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Abstract—Inter-domain Traffic Engineering (TE) in
a multi-connected network faces a scalability challenge
as the the size of global routing table (RIB) continue
to grow at high pace. However, some routes/prefixes
are responsible for much more traffic than others,
which is known as the highly uneven internet traffic
distribution. Therefore, a natural consequence is to
perform TE only for those prefixes that matter most.

However, traffic volume associated to a prefix can
vary greatly over time. And, to our knowledge, we
have little knowledge on the dynamism of traffic across
BGP (Broad Gateway Protocol) prefixes. Moreover,
predicting which prefixes will be the most significant
is a complex issue, since sophisticated methods for
predicting volume for each single prefix won’t scale in
this context.

In this paper, we show the relationships among
prefix volume importance, stability and predictability
based on recent real traffic traces from 9 networks of
diverse profiles. With these observations, we propose
three simple and resource-efficient metrics to select the
forseeable prefixes of important volume. The proposed
metrics yielded both satisfying volume coverage and
pretty low prefix churn.Finally, once the prefixes are
selected, the best route must be selected. Our mea-
surements show that the performance in terms of RTT
could differ a lot among different transit providers,
which calls for fine-grained dynamic route selection
mechanism. The route selection algorithm simulated in
the work outperformed the best available transit by 20%
on certain networks.

I. INTRODUCTION

Bringing enhanced connection reliability, reduced cost
and improved transmission performance, multihoming has
been long time practiced by large networks, such as enter-
prise networks, ISPs, Content Delivery Networks (CDN),
etc. Smaller networks like residence networks and SOHO
(Small Office Home Office) networks, though not allocated
an ASN (Autonomous System Number), begin as well to
use multiple WAN connections with the fall of Internet
access price and growth in set-top box technology. In both
cases, the local network is exposed with several next-hops
in reaching a certain distant destination. Thus, one has to
decide for each destination which next-hop to use so that
transmission performance optimized and cost saved.
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One major challenge in making Traffic Engineering (TE)
decisions described above is to cope with the rapidly
growing Internet routing table (RIB) [1]. To alleviate the
burden caused by this RIB growth, forwarding table (FIB)
caching, i.e. selectively install a smaller part of RIB on
FIB, has been studied [2]-|7]. Same as the forwarding
plane, TE is exposed as well to this continuous growth.
Moreover, TE is associated with more complicated and
resource consuming operations, such as performance mon-
itoring, billing, route calculation, etc. Therefore, TE in
the default-free routing zone faces as much scalability
challenges vis-a-vis RIB size, which lacks the amount of
attention that it deserves.
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Fig. 1: Scalable TE with prefix selection, where path
performance measurement and route decision are only
conducted for selected remote prefixes with important
traffic volume.

In this work, we propose improving the scalability of
fine-grained inter-domain TE in the context of BGP, by
concentrating on the most important BGP prefixes. This



is achieved by predicting which prefixes will correspond to
the most important traffic volumes in the near future.

Fig. [1] gives a global picture of the different tasks
involved in Traffic Engineering optimization of a multi-
homed site. Traffic volume for each prefix is obtained from
measurements at the border routers. The prefix selection
is then performed based on these past measures. Finally,
TE operations are only conducted for these significant
prefixes, for the sake of scalability: first some paths char-
acteristics (for each available path towards a given prefix)
are obtained; then the best path is selected and enforced
by means of configuration of the border routers.

The justification for this idea is based on the well
known fact that the distribution of Internet traffic is highly
skewed on multiple traffic aggregation levels and over mul-
tiple time spans [6], [8]-[10]. Yet, there are still challenges
in fulfilling the goal. First to come is the scalability issue. A
natural approach to predict prefixes with important traffic
volume is to anticipate the traffic volume variation of each
individual prefix, and then select top ranking ones accord-
ing to the prediction values. Well established Time Series
Forecasting (TSF) models and artificial neural networks
(ANN) have been used previously in traffic prediction [10]—
[12].

