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Abstract

Network measurement is a vital part of network traffic engineering. In a network, the metric
“capacity  characterizes the maximum throughput the path can provide when there is no traffic
load, or the minimum transmission rate among all links in a path. Pathrate is one of the most
widely used network capacity measurement tools nowadays. It's famous for its accurate
estimation result and non restriction of the temporal network traffic condition. After several
years of development, its performance becomes more stable and reliable. Extant local modes
detection algorithm in pathrate is based on statistic methodology histogram. This paper
suggests a new algorithm for local modes detection based on ASH (Averaged Shifted Histogram).
We have implemented this algorithm and will prove it can accomplish the same task as the
original one with a better result.
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| . Introduction

As one of the greatest inventions by human
beings, Internet has been changing our society with
its magic power since it came out and makes our
works and lives more efficient and convenient. Its
contribution to human society blots out the rays
from any other inventions in the human history.
However, its dramatic developing and expanding
speed goes on at the cost of increasing complicacy.
People begin to pay more attention to the Internets
performance capability while they are enjoying the
services provided by it, such as the network traffic
measurement, model establishment, traffic control,
and so on. Network capability estimation provides
us a way to understand the network behavior. The
purpose is to obtain relevant data of the network
behavior and try to find out the main factors that
affect the network capability. Once we get them, we
can optimize transport performance, overlay network
routing, and peer to peer file distribution (1).

Perhaps the most common complaint from
Internet users is that the response time takes a
long time. When confronting this complaint, we
should find out what indeed lead to the decrease of
network capability, because many factors can result
in this unpleasant performance of network capacity,
such as the speed of reading data on sender host,
the speed of writing data on receiver host, the
bottleneck speed of network path from sender to
receiver, and the utilization of the path, ete. (2).
Sometimes, the hosts may have capable performarice,
and the networks that the two hosts are connected
to may also have sufficient capability, while due to
the limit capacity of the link between sender and
receiver, the whole performance is poor. A sensible
check is required to see where the bottleneck is.
Pathrate and pathload can be used to estimate the
capacity and the available bandwidth of the network
respectively, which are respectively introduced in

(3} and (4].

I1. Pathrate’s Working Discipline

Pathrate was released in April 2001. It is a free
software developed and maintained by Professor
Constantinos Dovrolis of Georgia Institute of
Technology. This is an end to end Internet paths
capacity estimation tool, using UDP packets for
probing and exchanging the control information
through TCP connection. The estimation result can
be obtained by using the technology of packet pair,
packet train, and statistical method histogram.
During the measurement period, several different
statistic estimations are taken. They are distributed
into three main phases.

At the very beginning, pathrate calculates several
kernel data for the whole estimation process, such as
the minimum train spacing, the maximum packet
size, and the maximum train length, etc. In the
first phase, the primary function is to find out the
value of parameter bin width. In histogram, the
same data with different bin widths can result
different visual diagrams, so bin width is a crucial
parameter for the local modes detection algorithm.
Pathrate uses packet trains of increasing length with
minimum spacing interval to do capacity measurements
and calculates bin width based on the difference of
the maximum and minimum measurement result in
this phase.

The second phase uses a large number of packet
pairs with different sizes to uncover all the local
modes. Local modes are the local maxima in the
bandwidth distribution. One of them corresponding
to the capacity of the path is the capacity mode.
Pathrate's purpose is to find it out. Local modes
detection algorithm is used here for the first time.

Phase three uses a large number of packet
trains with maximum train length to estimate
Asymptotic Dispersion Rate (ADR). The local modes
corresponding to the capacity mode and Post
Narrow Capacity Modes become weaker for packet
train dispersion as the number of packets per train



ASHE o] &3 Pathratedl A9 Local Mode 2% ¢zel& 3

increases. When the number becomes sufficiently
large, bandwidth distribution with packet train
becomes unimodal. This unitary mode is called
ADR, which is related to the utilization of all links
in the path. ADR is a useful metric for monitoring
the quality of service that the path offers (5). We
also use the same local modes detection algorithm
to detect it. It is less than the capacity, so we can
use it as a lower bound for the capacity of the
path. We ignore the local modes formed in phase
one, whose values are smaller than it. If there is
more than one mode whose values are larger than
ADR, the one with largest merit will be chosen as
the capacity mode. Merit is calculated by using

following formula:

mode count
total count

merit

IDHCULEINN
g

where x[i] is one of the bandwidth estimations
bell(mode bell
between two bins with local minimum frequency):

in current mode is the range

x is the arithmetic mean of these estimations:

o’ is the population variance of them: mode

count is the number of measurements in current
local mode: total count is the total number of
measurements in the sample. Because all these
works are done by statistical methodology, so we
cant get an accurate numerical value for the
capacity and that's why the final result is printed

in form of range.

