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Abstract— The brute force way of simultaneously measuring all net-

Measuring real-time end-to-end network path performance work paths, from each end host to all other end hosts, in & larg
metrics is important for several distributed applications such as  aqy6rked system can lead to inaccurate measurementsresult
media streaming systemsd.g, for switching to paths with higher d load d d network |
bandwidth and lower jitter) and content distribution systems an pose an enormous load on r_‘O €an _ne Wor resources. in
(e.g, for selecting servers with lower latency). However, it is Section Il, we present our experiments with different netwo
challenging to perform such end-to-end pairwise measurements measurement tools and observe that few tens of simultaneous
in large distributed systems while achieving high accuracy and pandwidth measurements can use up to 50% of CPU and 40%
avoid interfering with existing traf c. On the en(_:i hpsts, the of memory on end hosts and 7Mbps of network bandwidth
measurements can overload the machine by causing interference link. A . heduli uti that schedules f
among themselves and other processes. On the network, theON & IINK. nave SC eduling solution that schedules few
measurement packets from different hosts can interfere among Measurements at a time on each node can reduce the loads on
themselves and with other ows on bottleneck links. In this node and network and avoid interference with other prosesse
paper, we propose a system to monitor end-host and network and network flows. But, this can lead to an increase in the time
resources and adapt the number of measurements according to to measure all paths resulting in stale measurement vahes a

the observed load. Our scheme avoids interference by measuring . lati f th -ti . ts. | deol fit
only a small subset of network paths and reconstructing the ente ~ V!0'ation ot the real-imeé requirements. in our deployme

network path properties from the partial, indirect measurements ~ S° [10] on PlanetLab [11], we observe an average of 31 hours
Our simulation experiments and real testbed experiments on for a measurement cycle to complete when we serialize the
PlanetLab show that our path selection algorithm working with  measurements from each host (refer to Section I1).

resource constraints does not adversely affect the accuracyf 0 |nfarence js a solution to achieve scalability in monitgrin
inference and our system can effectively adapt to the changing

resource usage at the end hosts. large networked systems. Instead of measuring on al! paths
between end nodes, inference based solutions require few
|. INTRODUCTION measurements from each node and infer all-pair properties

Measuring real-time end-to-end network path performané®m those few measured paths. There is a large body of
metrics is important for several emerging distributed applresearch effort focusing on latency estimation [12], [13],
cations such as content distribution and file sharing systefi4], [15], [16], [17], [18], loss rate [19], [20], and few on
(e.g., CoDeeN [1], BitTorrent [2], and KaZaA [3]), interaet  bandwidth [21], [22]. Though the previous researches focus
media streaming systems(e.g., Video conference systechs son scalability, they do not consider the resource conggdm
as HP’s Halo [4] and Cisco’s Telepresence [5]), traffic engdecide the set of measurements. For example, in landmark
neering (e.g., for supporting IP Telephony [6]), and overldbased approaches for latency estimation such as GNP and
networks (e.g., RON [7] and OpenDHT [8]). For exampleNetvigator, each node performs latency measurements to a
media streaming systems need the network performance small set of landmark nodes and infers the all-pair path
formation for switching video and audio sessions to bett&atencies using that information. If a larger set of landknar
paths with higher bandwidth, lower latency, and lower jittenodes are used, the accuracy of the estimation will be higher
Similarly, content distribution systems need networkesfar but can incur higher load on the network and end nodes. Also
selecting servers with low latency to clients to reduce thas the size of the node set grows, landmark nodes can get
content transfer time. The goal of thé ®] (Scalable Sensing overloaded. This raises a need for inference algorithms tha
Service) project is to provide a middleware to measure realre resource constraint aware and can adapt the paths chosen
time end-to-end network properties at rates as specified floy monitoring thus providing a trade-off between accuracy
applications in a scalable and efficient manner. One of tlaad the load.
challenges for $is to support applications such as traffic To address these challenges, we propose to monitor the
engineering and ISP performance monitoring systems thiesources available and determine a set of paths to con-
require measuring characteristics of all network pathsctvhitinuously measure such that they use only a fraction of
grows quadratically with the size of the network. available resources and that we can accurately estimate all



