time step. If a policy is stationary, it specifies
only the action to be taken in each state independently from the
time steps. Given policy 7 and initial state s of the system, one
can quantitatively evaluate 7 based on the expected cumulative
reward, which is defined as follows:

v = S RsOas@)} @
t=1

where v™(s,T) denotes the expected cumulative reward
achieved by the decision maker from time step 1 to time step
T with initial state s,s € S; R(S(t),ar(S(t)) denotes the
immediate expected reward received by the decision maker at
time ¢ when taking action a,(S(t)) in accordance with the
policy m while the system is in state S(¢).

Recall that the size of the contents in the data set to be
transferred is a random variable v governed by a Geometric
distribution with parameter ~, (0 < v < 1).

Plv=n)=(1

n—1

-,

Subsequently, the expected cumulative reward obtained by
the decision maker when using policy 7 to transfer the data
set can be defined as follows:

V(s) = E:{ S S RS(), an(SH))(1 7)7”‘1} o)

n=1t=1

n=12,...

Since the delay has a finite value, (3) can be futher simpli-
fied [19], which gives:

v™(s) = R(s,ax) + Z Ypa(s'|8)v™ (s") 4)
s'eS

where R(s,a,) is the immediate expected reward received
when taking action a in state s in accordance to policy 7; and
pa(8’|s) is the probability the system will move from state s
to state s’ when action a is taken.

An optimal policy is the one that minimizes the cumulative
reward v™. Note that, it is sufficient to find an optimal policy
in the Markov policy space since, for any history-dependent
policy there is a Markov policy that yields the same cumulative
reward. In this MDP formulation, it is possible to find a
stationary optimal policy since (0 <y < 1) [19].

V. OPTIMAL DATA TRANSFER
A. Scheduling with On-line Policy Iteration

An optimal scheduling policy can be achieved by solving
the formulated MDP. To obtain the MDP optimal policies,
different approaches can be used e.g. dynamic programming
and linear programming. However, we pay more attention on
the solving time since the problem under study is time sen-
sitive. In particular, we implement a computational effective



algorithm called On-line Policy Iteration to gradually approach
the optimal policy of the formulated MDP on the fly.
On-line Policy Iteration (OPI) is designed on the idea
of the Policy Iteration (PI) algorithm [19] and asymmetric
dynamic programming. Two key factors, which potentially
make OPI a preferable algorithm for time sensitive problems
are incremental on-line policy improvement and computational
efficiency. The first factor comes naturally since OPI is based
on the PI algorithm, which iteratively improves a given random
policy until an e-optimal policy is found. The second factor
however is resulted from a smart choice of the starting policy
and the improvement strategy. Particularly, instead of choosing
a random policy for improvement like being done in the
PI algorithm, we select the Join the Shortest Queue (JSQ)
policy to be the starting policy for OPL. As the JSQ policy
is an optimal policy for 2 parallel symmetric queues and an
acceptable policy for several other cases [15], we can save
a lot of iterations by starting from it on the way to reach
an e-optimal policy. The policy improvement strategy also
plays an important role in saving computational efforts. It is
common in practice when some states of a system are more
frequently visited than the others. These states are usually
more important to the decision maker as they contribute more
to the final outcome. Therefore, instead of equally evaluating
and improving the policy for every state as in Policy Iteration
algorithm, we could spend more time on evaluating and
improving the policy for those important states. This policy
improvement strategy is known as prioritized sweeping, which
still guarantees an e-optimal policy will be found if all system
states are asymptotically visited [19]. The OPI algorithm is:
« Step 1: Evaluate JSQ policy to obtain v°P%(s) = v79(s).
o Step 2: Obtain the system current state s. Take action
a € A that minimizes v°P*(s) and update v°P*(s) in (4)
with the maximum value:

v (s) = min{R(s,a) + D Apals s (s}
s'eS

where p,(s’|s) denotes the transition probability from
state s to state s’ if action a is taken.
o Step 3: If there is a decision to be made, i.e. more data
to send, return to Step 2. Otherwise, stop.

Since the OPI algorithm is a special case of the PI algorithm
with policy improvement step being done on the fly, the
convergence of the algorithm is proved when 0 < A < 1.
The details of the prove can be found in [19].

B. Complexity Analysis

Since the most computational expensive step of OPI, which
is the evaluation of JSQ policy can be done offline immediately
whenever the system model is available, the OPI algorithm is
lightweight and can be used for making decisions on the fly.
In specific, we only have to compute (4), the complexity of
which is O(N), (N = sizeof(S)) for each a € A. In practice,
N is usually in the range of thousands depending on the buffer
size K and the number of transmission paths M.

