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Abstract— We consider a scenario where devices with multiple multiple networking capabilities. Personal computers kapd
networking capabilities access networks with heterogenes char-  tops typically come equipped with a built-in WLAN card, a
acteristics. In such a setting, we address the problem of eiient PCMCIA slot, and an Ethernet port. PDAs with WLAN and
utilization of multiple access networks (wireless and/or \veline) L . ) .
by devices via optimal assignment of traffic flows with given GPRS_connectlvny_are bec_om_lng popular. As a multitude of
utilities to different networks. We develop and analyze a deice bandwidth demanding applications such as IPTV and Internet
middleware functionality that monitors network characteristics Video run on devices, a single network may often not be
and employs a Markov Decision Process (MDP) based control syfficient to meet the requirements of the applicationseBgv
scheme that in conjunction with stochastic characterizatn of interesting scenarios may be envisioned. Imagine a user in a
the available bit rate and delay of the networks generates an . Lo . ' .
optimal policy for allocation of flows to different networks. corporaFe settln_g participating in a video conference vall
The optimal policy maximizes, under available bit rate and her device having both Ethernet and IEEE 802.11g connec-
delay constraints on the access networks, a discounted revéa tivity. While engaged in the conference proceedings, the us
which is a function of the flow utilities. The flow assignment g uploading content on a remote server for the participants
policy is periodically updated and is consulted by the flowsd 15 5ccess, and at the same time needs to retrieve some files
dynamically perform network selection during their lifeti mes. f h ’ S | ffic fl h ted b
We perform measurement tests to collect traces of available rom t E_} serve_)r. evera .tra Ic OV_VS are hence create . y
bit rate and delay characteristics on Ethernet and WLAN the device which dynamically monitors the networks at its
networks on a work day in a corporate work environment. We disposal. The device then routes the flows via these networks
implement our flow assignment framework in ns-2 and simulate and dynamically reassigns them to different networks based

the system performance for a set of elastic video-like flowssing ; iatica [i ; ;
the collected traces. We demonstrate that the MDP based flow (():I;g;a ;r?;y:jneglar;etwork characteristics like available bitte

assignment policy leads to significant enhancement in the @o 4 AT . .
provisioning (lower packet delays and packet loss rates) fathe ~ While the distribution of traffic flows amongst different

flows, as compared to policies which do not perform dynamic networks can enable better network utilization than single
flow assignment but statically allocate flows to different neworks  network use at a time, the variation in network charactesst
using heuristics like average available bit rate on the netarks. like ABR and delay makes the problem of flow assignment
challenging. Especially when the access networks include
wireless links, the network characteristics variationguiee
Several networking technologies have evolved and becomubust modeling techniques and stochastic tools. In thikwo
popular over the past few decades. Ethernet, DSL, cellulae address the problem of optimal allocation of flows on a
wireless networks, and IEEE 802.11 based wireless loa#vice onto multiple networks with heterogeneous characte
area networks have become widely deployed and increasinglics. We approximate the ABR and delays of the networks to
accessible. Existing networks tend to be heterogeneobein t represent the states of a Markovian system. We then develop
attributes such as the supporting infrastructure, prdsosig- and analyze amiddleware functionality that monitors the
naling mechanisms, offered data rates, etc. With the m##diz network characteristics and uses a Markov Decision Process
that several technologies will continue to coexist and éhe(MDP) [4] based control scheme to suggest a network to
will be no clear winner, the drive towards convergence afhich a flow with given utility should be assigned. The MDP
networks is gaining momentum. Integration of heterogeseoselects a network that maximizes a discounted reward which
access networks is part of the 4G network design [1]. IEEE represented as a function of flow utility and the impact
802.21 [2] is delineating a framework to enable handoveds aof the flow assignment on the system. The flow utility in
interoperability between heterogeneous wireless andliimére turn depends on the ABR and delay offered by a network to
networks. The IP Multimedia Subsystems (IMS) [3] has dehe flow. The MDP based flow assignment policy is updated
fined an overlay architecture for providing multimedia $ee¢ periodically by the middleware and is dynamically constilte
on top of heterogeneous networks. by the flows during their lifetimes to select the suggested
It is today commonplace to have electronic devices withetworks. We implement the flow assignment framework in
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ns-2 [5] and collect ABR and delay traces for Ethernet and
WLAN networks in a real-world setting. We then evaluate b
the performance of high bit rate elastic video-like flowsngsi
the simulated framework and demonstrate that MDP based
flow assignment scheme results in significantly better QoS
provisioning for the flows in terms of lower packet delays
and packet loss rates.