pair path properties from the measured information. To luketail. We describe our approach that leverages and extends
more concrete, in a network of end hosts wittO(n?) paths, NetQuest in Section Ill. We present evaluation results in
we select a subset of patlssto monitor actively such that Section IV including results from simulation experimentishw
we can infer the values of remaining paths while satisfyingata from 8 deployment on PlanetLab and results running our
the following resource constraints — the load incurred due system on PlanetLab. We present related work in Section V
these measurements is smaller than a fractigqe of free and conclude with summary and future work in Section VI.
resources at the end nodes and the network load incurred by
the measurements on a network hop/link is smaller than a
fraction f newk Of available bandwidth on the link. Since the In this section, we discuss the motivation for our work in
resource availability at end nodes and bandwidth change witiore detail. We first explore the impact of running several
time, we need to constantly monitor these metrics and ada&pgasurements simultaneously from a single host to multiple
the set of paths selected to satisfy the invariants on resoufosts focusing on the load posed on the end-hosts and network
usage. and also on the interference leading to incorrect resulis. W
The algorithm for selecting a subset of paths that ma¥en discuss the problems with serialized approach, where
imizes the accuracy of inferred values largely depends 8teasurements from each node are performed in a round-
the inference technique to be used. Towards our goal, Vi@in fashion. Then we discuss the inferencing as a promisin
have started with the loss and latency metrics and focus @pproach to reduce the load on end-hosts and network and
leveraging and extending the NetQuest [20] framework. Tigscuss how current research in inferencing ignores the sta
original NetQuest system proposes scheduling and infergncof available resources to decide the schedule of measutemen
algc.)rit.hms for loss rate and latency estimation bqt focuses A. Impact of Concurrent Measurements
minimizing the total number of paths used. In this work, we
propose a new scheduling algorithm that decides the set ofon @ hOSt, concurrent measurement processes can use up &
paths to measure based on the end-node resource constranfigificant portion of CPU and memory leading to interfeesnc
Though the resource constraints on network can also be po@8Nd the measurement processes and can also interfere with
in our new algorithm, we currently use end-node free CPU f§N€r processes on the machine. Also as many end-to-end
decide the constraints as the loss rate tool inflicts infigmt N€Work paths might share a network link, packets generated

load on the network links even when several measuremeRi the measurements passing through such shared link can
are running simultaneously (refer to Section I1). interfere with other traffic and among themselves leading to

Our paper makes several key contributions. First, we motfidccurate measurement results. _ _
vate the need for resource aware scalable inference aigit e have experimentally studied the impact of performing
for monitoring large scale networks in real time. Second, wkoncurrent measurements with several network measurement
characterize the resource requirements of different rré:tw&oms- Her_e we present the results from our experiments with
measurement tools. Third, we present an algorithm to decii¢ following tools.
subset of paths to monitor that satisfy resource consgraint> LossDelay This tool measures round-trip loss rate and
while achieving high accuracy in the inference. We havetbuil ~ latency on a path usinBing tool to send 100 packets at
a prototype of our solution and evaluated it via simulations & rate of 5 packets per second (maximum rate allowed
with data collected from PlanetLab and via deployment on by Ping at the user level in Linux by default). We report
PlanetLab infrastructure. Our system usésdgployment on the number of packets lost as the loss rate and report the
PlanetLab to collect the topological structure of the nekwo  average round-trip time reported by Ping as the latency.
between nodes. We run a process on each end node to charac-Pathrate [23]: This tool measures one-way bottleneck
terize the loss rate tool, determine how many instances ean b ~ capacity on a path. This tool needs access to the both
run simultaneously without consuming significant portidn o~ ends of a path.
the free CPU, and report that number to a central machine. Out PathChirp [24]: PathChirp is a tool to measure one-way
central server runs the path selection algorithm and séeedu  available bandwidth on a path. Similar to Pathrate, this
measurements on those selected paths. Our results show thattool needs access at the both ends of a path.
our scheme can accurately estimate individual path priggert We perform our measurements on Emulab network
while using only a small fraction of free CPU capacity at eadiestbed [25] where we run multiple instances of each tool
measurement host. on two directly connected hosts. Both end hosts are 600MHz