VI. PERFORMANCE EVALUATION

In this section, we evaluate the performance of the proposed
approach by means of simulation using Ns-2 [18]. We imple-
mented 4 scheduling algorithms including RR, JSQ, OPI and
MDP, which is an optimal policy solved with the standard
algorithms. We subsequently evaluated the performance of the
algorithms and study the influence of different factors e.g.
the source sending rate, the number of overlay paths as well
as the path dependence to the performance in two scenarios:
homogeneous and heterogeneous overlay paths. Finally, we
discuss about the sensitivity and robustness of the algorithms
and propose some directions for improvements. Unless other-
wise specified, the results presented are summarized over 30
runs in the form of normalized mean + standard deviation.

1) Simulation Setup: We setup a simulation network of 10
overlay paths, each overlay path contains 1 relay to guarantee a
certain level of the path independence. The simulation network
topology is illustrated in Fig. 6(a). Background traffic of each
path is generated using a random number of FTP, CBR and
ON/OFF traffic sources, the parameters of which e.g. file size,
sending rate and on/off time are chosen randomly to maintain
the dynamics of the network. Fig. 6(b) shows the variation of
the background traffic through the evolution of the bottleneck
link queue. Data bin size is 500 bytes, which is the common
size of Real Network audio/video packets.

Fig. 6. (a)Simulation network topology. (b)Background traffic dynamics.

2) Performance Comparison: We compare the performance
of RR, JSQ, OPI and MDP algorithms under different back-
ground traffic intensities with 2, 3 and 4 overlay paths. Since
the observed results are not significantly different, we only
present the result obtained from the case of 3 overlay paths in
both homogeneous and heterogeneous paths scenarios.

In the homogeneous paths scenario, each overlay paths has
the capacity of approximately 0.1Mbps and the propagation
delay of 20ms. The source sending rate is set to 384Kbps.
We evaluate the performance of the scheduling algorithms
when transferring v amount of data (0.1Mb < v < 100Mb).
The performance metric is the transfer time of each algorithm
normalized over the transfer time of the RR. The comparison
in this scenario is illustrated in Fig. 7(a).

For the heterogeneous path scenario, we setup 3 overlay
paths the capacities of which are approximately 0.3Mbps,
0.2Mbps and 0.1Mbps. The propagation delay of the overlay
paths are set to 10ms, 15ms and 20ms respectively. All other
simulation settings are the same as in the homogeneous paths
scenario. The comparison is depicted in Fig. 7(b).

As shown by Fig. 7, in both scenarios, the performance
gained by using the OPI algorithm and the MDP optimal
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Fig. 7. Performance Comparison of Scheduling Algorithms.

policy is significant. We also can observe the effect of the
system nonstationarity, which causes a significant drop in
performance of the MDP algorithm when transferring 50Mb
and 100Mb data set. Since the path models i.e. p/) ratio used
to calculate the MDP optimal policy were estimated only at the
beginning of each transfer, they were not capable of reflecting
the path characteristics in the long run. As the system model
changed, the policy obtained was no longer optimal. As
a consequence, the performace of the MDP scheduler was
significantly dropped. In contrast, OPI and JSQ could maintain
their performance in the long run as their path models had been
updated periodically every time 10Mb of data.

In order to evaluate how well the OPI algorithm approaches
the optimal policy, we also carried out some KS-tests, which
show whether performance of OPI is significantly different
from performance of JSQ and MDP. The KS-test results are
given in TABLES I, II, IIl, IV in both homogeneous and
heterogeneous paths scenarios. In the tests, the performance
metric is the transfer time in Ns-2 time unit. P(Hj) is the
probability of the test null hypothesis, which assumes that the
difference between the test sets is due to chance. D denotes
the distance between the test sets.

As shown in TABLES 1, III, with the increase of the transfer
size, the difference in performance between the OPI and the
MDP algorithms becomes not significant as indicated by the
increase of the probability P(Hp). On the other hand, the
performace of the OPI algorithm becomes significantly better
than the performance of the JSQ algorithm when the transfer
size reaches 1Mb as shown in TABLE II and 0.5Mb as
presented in TABLE IV. The obtained test results also indicate
that the OPI algorithm is capable of approaching the optimal
policy within the first 10Mb of the transferred data.

3) Effect of source sending rate: In order to investigate
whether we can improve the performance of the algorithms
by increasing the sending rate, we have carried out the
experiments in two scenarios. In the first scenario, we utilize 3
homogeneous overlay paths, each of them has the capacity of
0.1Mbps and the propagation delay of 20ms. In the second sce-
nario, we setup 3 heterogeneous overlay paths with 0.3Mbps,
0.2Mbps and 0.1Mbps capacities. The propagation delays of
those paths are set to 10ms, 15ms and 20ms respectively. In
the both scenarios, we examine the correlation between the
sending rate and the performance of RR, JSQ, OPI and MDP
schedulers when sending 10Mb data set. Fig. 8(a) illustrates
the experiment result in the first scenario. The result of the
second scenario is depicted in Fig. 8(b).