In general, the problem of efficient utilization of multiple
networks via suitable allocation of traffic flows has been o
explored in different settings and from different perspest T
A game theoretic framework for bandwidth allocation for Application ¥
elastic services in networks with fixed capacities has been
addressed in [6-8]. Our work on the other hand is motivated
by the practically observed and varying characteristics of Fig. 1. Middleware functionality in a device
networks that are widely deployed today. Packet scheduling
for utilization of multiple networks has been investigaied ) ) o
[9]. The opportunistic scheduling of packets has the drawbaWork does not require any changes in or cqord|nat|on be'Fween
of needing a packet level scheduler and frequent paclt@terogeneous network access technologies that a dewsce ha
reordering at the receiver. In our work, we thus focus ofcCess to, and suggests measures that can be employed by
flow based scheduling for heterogeneous networks. A solutif?® device to dynamically assign traffic flows to the access
for addressing the handoff, network selection, and auténorf€Works. . . _ .
computation for integration of heterogeneous wireless net Flow scheduling for collaborative Internet access in resi-
works has been presented in [1]. The work, however, dodgntial areas via _multlhomed client dewce_s is discussed in
not address efficient simultaneous use of heterogeneous kel The scheduling framework proposed in the work only
works and does not consider wireline settings. Similatig t @ccounts for TCP flows and uses metrics useful for web
work [10] focuses on selection techniques for users to g&gffic including RTT and throughput for making scheduling
connected to the most suitable network in terms of us@gcisions. Our work on the other hand is generic and uses the
defined QoS criteria, and does not address a multi-homagchastic characterization of networks and maximization
device scenario. In [11], the authors have explored design'§wards offered by access networks to the flows with given
a network comprised of wide area and local area technologhgidlity functions for making flow scheduling decisions. We
where user devices select among the two technologies ifigmonstrate the performance benefits of our flow assignment
greedy fashion so as to maximize a utility function based dfmework by employing elastic video flows with concave
wireless link quality, network congestion, etc. The worleso Utilities.
not address simultaneous use of the two technologies by thd he rest of this paper is organized as follows: We present the
users. Recently, a cost price mechanism that enables aenoistem model and analytical framework for flow assignment
device to split its traffic amongst several IEEE 802.11 accel Section Il. In Section I, we describe measurement tests
points based on throughput obtained and price charged, #ggnonstrating heterogeneity in network characterisfi¢se
proposed in [12]. However, the work does not take into actouperformance evaluation of the flow assignment framework
the existence of heterogeneous networks or the chardigerigS Presented in Section IV. A discussion on results and
of traffic, and does not specify an operational method ta spliow assignment in heterogeneous networks is presented in
the traffic. Our work, on the other hand, accounts for all ¢gheS$€ection V, and the paper is concluded in Section VI.
aspects.

An analytical framework for allocation of services (e.g.
voice and data) to multiple radio access technologies ierord Fig. 1 depicts the operational scenario for routing of flows
to maximize the combined multi-service capacity is presgntoriginating from applications running on a device via asces
in [13], and in [14] the authors examine algorithms for ascemetworks that the device has access to. The system comgonent
selection by drawing a parallel with bin packing problemsf the device include aniddlewarefunctionality that runs a
with the bins representing the access networks into whitightweight tool to estimate the ABR and delay via different
user services have to be packed. It is assumed in [13], [Jcess networks to the destination hosts in the Internet. Ap
that the radio access networks are operated in a coordingdidations running on the device consult the middleware for
fashion. The suggested service allocation strategiegsept routing of flows. The list of preferred destinations hosta ca
a network-centric approach for resource allocation and de maintained at the device based on user usage history, user
not touch upon technology specific implementation issues fpreferences, etc., as for instance described in [16].
executing the service allocation measures. Furthermbee, t We denote the set of access networks available to the
allocation of services to networks is static and is not dyirandevice byl = {1,2,...,N}. The system state, designated
cally varied according to varying network characteristosir ass € S, represents the delay and ABR characteristics of all
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the networks. The objective then is to decide an optimakgoli As the number of state-transition pairs increases (i.e., as

w1*(s) that, as function of system state, suggests actianl n — oo) the invariant measure of the Markovian operator

that signifies a network to be selected for the assignment &f approximates the time-averaged distribution of the states

a flow. The optimal policy is periodically evaluated for théetter.