I, Histogram

3.1 A brief introduction of histogram

A histogram is a great way to get a visual
image of data, which gives a lot of information
about where the data are clumped, how spread out
the numbers are etc. It is the simplest density

estimator and is one example of a frequency curve,

using tabulation of data in bins. Given a sample
interval(a, b), the
histogram is constructed over a partition {ti} of (a,

x1,x2,-++xn contained in

b) into M intervals, Bi=[ti—1’ti), such that
a=t0(t1-(tM=b. Bi

numerical range we are going to group the data
into. The bin width of Bi is denoted by hi= ti-ti

is a bin, which is a

1. and bin count is denoted by wvi, so that
M
V.=n
i=1 1 .
Choosing an appropriate bin width is very

important in histogram. It's a basic issue with a
long history in density estimation. Although this
problem is still unresolved, there have been some
guidelines and we will adopt one in the following
discussion. If the bin width is large, we can get
few bins and the density diagram looks rough,
which means little distribution information can be
gotten from this histogram. On the other hand, if
bin width is too small, a large number of bins
make the diagram noisy and time consumption to
get the distribution. In (6], Professor Stocc brought
forward an formula to get an approximate optimal
bin width,

where n is the size of the sample and S is the
sample standard deviation of the exploratory data,

In (O3,
formula as following:

Freedman and Diaconis suggested a

2xIOR
S .

h=

IQR here indicates the inter quartile range of
the sample data, which can be gotten in following
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steps: rearrange the given sample in increasing

order Xp Xp...... X» . assume that:
n=l_
4 - e (5)
AT
IQR, = x;,, % 4 T Xjip X R (6)

TOR=TIQR, —IQR, ...ccoooovroeeeeseeeee ®.

And Wand provides a modification to satisfy an
asymptotic optimality condition in (8]. The formula
is given by:

. IR

where 6 =min(S,1.349). This expression for h
is based on normal scale bin width selection. The
(c=1.349) is
guarantee that IQR/c is an asymptotically unbiased

normalizing constant used to
estimator of & whenever the underlying data are

normally distributed, i.e,

E(LQEJ -5
1.349

The practical importance of this method is that
these data determine the width of the bin using
traditional measures of scatter and the sample
size, not based on heuristic experience anymore.

3.2 An improvement of histogram - ASH
In histogram, bin origin is another design

parameter which can cause a great impact in

vision. That means besides bin width, different
choice of bin location t0 can also give out different
histograms. Averaged shifted histogram (ASH) is
impact of the
smooth the
histogram and reduce the bias. ASH calculates m

brought forward to reduce the

uncertainty of choosing an origin,

histograms with the same bin width h, shifts them
Jh

by i, to the right and takes an average to reduce

the bias. Therefore the

B, =ty +(i-Dh, t,+ih) g

original bin

changed into

it sio14L vl
Bﬁ—{tﬁ(z 1+m)h, t°+(1+m)h)je{l,...,m—l}‘

and Bi=Bi. We have to notice that ASH is not
simply an ordinary histogram with a smaller bin
width. In principle, we take two steps to get an
ASH: form several histograms with equal bin width
but different bin locations, and average these

shifted histograms (9] by the formula:
. 17t .
Sasu (x)= —Zf:h (x)
=)

Although ASH becomes much smoother than

ordinary histograms, it still depends on the

selection of bin width.