As depicted by Fig. 8, in both scenarios, when the sending

TABLE 1

OPI vs. MDP wITH HOMOGENEOUS PATHS.

OPI MDP D P(Hp)
0.5Mb 34.95 + 1.29 33.96 + 0.74 0.50 | 0.001
1.0Mb 60.19 + 1.56 59.79 £ 1.18 0.23 0.34
5.0Mb | 276.32 +16.4 | 274.12+£9.59 | 0.13 0.93
10Mb | 534.2+13.07 | 531.7+£12.25 | 0.26 0.20
TABLE 11
OPI vs. JSQ WITH HOMOGENEOUS PATHS.
OPI JSQ D P(Hp)
0.1Mb 7.36 £ 0.06 7.37 £ 0.06 0.13 0.93
0.5Mb | 34.954+1.29 | 35.21 +£1.48 0.1 0.99
1.0Mb | 60.194+1.56 | 62.21 £1.65 | 0.50 0.001
10Mb | 534.2+13.1 | 552.3+14.1 | 0.56 | < 0.001
TABLE III
OPI vs. MDP WITH HETEROGENEOUS PATHS.
OPI MDP D P(Hp)
0.5Mb 14.91 £ 1.82 13.86 £ 1.61 0.30 | 0.109
1.0Mb 23.38 +2.23 22.54 +2.15 0.30 | 0.109
5.0Mb | 123.72+7.35 | 121.46 £6.96 | 0.26 0.20
10Mb | 247.9+£10.43 | 245.2£10.24 | 0.23 0.34
TABLE IV
OPI vs. JSQ WITH HETEROGENEOUS PATHS.
OPI JSQ D P(Hp)
0.01Mb 0.41 £ 0.02 0.42 £0.02 0.16 0.76
0.05Mb 1.49 + 0.06 1.52 + 0.06 0.30 0.109
0.5Mb 14.91 £1.82 | 16.57 +£2.02 | 0.33 0.055
1.0Mb 23.38 +£2.23 | 27.72+£2.30 | 0.33 | <0.001

(a). Homogeneous Overlay Paths

(b). Hoterogenaous Overiay Paths

10° 10 10
Source rate (Kbps) Source rate (Kbps)

Fig. 8. Effect of source sending rate on performance.

rate is low, the performance of the algorithms increases
alongside the increase of the sending rate. However, when
the sending rate is high enough, further increase of the
sending rate does not improve the performance. In contrast,
the increase of the sending rate in the second scenario even
leads to the decrease in performance of the JSQ, OPI and MDP
algorithms. The reason is that by increasing the sending rate,
we will reach to the point when the buffer of the path state
monitoring mechanism of each overlay path is saturated. As
a result, any decision made under this circumstance is blind
since only one system state is observed, which is the state of
buffer full. If we continue to increase the sending rate, the
performance of the algorithms will converge to a fixed value,
which is the performance of the RR algorithm.

4) Effect of the number of overlay paths: We verify the
statement of [22] claiming that most of performance gains
can be realized by using 2 to 4 overlay paths with small extra
amount of bandwidth by setting up a simulation of sending
10Mb of data over subsequently 2 to 10 homogeneous overlay
paths with a fixed sending rate of 384Kbps. The capacity of



Source rate of 384Kbps

160
—o— Ol
S 1200f- =— MDP
>
E
1000}
Py 50%
z v
£ 800 F
p
£
= 0,
5 600f 5%
3 / 825%
Q
£ 400 .
(6]
200} : : - 3
1 2 3 4 5 6 7 8 9 10

Number of overlay paths

Fig. 9. Effect of the number of overlay paths on performance.

each overlay path is 0.1Mbps and the propagation delay is
20ms. The simulation result is depicted in Fig. 9.

As depicted by Fig. 9, subsequently 50% and 75% of
performance gains are realized with 2 and 4 overlay paths.
A further increase of the number of paths does increase
the performance gains. Nonetheless, the increase is not as
significant as before. Thus, we conclude that most of the
performance gains will be realized with 2 to 4 overlay paths.

5) Effect of path dependence: So far we have setup the
simulations based on the assumption of the independence of
the overlay paths. However, in practice, it is quite common
for some overlay paths to share a physical link, which makes
the paths more or less depend on each other i.e. traffic on
one path could affect the characteristics of the other paths.
As a result, the algorithms like OPI and MDP, which assume
the independence of the overlay paths, could suffer some
performance losses. In order to investigate the effect of the
path dependence on the performance of those schedulers, we
have carried out the following simulation.