assignment of each flow in the system to a suitable network.The control action: corresponding to the choice of a single
Each networki € I is characterized by delay and ABRnetwork modifies the dynamical system and leads to control

valuesd; € [d"™, d;"**] andr; € [r{*", "] measured at a Markov chainsM (u). The transition probability;; (uz) of

given time. We map the range of delay and ABR values of eatite controlled Markov chain denotes the probability of the

network to a set of quantized states. I5t:= {s’;,...,s%,,} next state being iy conditioned on the current state being in

and S!. := {si,,...,s%,,} represent states based on theand control being:;. M (u) for a givenu has a dimension

quantized delay and ABR of the netwarkThen each network SXS. Note thatu assumes a values ihcorresponding to the

is associated with a single superset of stafés= S x S  choice of a network.

and the whole system witls' := [],. S* obtained through  Now that we have a Markov model on a finite state space

cross-product operations on the sets. S with finitely many control actions:, we pose the control
The delay and ABR of each network exhibits variationgroblem at hand as an MDP. Towards this end let us define the

due to a multitude of underlying factors ranging from fadingeal-valued reward functiom®(s, «) over the set of state§

and shadowing in wireless channels to congestion in wirggéd as a function of the control actian The reward function

ones. While the wired access networks may be characterizfentifies the preference for a system state and the choice of

using simpler techniques, the fast variations in wirel&s®eas a network by a flow. and can then be expressed as :
network characteristics require robust stochastic models

is shown in the literature that Markov models can well R(s,u) = BR“(r",d") + (1—5) Y R'(".d"), (1)
characterize network characteristic variation behavi@r, 1.8]. ie\{u}

In addition, there exists well-established computaticsuad] L

theoretical methods to optimize Markovian processes [4yhere R’(r’,d’) is the reward offered by network to a
Hence, we define a finite-state Markov chain on the state spélé& in terms of the ABRs’ and delayd’ of the network.

S to model the system at hand. We denotebythe transition S € [0,1] represents the tradeoff between selfishness and
probability global good due to an action. The first term in (1) is the reward

. _ gained by a flow as a consequence of the actiadirecting
pij = P(s(n+1)=j|s(n) =1), it to a specific network inf. The second term represents the

wherei,j € S ands(n) represents the current state of alfggregate reward functions in statdfor the other networks.

available networks at time step. Consequently, the stateFor the value ofj as 1, the MDP when executed for the
transition matrix is defined by/ := [(p; ;)] and the system assignment of a flow will only account for the reward received
equation is ' by the flow on the assigned network while evaluating the

Pn+1) = p(n)M, optimal allocation policy. On the other hand wheris 0, the
) N MDP while evaluating the the optimal policy will only take
wherep denotes the probability vector over the state sp#iceinto consideration the rewards of the networks other than th
corresponding to all possible states of multiple hetereges one to which a flow is assigned.
networks. We formulate R(r7,d7) in (1) to represent the reward

There exist a variety of methods for computing the transitigffered by a network to flows which exhibit the charactecisti
probabilities between network states. We make the impligit video traffic:

assumption of ergodicity and stationarity over a certaineti

interval over whichM is time-invariant. Given sufficiently R, d) = f(r7) us(r? — rpin) us(d = T),  (2)
many state transition pairs obtained from the evolution of _ _

network characteristics over time it is possible to computhere f(r’/) is a concave utility function, and(r’) and

M using standard methods [19]. Let us use the first state %f(d’) are unit step functions. The flows represented in (2)
each pairC” = j(n) wheren is even, as initial conditions are characterized by a minimum usable bit rafg,. For rates

for the underlying dynamical system and denét& = j(n) greater tham,,;.,, the utility function for the flows is concave
wheren is odd as the image of these points after one iterate Wfth respect to the allocated bit rate. Furthermore, thexgisc
the dynamical system. After identifying the sets of inputl anPelonging to the flows are associated with a maximum latency

output sample€™® and C°“* the transition probability from (or the playout deadline]" that they can tolerate. Fof(r”)
statei to j is estimated as in (2), we employ video encoder rate distortion models from

[20] and adopt the following form:
Z[k:cg“tej]

Pis = Ycimed f(r7) = 10log10(255%/D(r?)), 3)

where ;. coue;) denotes the number of poinkssuch that which represents the Peak Signal to Noise Ratio (PSNR) of
ceut e . an encoded video stream with encoder distortiop*) given



equation in (7) actually corresponds to a single iteration o
recursion of the venerable dynamic programming algorithm
(DPA)

Jnt1(s) = maxg(s(n), u) + atn(s(n)M(u)),  (8)

at the time stepn and states € S. The value iteration
algorithm is based on the fact that the DPA converges to the
optimal reward

J*= lim Jupa(s), ©)

2 and can be obtained simply by turning the Bellman optimality
Delay(ms) 0 o el 51 Ratetiope quation into an update rule. For a detailed discussion en th
topic we refer the reader to [4].