They all targeted on highly aggregated inter-PoP (Point
of Presence) traffic for off-line tasks, such as dimensioning
and long term MPLS-TE. These models are not only
computationally heavy but also require pre-treatment and
tuning to fit well to each individual trace, which makes
them less applicable in the context of inter-domain TE,
where more than 10° prefixes exist. Therefore, less com-
plex prediction methods that work sufficiently well are
needed. Second, the dynamism of traffic variation makes
prediction difficult. It has been shown by Walleriche et
al. |13] that the bandwidth ranking of a 5-tuple flow
can change drastically from one moment to another. This
indicates that the ensemble of flows that bring important
traffic volume could be very different at different times.
When it comes to traffic on BGP prefixes, no study, to our
best knowledge, has so far given an in-depth investigation
concerning its volume evolution in time.

The contribution of our work in addressing the chal-
lenges of predictive prefix selection lies in:

o We studied working traffic traces from networks of
diverse profiles: ISP, content provider (CP) and host-
ing provider (HP). These networks locates in different
countries of the world: USA, UK, Germany, Poland,
Spain and France.

o A through investigation on the Internet traffic dy-
namism across BGP prefixes was conducted on these
traffic traces which demonstrate different dynamism
characters.

o Three scalable prediction metrics were designed based
on the findings concerning traffic dynamism. These
metrics are evaluated and compared to methods
previously used in predictive FIB caching. The re-

sults show that methods proposed in our work out-
performed previous models in both performance and
scalability aspects.

e The performance of transit providers of each net-
work is evaluated by probing selected prefix, which
shows first there could be big difference among transit
providers, and second, as a consequence, the potential
gain of inter-domain TE is considerable.

The rest of the article is organized as follows: in §[I]
an in-depth study on the dynamism of traffic over BGP
prefixes is given, based on which, three selection metrics
are proposed and evaluated in § [[IT} § [[V] evaluates the
performance of different transit providers perceived by pre-
fixes predictively selected; § [V] simulates the performance
gain of a dynamic route selection algorithm based on
RTT (Round-Trip Time) measurements toward selected
prefixes; § [VI] concludes our results while comparing it to
previous works; finally, we highlight the future directions

in § [VI]

II. CHARACTERS OF INTERNET TRAFFIC OVER BGP

PREFIXES
A. Data set
Name Type Hour volume (GB) Sampling rate
SA CP 133.49 1:1024
SB ISP 528.43 1:512
SC HP 6.63 ?
SD HP 1128.96 1:4096
SE CP 1871.25 1:8192
SF CP 5.09 1:512
SG ISP 0.18 1:1
SH CP 29.94 1:128
SI HP 6.21 1:1024

TABLE I: Network profiles. Average hour volume over the
week from June 1st, 2015 is given alongside with traffic
sampling rate.

We base our study on working traffic traces collected
from 9 networks of very different profiles listed in Table I}
Traffic trace from each network covers a time span of two
entire weeks, from May 25th, 2015 to June 8th, 2015,
except for SB and SD, the traces of which only cover the
second week starting from June 1st, 2015. These traces
were sampled from real traffic, same practice as in previous
works on FIB caching [4], [5]. It has been shown that bias
introduced by sampling is negligible in this kind of use
cases.

We obtained the out-bound traffic volume count over
real BGP prefixes by mapping the sampled traffic to the
longest prefix in BGP FIB of the corresponding network.
Therefore, BGP prefix volume in our work actually indi-
cates the traffic volume associated to a certain BGP route
in use. For example, we have following routes/prefixes and
volume counts:

¢ 10.0.0.0/24, 10GB,
¢ 10.2.0.0/16, 5GB,
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Fig. 2: Traffic distribution among BGP prefixes.

¢ 10.0.0.0/12, 3GB,
« 0.0.0.0/0, 0.5GB,

where the prefixes are overlapped, which is likely the
case in real BGP FIB. IPs in 10.0.0.0/24 are respon-
sible for 10GB of traffic. 5GB traffic is sent to IPs in
10.2.0.0/16 but outside the 10.0.0.0/24. The same is
with 0.0.0.0/0, which doesn’t mean the entire Internet
traffic but rather the traffic forwarded by default route.
Bigger the volume associated to a prefix (route entry),
more important it is, and hence worthy of attention to
traffic engineer the next-hop for this prefix (route entry).