This initial study focuses on using only one kind of latencPentium-3 machines with 256MB memory running Fedora
and loss rate estimation technique to address our problemGufre Update 4. Connecting the hosts is a duplex link with
adapting the measurements to perceived load on nodes &A8Mbps bandwidth and 2ms latency. For each tool, we create
network. We are further exploring on tailoring other infece a script to repeatedly invoke the tool to perform a measunéme
algorithms—both centralized and distributed—to solve ouo a specified destination and record the measured value,
problem. We are also exploring the much harder problem tine taken for the measurement, and any other exceptions
measuring available bandwidth and capacity. reported by the tool. We perform our experiments for each

In Section II, we discuss the motivation for our work irtool separately. For a tool, we start with one process rugnin

II. MOTIVATION
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Fig. 3. Resource usage of Pathrate

the script for that tool and every few minutes create a neton times of a single measurement. In our experiments, the
process running the script to gradually increase the numberperiod for LossDelay is 2 minutes and the period for Pathrate
concurrent measurements. We choose the period for additeomd PathChirp is 5 minutes.

of a new process for a tool depending on the typical comple-
Resource usageFor each tool, we study the CPU, memory,
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Fig. 5. Interference due to running several concurrent Dei®y measurements on a path

and network bandwidth requirements as we increase the nuemns of measurements.

ber of concurrent measurements. For CPU, we periodically\e plot the measurement load on the access link in terms
monitor the/proc/stat file to determine the time spentyf the handwidth used by the tools in Figure 4. As LossDelay
on the idle task and infer the fraction of free CPU fromensor sends small sized ICMP packets at a slow pace, the
that value. Similarly, for memory, we periodically extrabe npetwork resource requirement of this tool is very small. & se
fraction of free memory from théproc/meminfo  file. In - of hyndred concurrent measurements causes only 500 Kbps of
Figures 1, 2, and 3, we plot the measurement load obseryggific. But both bandwidth and capacity measurement tools
on a host in terms of the free fraction of CPU and memoRjcyr high traffic on the network. Few tens of measurements

as we increase the number of concurrent measurements dpgither PathChirp or Pathrate consume up to 7Mbps of traffic
LossDelay, PathChirp, and Pathrate respectively. For @R, o a 100Mbps link.

plot the minimum, maximum, 20 percentile, and 80 percentile ) . .
. . Interference: For understanding the interference caused by
values along with the average value of the monitored samples

. concurrent measurements, we analyze the results repoyted b
when running a set of processes concurrently. For memory, yie .
. € measurement tools and the response time of the tools. The
plot the average values. Though a single LossDelay sensor

a . X .
very small CPU and memory requirements, few hundreds response time of a tool is the time taken for a measurement
concurrent processes consume a significant portion of b?

tg complete and return a response. In Figure 5, we plot
CPU and memory. We observe PathChirp to be the mos? increase in the response time and inaccuracy of sensor
measurements as we increase the number of concurrent mea-

resource intensive tool of all three tools. Even few tens

of concurrent PathChirp instances consume more than 58%ements. Note that the response time of LossDelay sensor

of CPU and 40% of memory. Pathrate has similar memo'é} a normal case is about 20 seconds. As the number of

. . a,r]wurrent processes increase, we observe an increase in th
requirements as PathChirp but consumes moderate CPU wi . : .
response time and also observe an increase in the latengy val
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Fig. 7. Interference due to running several concurrentrBhmeasurements

from a node. We plot the values returned by the measurementt WHfig.SS. CDF of times taken for a single cycle of measurements atesio
measuring a 100 Mbps link. In S°’s PlanetLab deployment for two network measurement tools hr&t

and Spruce.

B. Serializing Measurements

reported by the LossDelay sensor. Though scheduling a small number of measurements at
éhtime can reduce the node and network loads and avoid

by any measurement in Figure 6(a) and the percentage CIﬂf‘,jl:llgtedrference. with othgr [i]rocgsses and networl|<I rovx;]s, it caln

measurements in Figure 6(b) as we increase the concurre ,%g. . to anl increase in the tm?e to mdeas_UIIre a p?t r? result-

Though we did not observe any significant inaccuracy in tﬁ',a in stale measurement values and violation of the real-
In our current deployment of §/stem

results with increasing concurrent measurements (resilt fime requirements.