) ) ) The value iteration algorithm as described above is exdcute
i':n'gc')rﬁi'ng Reward G(W;thg;”;’srgfjSON($75(‘j(ﬁ1))M°g§£§dDgyj S_ig’yozq(f and updated periodically by the middleware on a device to
150ms, and Rynin = 2Mbps evaluate the optimal control poligy*(s) for the assignment

of a flow to an access network. The state spgié®ascertained
from the ABR and RTT measurements made by the middle-
by ware to the destination of a flow. Each MDP invocation is
D(ri) = — + Dy. (4 precegded by #raining Wherein_ the system state transi_tions
Tl —T10 associated with the control action are monitored ang) is

The parameters, Dy, andr, can be estimated [20] from thus evaluated.
empirical rate-distortion curves via regression techegu 1he middleware gives the flows on a device a token in
[{j(,,j,dj) is plotted in Fig. 2 for a representative scenario. & round robin fashion and the flow with the token seeks
Now the reward per stage in the MDP framewogk, S x middleware consultation and is reassigned according to the
I — R, under a stationary policy(s) : S — I and at control policy_. Wheneve_r a flow is_ r_eassig_ned to a differgnt
stagen is given by g(s(n), u(s)), with R representing the network that it was previously on, it is provided a rate which
set of real numbers. Notice that for a system statend a IS half of the ABR on that network. On the other hand, if the

given stationary policyu(s), g(s, u(s)) is equal to the reward reassignment decision for a flow is to have it stay on the same
R(s,u) with u = pu(s). network, the rate of the flow is increased by half of ABR on

Although the stationarity window for the policies may bdhe network. _ _
limited we assume an infinite horizon formulation of the We compare the MDP based flow assignment policy de-
problem as a simplification. Then the total rewakds given scribed above with a static flow assignment with Additive

as : Increase Multiplicative Decrease (AIMD) rate control pyli
N which allocates newly admitted flows on suitable networks
Ju(s) == ]\}iianang(s(n),u(s)), (5) and does not reassign them for the rest of their lifetime.

n=0 The flows are admitted with a rate equal to thg,, for

where the positive scalal < o < 1 denotes the discounttheir class. Thereafter the flows exercise an AIMD policy for
factor over future stages (decisions). The maximum totedte adaptation. Each flow increases its ratefgyevery A,

reward is defined by seconds unless network congestion is perceived by a flow in
. which case it drops its rate by — r,,.,)/2. We employ
J*(s) = gléiﬁ( Ju(s), s€S, (6)  two static flow assignment policies - one where the flows are

i , . assigned to networks in a greedy fashion and the other in
wherell is the set of all possible policies. We say that thﬁroportion to the average ABRs of the networks. Under the

policy u(s) is optimal if Ji(s) = J,.(s) for all statess. Itis &  fomar policy, a flow is assigned to a network that offers the
well known fact that under certain assumptions ( [4], Chiapt aximum instantaneous reward (as given by (2)) to a flow

1) there exists an optimal determipistic stationary policys) upon its admission. We term this policy as greedy-AIMD.
that solves théellman’s equationi.e., Under the other static assignment scheme, flows are altbcate

T (s) = g(s(n), 1* (s)) + ady- (s M(p*(5))), VseS. (7) O different networks in proportion to the average ABR on the
networks. We call this assignment scheme Rate Proportional
Furthermore J* = J;(s) is the unique solution of Bellman’s AIMD (RP-AIMD).

equation.

There are multiple alternative algorithms to solve the itdin
horizon discounted reward problem described above. In thisin this section we present results from network measure-
paper, we choose without loss of generality the well-knowments conducted in a real world setting. Employing the
value iterationalgorithm. The right hand side of the Bellman’snodeling framework of the previous section, we will use

IIl. NETWORK MEASUREMENTS AND MODELING



TABLE Il

the measurement traces to simulate and evaluate the flow
AVAILABLE BIT RATE AND RTTFROMT-LABS TO TU BERLIN

assignment framework in the subsequent sections.