IV. Comparison Between Original And
Proposed Algorithms

4.1 Basic idea and flaws in original algorithm

Histogram is applied to the original local modes
detection algorithm. It is iterative, because one
execution of the algorithm can only get one mode
value. Its main steps are shown in Figure 1.
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Step 1: check whetherall the data are marked; if theyare, the algarithm is finished;
Step 2: from the stailest unnarked value, pastition the remainder data into several
bins with width of hin_wd, find the bin with the largest frequency, i.e. local mode;
Stepr 3: current hin points to the largest frequency bin, search the left part of this bin:
if the lefl bin hasless measurements than the current one’s

it belongs 1o the current mode bell, current bin =the left bin,
else

it belangs to anather newmaode bell, treak,
Step 4: search the right pant of the largest frequency bin in the same way,
Step &: mark all the data unavailable in this mode bell; retum locat mode’s value.

32 1 : 2le| local mode HE RS
Figure 1: Original local modes detection algorithm

As we have seen, the idea is simple. When
looking into the codes of pathrate, we could find
there are two hidden flaws existing in it. The first
one is about the ascertainment of local modes. In
the algorithm, the process of searching local modes
is simply based on histogram. As we mentioned
above, different histograms can be generated if we
choose different origins, even the shift is very
small. So data with bias existing in certain bins
may have a great effect on the local modes
detection. That's why ASH is chosen instead of
histogram to detect the local modes. Figure 2
illustrates how the local modes change with a
glight shift of origin. We use frequency polygons
instead of histogram in order to get a better visual
observation.

frequency

100

Data value

8] 2 : ¢ o|S2Z It slARTMe| st
Figure 2: Same data generate different histograms with
shifted origins

The second flaw is about the boundary bin. In
the programming codes, averaged shifted principle
has been used for the detection of mode bell's
boundaries, but the shift is based on data in the
exploratory sample rather than on bins. On one
side, this kind of calculation is a little nuisance:

on the other side, the shift only works on one
mode bell but not on the overall distribution. That
indicates the mode bell who is detected earlier
than the others has the priority to occupy the
boundary bins which should be shared with its
neighbor mode bells. The unfairness is especially
obvious when its neighbor mode bell has nearly the
same size as its. This effect can be found in merit
calculation which we mentioned in formula (1).
Figure 3 can illustrate this problem. According to
this algorithm, there are 3 mode bells: mode bell
1, (x3, x5); mode bell 2, (x2, x3); mode bell 3,
(x1, x2). The range (x3. x4) belongs to mode bell
1. Is it fair to mode bell 27

Frequency

T3 3 g9 (x3, x4)2 mode bell 1of &3ict,
mode bell 20i tholl B2 Mel=D Y71
Figure 3: The range (x3, x4) belongs to mode bell 1. Is it
fair to mode bell 2?7

4.2 implementation of the new algorithm

We propose a new algorithm based on ASH for local
modes detection. We take all the measurement
results in consideration and choose the bin width
based formula (9). Although there are two complex
parameters in comparison in the formula, the pathrate
programming codes have already rearranged the
measurements data in increasing order and calculated
the standard deviation of these data before calling
the local modes detection algorithm, so what we
have to do is just quoting the parameters we need
rather than doing the calculation over again. It's
suggested parameter m should be no more than
10: if larger than 10, the process of calculation
becomes complexly, but it makes little sense on

smoothing of the histogram. Here m is chosen as
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5. Because in the reality, the measurement results
for our estimation didn't cover a large interval and
the sample size is very large., 5 is enough. After
the execution of this algorithm, all the existing
mode bells of their

bandwidth. We release the basic idea of the new

are returned in order

algorithm as follows:

Step 1: distribute two struct arrays bine and modes to record the frequency and
‘bowndaries of each bin and mode bell; at first, choose 0 as the histogram origin,
Step 2: partition the increasing ordered bandwi dth estimation results into several bins
with width of bin_wd.
Step 3: if bins partition tas been done for 5 times

go to step 4,

else

shift the bin origin to the right slighily, go to step 2;
Step 4: get the h of these 5 hi . if two adjoining ged
bins have the same frequency, theyare combined into one bing,

Step §: do comparison on all the bins’ frequencies to find out the local minimmm and
3 value. Bandwidth estimation results corresponding to the local miri
values are the mode bell’s boundaries and the maximum value is the number of

measurements in local mode.