included in this paper), we observe significant increase fi Planetlab [10], we perform measurements for different
the percentage of failed measurements where no results ré%work_ metrics from_ each .node tq all other node$Q0
reported. In Figure 7, we plot the average absolute errdren tnod_es) ina round-rob_ln fashion. In Figure 8, we plot the CDF
values reported by Pathrate tool as we increase the numbepfotf'mes tal'<en for a single cycle of measurements to complete
concurrent measurements. The increase in the error shaws ff_Ndes in our deployment. We show the CDF for two
the Pathrate’s results are sensitive to the interference. ifferent tools — Pathrate [23]_ used fpr measuring capauity
Spruce [26] used for measuring available bandwidth. Ous log
In summary, our experiments quantify the performance odund-off the completion times to the nearest hour, and éienc
different measurement tools and show that when multiplee CDF curves appear as step-functions in this plot. Olyeral
measurements are performed simultaneously, they (i) coasuwe observe that a cycle of bottleneck capacity measurements
significant end-host CPU and memory resources and netwaoiking Pathrate tool takes about 31 hours on average and about
bandwidth and (ii) suffer from interference leading to ioac 6 hours on average for measuring available bandwidth using
racy in the reported results, increase in failed measurenerspruce.
or increase in response times. Serializing measurements on the sources might not be

For PathChirp, we plot the maximum response time tak



enough to combat the overload on resources for certain.toateeasure, and (4) Measure the selected paths and infer the
Bandwidth and capacity measurement tools such as Pathratetric for the remaining paths. Note that the first step is a
Spruce, and PathChirp [24] need to be run at both source antk-time task that we perform before beginning the contisuo
destination simultaneously and consume significant ressur execution of the later steps.
at destination hosts too. Without any coordination betweenWe leverage and extend NetQuest [20] for selecting paths
sources, even serialized measurements at sources caroleaghtl for inferring all-path information from measured vauk
a case where several sources might measure the paths thedfollowing, we first briefly describe the NetQuest framewo
single destination simultaneously. In ou? Seployment on and then describe how our approach achieves the above
PlanetLab, even though we randomized the list of destinatimentioned four tasks.
machines at each node, we still received occasional mes-
sages from some nodes where PlanetLab Monitoring procéssBackground: NetQuest
(pl-mom) reset our slice as we consumed a large amount ofNetQuest [20] is a network measurement framework that
resources. This happened on a machine when it was the despiplies a Bayesian experimental design to select paths to
nation for a considerable number of bandwidth measurementsasure that maximize the amount of information subject to
from different sources. Note that the time for a bandwidtthe restriction on the number of paths. NetQuest consists of
measurement to complete increases with the load on eitlhwo componentsdesign of experimerand network inference
source or destination. So, a highly loaded machine on Rlan€he former phase requires a routing matrix that reflects the
Lab attracts several overlapping measurements from differ topology of the network between all end-hosts and uses that
sources, which in turn increases the load on the machins. Tinformation to select user specified number of paths to monit
vicious cycle leads to the explosion of processes, ext@mustactively. The paths are selected such that the accuracyeof th
of swap space, and our slice being reset by the monitoriiigerred paths as estimated by the second phase is maximized
process. The problem of selecting a subset of a fixed size from
the set of all paths that minimizes the error in inference is
NP-Complete. NetQuest employs a greedy heuristic for this
Inference techniques are a solution for monitoring largeghase—start with an empty s8tfor selected paths and keep
scale networks. Inferencing leverages the fact that maagding a path that minimizes certain Bayesiateria until the
paths share links and hence share the link properties. The& of S reaches the user specified size (please refer to [20]
techniques typically measure the properties of few patfsr more details of the algorithm). For the the total number
and reconstruct the properties of all paths from those fev# paths to measure, we set NetQuest to choose the rank
measurements. number of the routing matrix. In [19] and [27], Chehal show
Researchers had great success with latency estimatios ashat with the measured values of paths corresponding to the
latency metric is physically tied to the topology and rogtinindependent rows of the routing matrix of a topology, end-to
decisions which do not change that often for many pathsnd performance on every path canéectlyreconstructed.
For example, coordinate-based inference algorithms ssch a ) o
GNP [14] and Vivaldi [12] leverage this fact and assign B- Resource Requirement Characterization
global coordinate to each node in a high dimensional spacéVe currently focus on the LossDelay sensor and target
where the distance between two nodes reflects the latei@yU usage as the resource for this paper. So, to characterize
between those nodes in the network. These papers demenstisg amount of CPU used by an instance running LossDelay
the high accuracy of this solution in different settings. tool, we execute the tool for a long tim&20 minutes) and
But metrics such as available bandwidth, loss rate, adétermine the average CPU used by the tool using UNIX
jitter are highly dynamic that depend on the traffic in thémecommand(usersyg=real time. Since the characteristics
network. Moreover, metrics such as available bandwidtrsdoef machines in a large system can be very different, we
not respect triangular inequality in contrast to latencytrioe perform this task on each node separately. From Figure 1(a),
which has been shown to satisfy triangular inequality in tmog/e observe that the CPU usage of the LossDelay sensor grows
networks [14], [12], [17]. Hence, it is hard to use coordaatlinearly with the number of instances of the tool running
based approaches for these metrics. Techniques proposedfo the machine. We leverage this result to extrapolate the
loss rate [27], [19], [20] and available bandwidth [21] eith resource usage of one instance to several concurrentlynginn
use landmarks to which all nodes perform measurementsistances.
decide a subset of paths to measure. But these techniques do = .
not consider resource constraints either at the end hosis orC: Monitoring Resources
the network links. On each machine, we continuously monitor the fraction of
CPU used by other processes and determine the number of
LossDelay measurements we can initiate from that machine
The key four tasks involved in our system are as followsvhile using only a small fraction of the remaining CPU.
(1) Characterize measurement tool resource requirem@)ts,For PlanetLab testbed where we perform our experiments,
Monitor available resources, (3) Select a set of paths wee determine the current CPU usage on each machine using