We conduct measurement tests in a corporate work environ- ABR(Mbps) | RTT(ms)
ment where the users have access to networks like Ethernet, Ethernet L__~VO: 718 5.2
IEEE 802.11g and IEEE 802.11b WLANSs, GPRS, and DSL. D oo
We monitor the ABR and RTT on different networks between 802.119 g Dev. 36 0.4
2 PM and 4 PM on a work day. The tests are conducted 802.11b |__AV9. 4.5 10.7
between hosts in Deutsche Telekom Laboratories (T-Labs) Std. Dev. 0.5 0.6

in Berlin to three destinations - Stanford University, Tech
nical University of Munich (TU Munich), and the Technical _ . _ L
University of gerlin (TU Be(rlin) ) resp;ctively represemgj and their standard deviations to different destinatiord fan
long, mid, and close distance destinations. We surveyen‘abvdiﬁerent networks for the 2 hour traces. Ethernet can ba see
publicly available tools including Pathrate, Nettest, Baybe to have d|ffergnt ABRs to dn‘fergnt de§t|nat|ons_wh|ch can b
and choose Abing [21] for measurement of ABR and rou tributed tp_dlﬁerent cross—tra_fﬁc _and intermediatetleneck
trip time (RTT). Abing has a fast convergence of the order-of |r_1k capacmgif to thzse fjes.tlnatlons. However:, (},?fe amrfag
2 seconds, is lightweight, and has the ability to run acelyat It rzitles to dl 8eor§nlt1be§tlgatlo_ns arhe not mlgcl IhermXBR
on paths with high packet loss rates, and is hence repor?e%z' g an db : h lI)n ||cat|ngkt e |p053|h||ty ;T%IE
[22] to be suitable for wireless networks. It is based on packS constrained by the bottleneck wireless hop. stoa
pair dispersion technigue and reports the ABR for bidicewi desynauon are lowest for Ethernet and_hlghgst for 802.11b
links between two hosts in the Internet which run Abing dlien Figs. 3, 4, a”‘?' 5,ShOW representatlve. hl|stograms of the
and server. ABRs f_or thg d_estma'uon Stanford. The statistics can ba tee

Abing server is run at the machines at Stanford, TU Munidjve diversity in ABRs across the three networks (the aeerag
and TU Berlin, and the clients at machines in T-Labs in BerliﬁA‘BRhon Ethegg)eztlclan bﬁ_ She?” fromhl'l'a?le I to be twice aﬁ
The ABR and RTT values are then noted every second for t ch as on -9 Which IS roughly tour times as muc
links from T-Labs and to different destinations. or 802.11b_). All the networks display noticeable variatio

For the purpose of this work we consider the data coIIect%f?ﬂsb For |gstanc§ thedABRton 8?2'119 gal\r;lbbe as high as
on 100 Mbps Ethernet, IEEE 802.11g, and IEEE 802.1 ps and can drop down 1o as low as PS.
networks. The 802.11g and 802.11b networks were accesse he d|ff_erent ABRs on the n_etworks reflect _the d|ff_erence
by laptops with Intel PRO/Wireless 2200 big cards throuqet e ability of these networks in accommodating traffic flow

n

T-Sinus 154 and linksys WRT-54GL wireless access poi Igmes. Flows may be aﬁagrrl]ed o th_e petvvforks_ accor:(mg o
(APs) respectively. their ABRs. However, as the characteristics of a given n&kwo

fluctuate (for instance when there are abrupt drops in ABR),
TABLE | the supported applications may suffer from performanceaieg

AVAILABLE BIT RATE AND RTTFROMT-LABS To STANFORDUNIVERsITY — dation. Then, if some of the flows under adverse network
conditions can be directed to another network, the perfooma

T ABRQ)(l'Y'EE’pS) Rgg_‘ls) of the applications and utilization of the networks can be
Ethernet < +Hav 17 0.03 improved. We will investigate this further in the Section. IV
802.11g | 2VG: 15.1 193.0 We noticed that the scale of variation of ABR and delay
Sti- Dev. i'g 12-527 was much greater for the wireless networks than for Ethernet
802.11b Std?’%e\,, 03 03 which justifies the use of MDP based stochastic modeling
over a simpler approach when the access environment irslude
wired and wireless networks. For instance the averageviter
TABLE |I of variation of ABR by 10% was 10 times higher for 802.11b
AVAILABLE BIT RATE AND RTT FROMT-LABS TO TU MUNICH and 3 times higher for 802.11g than the ABR variation over
Ethernet for T-Labs to Stanford case.
ABR(Mbps) | RTT(ms)
Ethernet [ VS| 908 na IV. PERFORMANCE EVALUATION
802.11g Stﬁv%ev 1355'30 146-59 We simulate the flow assignment framework using ns-2. The
A‘Vg. : T 198 sample network topology created for the purpose is shown
802.110 \—s3Pev. 04 7.0 in Fig. 6. The nodeS represents the sending device which