We create a simulation network consists of 3 overlay paths
sharing a 0.3Mbps link. The propagation delay of each paths is
subsequently set to 20ms. We then evaluate the effect of path
dependence by obtaining the performance of the schedulers
when transferring 10Mb data set over the above overlay paths
using different sending rates. The obtained performance is
then compared with the performance of the schedulers when
transferring data over 3 independent homogeneous overlay
paths with equivalent capacity and propagation delay. The
simulation results is illustrated in Fig. 10, which shows the
percentage of performance losses of the schedulers due to the
effect with the increase of the source sending rate.

As shown by Fig. 10 the dependence of the overlay paths
has a negative impact on the overall performance of the
schedulers. In our simulation, the performance loss due to this
effect is approximately 6% in average. Compared to the RR
algorithm, the OPI and MDP algorithms experienced more
losses in performance since the assumption on independence
of the overlay paths did not hold. As the sending rate in-
creased, the shared link became more saturated. As a result,
traffic on one path had more impact on the other paths. The
performance losses suffered by the OPI and MDP algorithms,
therefore, became greater.

Performance loss percentage
IS

2 . N —=—RR
—A—JsQ
1H : —e—OPI
—&— MDP

0 0.5 1 1.5 2
Source rate (Kbps)

Fig. 10. Effect of the paths dependence on performance.

TABLE V
LOAD SHARE BETWEEN HOMOGENEOUS OVERLAY PATHS.
No Path 2 paths 3 paths
Delay % 0.50 0.50 0.33 0.33 0.33
RR | 50.00% | 50.00% | 33.33% | 33.33% | 33.33%
JSQ | 48.71% | 51.29% | 32.71% | 33.05% | 34.24%
OPI | 49.68% | 50.42% | 32.82% | 33.51% | 33.67%
MDP | 49.52% | 50.48% | 33.17% | 33.38% | 33.45%
TABLE VI
LOAD SHARE BETWEEN NONHOMOGENEOUS OVERLAY PATHS.
No Path 2 paths 3 paths
Delay % 0.25 0.75 0.50 0.30 0.20
RR | 50.00% | 50.00% | 33.33% | 33.33% | 33.33%
JSQ | 85.55% | 14.45% | 11.713% | 24.11% | 64.16%
OPI | 76.89% | 23.11% | 16.81% | 23.68% | 59.51%
MDP | 76.08% | 23.92% | 17.16% | 22.73% | 60.11%

6) Load Share Analysis: We found that, in the long-term,
the optimal policy could achieve a load share reversely pro-
portional to the mean delay of each overlay path. If we have
M,(M >1) overlay paths and the mean delay of each overlay
path is denoted as dj ...dys respectively then the portion of
load share [; of path ¢ in the long term is:

~

M
. Hj:l,j;éi dj
T M M -
Zi:l Hj:l,j;éi dj

TABLES V, VI show the percentage of load share on each
overlay paths obtained by the algorithms when transferring
10Mb data set. As shown in the homogeneous paths scenario,
there is no significant difference in percentage of load share
between the algorithms as they all work in a near optimal
point. However, in the scenario of nonhomogeneous overlay
paths, the difference in load share among the overlay paths is
significant beetween the algorithms. While the MDP and OPI
algorithms could maintain a fair share, the JSQ and RR could
not as they worked relatively far from the optimal point.

7) Sensitivity and Robustness of the Algorithm: Recall the
formula used to compute 3; given in section III-C, we can
see OPI is only affected by p/X ratio but not the absolute
values of p and \. Thus, as far as the ratio is maintained,
the OPI performance is guaranteed. Moreover, OPI can resist
to a certain level of the variation. Fig.11 shows the values
of 8; computed using different p/A ratio. We can see, (;

U




values computed with p/\ ranging from 1.0—1.5 are relatively
closed, which consequently would give a similar performance.

Beta J Family
T T

(p/A=1.3) H

Probability
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Fig. 11.

3; Family.

VII. CONCLUSION AND FUTURE WORK

In this paper, we have considered the problem of multiple
paths scheduling with a minimum completion time objective
in the context of multiple paths data transfer using application
level overlay networks. In particular, we have formulated the
problem as a MDP and implemented an algorithm namely
OPI to solve the MDP on the fly. We have evaluated the
performance of the proposed algorithm using simulation and
have showed that the performance gains obtained by using
the proposed algorithm is significant under different network
conditions. We also carried out investigation on the effect of
different factors e.g. the source sending rate, the number of
overlay paths and the path dependence on the performance of
the algorithm. We observed that the performance gains will
be realized with 2 to 4 overlay paths. In future work, we will
investigate the effect of data reordering when using multiple
paths and propose solutions to minimize this effect. The work
on data reordering will help to bring our solution to solve the
problem of optimal multiple path audio and video streaming.
To enhance the robustness of the algorithm, work on applying
Risk-Sensitive MDP will also be carried out.
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