C. Current Inference Algorithms

Ill. APPROACH



1 s=; I initialize the path set to be empty |  periodically measure on all paths at a slow pace to update
2 C=1 ['initialize the current criteria value | the topology. Techniques such as using the remaining TTL
3 while C > Crank from an ICMP response to detect changes in the length of
4 for each path(i;j )2 nEnj S

5 if jf(k;1)2S:k=igj- const path [20] can be employed to further reduce the overhead of
6 /I compute design criterion with paffj ) topology maintenance.

7 criteria[(i;j )= A(S[f (i;j)o)

8 else E. Measurement and Inference

9 /I make the path unselectable

10 criteria[(i;j )] = 1 Once the subset of paths is selected, we propagate the
11 end if lists of destinations to the corresponding end-hosts. Erstish

g ‘Z“gefggt he bath that minimizes the desian criterlon PETOTM LossDelay measurements to all destination specifie
14 p = arg min (f;) criterial( i} )] g in their list. For inference, we gather the measured data fro
15 S=S[f pg each node to a central location and infer the loss and delay
16 C = criteria[ p] values for the other paths from the measured values using the
17 end for NetQuest inference algorithm (refer to [20] for more deatail
18 retumS on the inference algorithm).

Fig. 9. Path selection algorithm with greedy heuristic. . . . .
9 9 9 y F. Discussion: Per-link resource constraints

paper, we focus mainly on the loss rate and latency

run on the machine without violating the resource consilsainfor measuring available bandwidth such as PathChirp can
We then forward this number to a central location for exexyti )\« \me significant portion of a link's bandwidth if sev-

the path selection algorithm. eral measurements occur on the link. In addition to per-
D. Path Selection host resource constraints considered in our algorithm 9, we

an constrain resources at each link with simple extensions

Our path selection algorithm is an extension of NetQuesf’ tead of deri | d-host traints in linef 4
design of experiment phase and it determines the list ﬂsea ot considering only end-host constraints in in€t £ o

destinations for each of the end-hosts. Similar to NetQue ionfthr:n 9, \;ﬁ] canldee(:jm a path to be unselectaﬁled Ifl a:jny
we employ a greedy heuristic but restrict which paths of the path has already many measurements scheduled on

can add to our selected subset of paths based on the resolirc .h|Ie momtormg en(_:l-host résources s easy, momtormg
constraints. per-link free bandwidth is a hard problem. We plan to instead

In Figure 9, we present our path selection algorithm. HefBg®asure capacity of a link ar_ld select a subs_,et of paths .SUCh
Crank corresponds to the criteria value achieved in the origint:;nat we use only a small fraction of the capacity on each link.