sends flows to destination node-via the networks N1, N2
The test environment represented a well provisioned wirdd N3 using its middleware. We describe the functionality o
less LAN setting with 5 APs in a large office room. Thdhe components and the tools employed below.
measured networks had interference from other APs in thel) Simulation of Access Networks: Each network (e.g.
room and also APs from the higher and lower floors in the N1, N2, and N3 in Fig. 6) is simulated as a link with
building. Tables I, Il and 11l show the average ABR and RTT varying available bandwidth and delay characteristics.
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Fig. 3. Available bit rate on Ethernet from T-Labs to Stadfor Fig. 6. Network topology in ns-2
0.25
_— from the Internet.
v ] i 3) Network delay measurement: We employ CapProbe
_ sl i [23] implementation for ns-2 to calculate RTT of net-
= works. For this purpose, we attach a ping agent for every
g o01r ] network to be monitored (e.g. N1, N2, N3 in in Fig. 6)
oo | | to the node (e.g. Nod#) performing flow assignment
' and associate every ping agent with a flow id to be used
gL b b b b by the hash classifier for routing the ping traffic.
B e ot Raens 4) ABR Measurement: The network bandwidth utilized at
a given time is measured during the simulation via queue
Fig. 4. Available bit rate on 802.11g from T-Labs to Stanford monitors [5] attached to the links corresponding to the

networks. The number of bytes transferred via the link
during a 0.1 second interval is used to calculate the used

These characteristics are obtained from the practical bandwidth. ABR during the simulation is periodically
measurements performed in real networks settings - e.g.  evaluated by subtracting the network bandwidth being
the ones described in Section IlI. used from the present value of ABR used to characterize
Flow Assignment: An instance of hash classifier [5] the network. In real world scenarios, tools like Abing
is attached to a node performing flow routing and is  can be used to measure ABR.
used to simulate &roker whose function is to direct For the demonstration of evaluation results, the three net-
various flows to different networks based on the policworks shown in the ns-2 topology of Figure 6 are taken as
calculated by the middleware. We implement part of thEthernet, 802.11g, and 802.11b with ABR) @nd delay {)
middleware functionality by interfacing python functionsharacteristics of Section Ill. The delay is approximated
with ns-2. The middleware for a device measures thes half of RTT values measured for different networks. Sim-
ABR and delay on the different networks, and performglations are run over the 2 hour data traces for different
the flow assignment using MDP. The flows at a nodgestinations. For the 802.11b and 802.11g wireless neswvork
are identified viaflow ids. We ensure that the brokemwe introduce a 1% random packet loss in the simulations.
agent attached to the node has information about everywe employ high bit rate flows with the characteristics of
flow generated from the source and coming to the sourection Il with r,,;, = 2 Mbps andT = 150 ms. At the
beginning of a simulation, a total of 14 flows arrive with a
rate of 2 Mbps each and an inter-arrival time(of seconds.
oe ' ' ' ' Subsequently the rates of the flows evolve as per the rate
05k . control associated with the employed flow assignment policy
The middleware monitors ABR and RTT to the destination
hosts via each network periodically.
03 r ] For the greedy-AIMD policy, a flow upon its arrival is
02k _ allocated to a network that offers the maximum instantaseou
reward given by (2). For RP-AIMD, flows are allocated
to networks in proportion to the average ABR reported in
0 : : : : Tables I, II, and Ill. For both these static policies, the bit
3 35 4 45 3 4.5 . . .
Available Bit Rata(Mbps) rate of each flow is varied according to a token-based round-
robin scheme where the token is circulated every 2 seconds.
Fig. 5. Available bit rate on 802.11b from T-Labs to Stanford The round robin scheme operates separately and indepgndent

04 - .
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on each network. The flow with a token on a given network
increases its flow rate by, = 1 Mbps and passes the token
to the next flow on the network. Whenever a delay rise beyond
the preset threshold; = 150 ms, is observed (by CapProbe
measurement tool) for any of the networks, a delay alarm for
that access network is triggered, and the bit rate for the flow
is reduced by(r — r,in)/2. This cooperative rate allocation
scheme ensures efficient utilization of the network bit sate
while preventing excessive rate fluctuations for the flows.
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For the MDP based flow assignment, the parameter ’ 1 9 ‘ 3 ‘ 4 ‘ 5 ‘ 5 ‘ 7 ‘ 3 ‘ 9 ‘10 ‘ 11 ‘12 ‘13‘14‘
value in (1) is selected as 0.8. We will discuss more about Flow Number
the selection of3 in Section V. When the flows initially
arrive, they are greedily allocated to the networks based on Fig. 7. Average flow rate for T-Labs to Stanford case

the maximum reward. Thereafter, the reassignment and rate

Available Bit Rate(Mbps)