O3 4 1 M22 local mode HE ¥32IE
Figure 4: New local modes detection algorithm

In the new algorithm, an averaged histogram is
generated based on 5 initial histograms with the
same measurement data and bin width but shifted
origins. Histogram curve becomes smoother and more
apparent with this method, so the first problem is
mended. When averaged histogram is created, the
that have the
frequency are combined into one. When the mode
bells are created, the boundary bin of two adjoined
mode bells is shared by each other instead of

adjoined averaged bins same

belonging to the “stronger’ one. These two disciplines
make the local modes detection fair to every mode bell,
so the second problem is improved. How the proposed
algorithm works will be shown in the next section.

4.3 The application of the new algorithm and the

testing

To test the new algorithm, we enlarge the
sample’s interval against the reality. The sample
data are randomly generated varying from 1 to
100. In the first place, let's have a look at how
the bin width affects the local modes distribution.
The following Figure 5 to Figure 8 show different
histograms with different bin widths. h' is the

result of formula (4) and h is the result of formula
(9). We didn't take formula (2) into account,
because formula (2) and formula (9) have the
same result in this execution.

40
a0
20 [

0
0

7.1 14.221.3 28.4 35.5 42.6 49.7 66.8 63.9 71 T78.185.2 923 99.4 100

38 5: bw = h' Al9| slagn2d
Figure 5: Histogram with bw = K’

72 86.5 * 100

I8 6: bw = h/2 Ale] slAET
Figure 6: Histogram with bw = h/2

7:214.421.623.8 36 43.250.457.664.8 72 79.386.5 33.7 100
38 7: bw = h Aje] S|IAETY
Figure 7: Histogram with bw = h

T8 8 bw = 2h Ale| s|AETY
Figure 8: Histogram with bw = 2h
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As what the figures show, different bin widths
lead to different mode bell distributions. Bin width
in Figure 6 is so large that the histogram curve is
very rough. We hardly tell where the local mode is. Bin
width in Figure 8 is very small, but its distribution
is nearly the same as Figure 5 and Figure 6.
More complex calculation makes little sense. Figure
5 has one more bin than Figure 7, but in the mass
their distributions are analogical to each other. So
bin width gotten from formula (9) is neither too small
nor too large. Using it can get a clear data distribution
curve with appropriate calculation complexity.

From Figure 9 to Figureld, we can see the
impact of choosing different histogram origins and
how the averaged histogram is generated.

Histogram 1
50
45
@
35
30
25

20 ] y
15 ]

10 ]

o

7.2 14.421.628.8 5 d3.250.45T.664.8 72 79.586.595.7 100

a8 9: A 4 ZiEste slAET
Figure 9: Histogram for the first detection
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7.2 14.421.628.2 36 43.250.457.664.8 72 79.386.593.7 100

710 F o) ASste s|AETY
Figure 10: Histogram for the second detection
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T3 11 A e AESH SIAE T
Figure 11: Histogram for the third detection

w

50 Histogram 4

10
5

7.2 14.421.628.8 36 43.250.457.664.8 72 78.386.595.7 100

7 12: o] i HESle slAET
Figure 12: Histogram for the forth detection

50 Histogram 5

10 ]
5
o LI I

7.2 14.421.628.8 36 43.250.457.664.8 72 79.366.593.7 100

8] 13: i B ZEste SlAETH
Figure 13: Histogram for the fifth detection

Above six figures illustrate an execution result
of the proposed algorithm. Bin width applied to
this execution is 7.3501, and the shift parameter
is 0.2. From these figures, we could find that the
three local modes and mode bells become more
obvious in the averaged shifted histogram. So the
proposed algorithm can work well.

V. Conclusion

This paper introduces a new local modes
detection algorithm based on ASH, which is
applied to pathrate. There are two vital
parameters that can influence the distribution of
the data in histogram. One is bin width and the
other is origin. We firstly show the impact of
choosing an appropriate bin width, then focus on
The

histograms with

new algorithm generates several
shifted

average of them. In this way, local modes could

origin.
origins and gets an
become more obvious and precise. New algorithm
also pays attention to the mode bell boundary
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ascription. It makes the boundary bin of two
contiguous mode bells to be shared by each other
to solve the problem of boundary bin preemption.
The resulting figures prove that the new algorithm
can accomplish the same task as the original one
with a more exact result.
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