NetQuest algorithm after choosing rank number of paths. In
the algorithm,consty denotes the number of measurements
that we can perform at nodeandA is a function that com- We evaluate our approach using simulation experiments
putes the Bayesian design criterion value for a given subsetd via real deployment on PlanetLab. We compare the
of paths. Without resource constraints, the upper boundhen performance of our resource-aware path selection algorith
number of paths can be the rank of the routing matrix becausdginal NetQuest's resource-oblivious scheduling. Thaim
in an ideal world with no measurement error, adding moreetric of comparison is the accuracy of inference using the
measurements does not contribute to inference accuradg wiselected paths. The resource-oblivious algorithm choaset
using up more resources. However, with resource consirairdaf paths equal to the rank of the routing matrix that best
it might be impossible to select the smallest path set thlsatlre represents the topology. But the selection may incur a large
in maximum accuracy gain. Hence, we bound the maximunumber of concurrent measurements on some nodes because
number of active measurements in our algorithm using thieis algorithm does not consider each node’s resource-avalil
NetQuest's Bayesian criteria value for the rank number ability. In our experiments, if the resource-oblivious@ithm
paths denoted a8yank. chooses number of measurements for a node where resource
Similar to NetQuest design of experiment phase, our patbnstraint allows onlyc (< r) paths, then we consider only
selection algorithm requires the topology of the network be best paths of the resource-oblivious algorithm. Note that
tween the end machines. We usedgployment on PlanetLab this leads to fewer measured values for the resource-ohbvi
to perform traceroutes from each node to all other nodes algyorithm to reconstruct the information about other paths
PlanetLab and construct a network topology graph from thatile our resource-aware algorithm leverages the comstrai
data. Note that the topology of the network changes veiyformation to measure more paths and attain better acgurac
slowly with time. Initially, we perform all-pair measurems in inference. We present the results from our experimeoniati
once in a round-robin fashion from each node. Then wie the following two sections.

IV. EVALUATION
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A. Simulation Results 10 g
In the simulation experiments, we use a dataset gathered us- 0 N S
ing S* deployment on PlanetLab where we perform traceroutes 0 10 20 30 40 50 60 70 80 90 100
from each node to all other reachable nodes on PlanetLab. Out Nodes

of all-pair data, we picked 100 nodes spread across the woffi§: 10. Comparison of different path count constraints dh gstributions
- ' - . . in simulation experiments with our resource-aware algorithm.
Since traceroutes provide us the latency information, we us

only latency inference in these experiments.

~ In Figure 10, we compare the distribution of paths selected 012 Mresource Obivious NI
in our path selection algorithm with different resource -con o1 | Resource Aware [
straints (number of measurements that we can run at each '
node). The paths chosen by resource-oblivious algoritten ar 0.08

same as our algorithm with no constraints (shown in the graph  w

as “No const.” curve). We sort the nodes according to the = 006 = =

number of outgoing paths from a node and plot with sorted 0.04 E E

nodes on x-axis in the non-ascending order of the outgoing = =

paths. Note that the resource-oblivious setting has acstati 0.02 = =

selection where it schedules more than 50 measurements on = = =

few nodes not considering the constraints on those machines 0 30 paths 10 paths 5 paths
In Figure 11, we compare the other aspect of path Path count constraints