allocation of the flows is done via a round robin token scheme 12 - - .
with a token circulation interval of 2 seconds. Every time 802.11b
policy in the middleware is consulted by the broker, the ount ;
action suggesting a suitable interface for the flow is e)agut L f;
and rate allocation for the flow is performed. oAbty
For evaluating the MDP policy, the middleware needs TR 1Y
control actions. For the purpose we maintain a sliding wimdo . i i\ i SR o\ RN ¢ W 3
of last 800 transitions and action tuples. The state transitions 1000 1100 1200 1300 1400
associated with an action are ascertained as those oagurrin Time(ms)
from the state at the time of the control action to the State%. 8. Available bit rate for greedy-AIMD flow assignmentr fo-Labs to
Before the MDP based flow assignment can be invoked
for the first time by the middleware, MDP needs a training
period to evaluateM (u). We hence train the MDP in the Tables IV shows the average of packet loss rate and flows rate
middleware for initiall00 seconds with: based on a reward- for the 14 flows. The greedy-AIMD policy results in a higher
allocation during this phase is kept the same as that disdusés can be seen in Fig. 11 and Table IV, the MDP based flow
in Section Il under MDP based flow assignment, i.e. if a&ssignment policy leads to a reduction of packet loss rata fr
a consequence of a control action a flow is reassigned t@mund 45% for Greedy-AIMD and 40% for RP-AIMD to a
different network than it was previously on, then it is ped  significantly lower 2%.

during a simulation a flow gets a token, the optimal MDP °T N ]
information about the system state transitions via-a-lis t

visited before the next action. Stanford case

maximizing greedy approach for network selection. The ragyerage flow rate and hence suffers a high packet loss rate.
a rate which is half of ABR on the new network, otherwise

the rate of the flow is increased by half of ABR of the present TABLE IV

network. PACKET LOSS RATE(PLR)AND FLOW RATE STATISTICS FORSTANFORD
With the simulation methodology described above, we UNIVERSITY

compare the performance of _the sf[atic policies with dynamic Greedy AIMD | RP AIMD | MDP

MDP based approach. We first discuss the performance of [ Avg. PLR(%) 4369 38.74 1.78

flow assignment schemes for T-Labs to Stanford hosts. While [ Avg. ABR(Mbps) 2.77 1.76 2.7

the MDP based approach dynamically assigns the flows to
different networks during the simulation, the greedy-AIMD The MDP based flow assignment leads to significantly lower
policy leads to an allocation of 11, 3, and O flows on thdelays on all three networks. Tléfs of the delays (truncated
Ethernet, 802.11g and 802.11b respectively and the RP-AIMID 150 ms, the playout deadline for the flows) for greedy-RP
leads to a distribution of 9, 4, and 1 flows on the networksand MDP based flow assignment are plotted in Figs 12, 13, and
Fig. 7 shows the average rate of flows during the simulatidd. For greedy-AIMD, the delay performance is further worse
run for different flow assignment schemes. Figs 8, 9, and 1itan RP-AIMD on Ethernet and 802.11g networks; however
respectively plot the ABR for different networks in a windowdelays are low for this scheme on 802.11b since no flows are
from 1000 to 1500 seconds of simulation run. As apparenallocated to the network.
from Fig 8, the bandwidth on the IEEE 802.11b network for We next discuss the performance for T-Labs to TU Munich
the greedy-AIMD remains unutilized as no flow is assigneahd TU Berlin cases. Since Ethernet for TU Munich and
to the network. The packet loss rate during a simulation rdfJ Berlin cases has high ABRs (Tables I, Ill) the greedy-
for different flow assignment schemes is compared in Fig. 1AIMD policy leads to assignment of all flows to Ethernet as
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Fig. 14. CDF of delay for 802.11b for T-Labs to Stanford case

they arrive. The RP-AIMD results in a respective distribati

of 12,2,0 and 11,2,1 flows on Ethernet, 802.11g, 802.11b
networks for TU Munich and TU Berlin cases. As before, the
MDP based approach dynamically assigns flows to networks
during the simulation runs.

The packet loss rates for T-Labs to TU Munich and TU
Berlin cases are shown in Figs 15 and 16. Tables V and VI
and shows the average packet loss rate and flows rate for the
14 flows for the destinations TU Munich and TU Berlin. While
the greedy-AIMD policy suffers from high packet loss rates f
all cases, MDP based flow assignment leads to the signifyjcantl
lower packet loss rates. Again, the delay performance of the
MDP based flow assignment scheme is better than the static
policies and; the plots are suppressed for brevity.

TABLE V
PACKET LOSS RATE(PLR)AND FLOW RATE STATISTICS FORTU MUNICH

Greedy AIMD | RP AIMD | MDP

Avg. PLR(%) 3421 3056 | 11.88

Avg. ABR(MDbps) 8.87 521 5.19
TABLE VI

PACKET LOSS RATE(PLR)AND FLOW RATE STATISTICS FORTU BERLIN

Greedy AIMD | RP AIMD | MDP
Avg. PLR(%) 36.82 3349 | 13.15
Avg. ABR(MDbps) 9.78 5.46 6.22
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i B for applications. For instance when ABR on a network drops or
— = ————{OMOF bases |—— the delay shoots up, flows on the network may be reassigned to
- = another network which may be experiencing a better network
|| = quality. An MDP based dynamical flow assignment presented
in this work is demonstrated to result in better performance
terms of packet delays and packet loss rates experienced by

applications, and bandwidth utilization for different wetks.
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as represented by the value gfin (1). For low values of
2 a4 s 6 7 8 9 1011 12 13 14 ﬁ representing a higher concern for charactenstlcs of ot_her
Flow Number interfaces than the one associated with the control action,
the flows did not always drive the system to a state where
Fig. 15. Average percentage packet loss for T-Labs to TU blugase  theYy rece“’_ed a gOOd_ reward on a neMork dictated by the
control action, and this lead to bandwidth wastage. On the

—
=
—

40 other hand, overtly selfish behavigs<1) pushed the system
s T AT into high delay states as the flows would eagerly choose a
Fere N N N N LS I state that maximized their reward even if the state repteden
§ 25 UL | HEEESIEE Il high delays and low ABR for the other interfaces.
% 20 4 o ) . || A noticeable aspect is the ability of MDP based flow
z 15 || NN N || assignment to offer low packet loss rates while allowing the
g 10 4 ]: 1] flows to have their share of bit rates on different networks.
5 —F }: ] }: }: Other policies (RP-AIMD and greedy-AIMD) are unable to
o L B IR0 RIS NEA AR 0 AR e keep the packet loss rate within acceptable limits. Herfee, t
12 3 4 5 6 7 8 9 10 11 12 13 14 MDP based flow assignment can easily guarantee acceptable
Flow Number PSNRs for multimedia flows whose performance depends on

the bit rate and the packet loss. Again, as the deadlines for
Fig. 16. Average percentage packet loss for T-Labs to TUifBedse  packet delivery becomes less stringent, the flow assignment
policy results in a significant reduction in packet loss sate

The impact of variation of playout deadline (T) on théTable Vi
packet loss rate performance for the TU Berlin case is shown
in Table VII. Increase in the deadline leads to significant VI. CONCLUSION
reduction in packet loss rate for MDP based flow assignment,
but does not have as noticeable an impact for the greedy!n a setting where devices have access to multiple networks,
AIMD and RP-AIMD policies. the distribution of traffic flows amongst different networks
can enable better network utilization than single netwasé u
at a time. However, the variation in network charactersstic
like ABR and delay make the problem of flow assignment

TABLE VII
IMPACT OF THEPLAYOUT DEADLINE FOR TU BERLIN

T(ms) | Greedy AIMD | RP AIMD | MDP challenging. A static flow allocation policy can result insai-
150 36.82 33.49 13.15 isfactory performance due varying characteristics of oeta.

250 31.25 25.38 3.55 However, the adaptive assignment of flows to different acces
500 22.00 20.48 0.26

networks results in a much better performance in terms of
packet losses, delays and allocated bit rates. Such adaptiv
V. DISCUSSION flow reassignment can be done via stochastic charactenizati
of the networks and adopting an MDP based approach to
optimally assign flows to networks.

Multiple network utilization via a flow allocation policy
which stochastically characterizes the network charesties
and dynamically assigns flows to the networks results in
significantly enhanced performance over a static policyctvhi ACKNOWLEDGMENT
assign flows based on heuristics like average ABR on the
networks. Even in conjunction with a suitable rate control We thank Xiaoging Zhu for discussions on video traffic
scheme, a static flow allocation policy suffers from degdadenodeling. Thanks to Anja Feldmann for useful discussions
performance owing to the fact that network characteridities on the organization and presentation of the work. We are also
ABR and delay vary to fluctuations in cross-traffic and changéhankful to Sven Kleemann for providing the infrastructure
in the channel characteristics for wireless networks. for network measurements. Many thanks to the anonymous

A dynamic flow assignment policy is able to utilize the direviewers for their useful inputs and suggestions on the pre
versity of available networks to enhance the QoS provisigni sentation of the work.
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