selection—inference error induced due to various path seleg, 11 comparison of inference error between our resowsere algo-
tions. For each path, we compute the error as the absoltfi@n and resource-oblivious algorithm with different lpatount constraints
difference between measured and the inferred value dividgégmulation experiments.
by the measured value. Then for each experiment, we compute
the average of these errors for all paths and denote it as Meiaat machine to be 0. For these experiments, we experiment
Absolute Error (MAE). As mentioned at the starting of thisvith different resource constraints on CPU: 2%, 1%, 0.5%,
section, for nodes where resource-oblivous chooses mdie pand 0.1% of the available CPU.
than the node can support, we remove the extra paths. Inn Figure 12, we present the constraint on each node (num-
Table I, we present the total number of path measuremepts of outgoing paths) as decided by our resource monitoring
used in each of the algorithms. Observe that for each Cdnstrq.)rocess, actual number of paths as selected by our path
setting, the resource-aware algorithm uses more measntemglection algorithm, and the number of paths chosen by the
data than the resource-oblivious case. For all constraintssource-oblivious algorithm. We sort the nodes in a non-
our resource-aware algorithm achieves better accuraay thgcending order according to the constraints on the nodes.
the resource-oblivious setting as we leverage the knowledQbserve that without information on resource constraints,
of resource constraints to schedule more paths among tigource-oblivious algorithm can schedule a large number
end-hosts. The constraint of 5 paths per node is enoughmeasurements on a loaded machine which is particularly
restrictive that our algorithm also suffers from the ins@@# evident when we impose tighter resource constraints of 0.1%
inaccuracy but still smaller in comparison to the resourcéy (a) and 0.5% in (b). In Figure 13, we plot the inference
oblivious algorithm. accuracy for each resource constraint case comparing tur pa
selection against resource-oblivious setting. By seigatnore
paths that do not violate resource constraints, our reseurc
In these sets of experiments, we use the topology informaware algorithm achieves better accuracy than the resource
tion gathered by the3Sinfrastructure and we actively monitoroblivious algorithm even under heavy constraints.
the CPU load on the machines and perform the path selectionin Figure 14, we focus on one node and present how
on the basis of the remaining CPU. As an initial step, weur system adapts to the monitored load on the system. We
performed the tool CPU requirement characterization faheashow the target CPU as decided according to our resource
machine. We choose the same set of nodes as in the simulationstraints, which is 1% of free CPU in this case. We also
data. When a node is not up, we assume that the free CPUstiow the CPU used by our measurements, and CPU used

B. Real Deployment



(a) Resource constraint of 0.1% of available CPU

(c) Resource constraint of 1.0% of available CPU
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Fig. 12. Path distributions of our resource-aware and meseablivious path selection algorithms for different nesie constraint experiments on PlanetLab.

We also show target paths at each node for each resourceanhsase.
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Fig. 13. Comparison of inference accuracy between resaweee and Fig. 14. Adaptiveness of our resource-aware algorithm wlithnging target

resource-oblivious algorithms in PlanetLab experiments.

CPU on a node in PlanetLab experiment. We also show the CPUreedor

resource-oblivious algorithm’s selected measurements femibde.

by resource-oblivious algorithm based measurements. gfhou
our system is not entirely optimized yet, it can react to the

Changes in the CPU load in few minutes. AISO, remember thatThe scalable inferencing (e'g.' [19]) of network propgtie
we impose a very strict resource constraint of using onlyia still in research stages. The latency metric has received
small fraction of free CPU so that we can easily adapt to afye most attention, followed by the loss metric. IDMaps [12]
large fluctuations in the CPU usage. King [13], and M-coop [18] answer latency estimation querie
Overall, our simulation results show that our algorithm cafor any source and destination nodes by composing other
leverage the knowledge of resource constraints to seldlas paneasured data and they need infrastructure support. Lakdma
that increase the accuracy of the inference results. Oudeea based approaches such as Netvigator [17], Landmark order-
ployment experiments demonstrate that our system can adagt[16], GNP [14], and Lighthouse [15] use landmark nodes
to the changes in the resources available for measurement®r network proximity estimation. Much of the inferencing

V. RELATED WORK



research focus on how to obtain 3] results with only a
linear number of measurements. But we are exploring thﬁ]
similar problem from the perspective of end-node resource
constraints. For example, in landmarks based approachy evé?!
node contacts each landmark node irrespective of the load
the landmark machines. [5]
Available bandwidth inferencing is a much harder problend®!
as the bandwidth is not an additive metric. But recent resear 7
by Hu et al. [21] and Malli et al. [22] present techniques with
promising results. Malli et al. [22] use an approach similaf8]
to landmark based latency inferencing algorithms wheréd eac
end-host performs bandwidth and delay measurements to &
landmark nodes and choose the landmark with the closest
delay to estimate the available bandwidth. Hu et al [21]nclai
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