Further, traffic volume count for each prefixes is ac-
cumulated over 1 hour period. In comparison, previous
studies concerning FIB caching [5], [6] group volume count
over much shorter time bins, from 1 second to 10 minutes,
to capture instant changes of traffic variation. In our
case, we argue that 1 hour is an appropriate update
interval for performance monitoring system to keep long
term evolution records and to avoid unnecessarily frequent
route changes which might lead to packet reordering and
even route convergence issues in inter-domain routing with

BGP.

B. Traffic distribution over BGP prefizes

Basing on the Zipf property of Internet traffic, we are
able to control a majority of traffic by leveraging a small
number of BGP prefixes. We examine in this section that
our traffic traces demonstrate this property of concentra-
tion at different time scales.

Fig. 22 plots the cumulative week volume fraction over
the week starting from June 1st. Except for SB, SD and
SE, top 1000 prefixes cover more than 80% of week total
traffic. Fig.|2b|shows the traffic volume fraction associated
to each BGP prefix over the same week. Prefixes are
decreasingly sorted along the X-axis according to their
cumulative volume fraction over the week. We observe
that the week volume share of BGP prefixes on these
networks can be approximately described by a reference

Zipf’s distribution with N = 10°,s = 1 (dashed line)}
Fig. compares the traffic distribution over different
time periods for SA. The week line corresponds to the
same week in two previous sub-figures. On top of that,
traffic distributions over the entire day of June 3rd, that
over one hour starting from 2AM (non-peak hour) and
10AM (peak hour) of the same day are also given. All
these graphs confirm, as expected, that Internet traffic
are highly concentrated on a few prefixes over multiple
different periods of time, even after years’ of rapid RIB
increase. Furthermore, Fig. demonstrates as well that
the level of traffic concentration over BGP prefixes is not
stable but rather varies within a day, which leads to the
study in the following section on traffic dynamism.

C. Dynamism of traffic over BGP prefizes

In this section, we investigate the dynamism of traffic
over BGP prefixes from two perspectives: volume variation
and presence in core of each single prefix. These two
aspects are first studied at week scale and then at hour
scale. The terms used are defined and discussed here
below.

As mentioned in §[[TI-A] we collected traffic traces during
two weeks and group volume count over 1 hour time bins.
We use the later part of the traces, i.e. the week from June
1st, in the study on traffic dynamism. For each prefix P
ever active during the week, it has a time series, v(P), of
168 in length that stores its traffic volume each hour. We
define the Coefficient of Variation (¢,) of prefix P’s hour
volume series over the week as:

_ S0P
)= L)y W

where § calculates the standard deviation of the hour
volume series; p gives the mean hour volume over the week.
¢, 18 a measure of hour volume variation in relation to its

1Zipf’s law defines that the k*® most popular element among total
1/k°
N

anl 1/ns ’

N elements has an occurrence share of f(k,s, N) =



mean hour value over the weekﬂ Bigger hour volume ¢,
a prefix has, in a larger range its hour volumes oscillate
around its mean hour volume over the week, and conse-
quently more difficult to anticipate .
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Fig. 3: Relation between ¢, of hour volume and week
volume fraction of BGP prefixes. Prefixes are grouped
by their week volume percentage. Six bins are plotted in
the graph from [1074,1073) to [10, 100). For each bin, its
range, 25", 75" percentile, median and mean values are
given. Mean of each bin is marked with thick rod and
chained with each other with solid line.

Fig. [3| plots the ¢, of hour volume series of a prefix
(Y-axis) against its accumulated volume fraction over the
week (X-axis). We observe, for all the networks except SG
and SE, that hour volume ¢, of prefixes that contribute a
bigger amount of traffic over the week tend to be constraint
in a narrower range around a smaller mean value than
those prefixes of less week volume. This indicates that
prefixes with important volume over the week, in most
cases, have relatively less variant hour volumes. Due this
smooth variation, we can capture a large part of these
prefixes using its mean hour volume, and consequently
cover a big part of overall traffic.

Next, we describe traffic dynamism from another per-
spective: core. We define core as a prefix set containing
least prefixes that represent 95% of total traffic each hour,
i.e. top ranking prefixes by their hour volume. Table [I]
lists the average number of prefixes included in the core
and its percentage with regard to the average number of
active prefixes each hour.

If a prefix is inside the core at a certain hour, it can be
regarded important for bringing a big amount of traffic.
We formulate this core presence for prefix P as:

cp(P)i = {

where core; is the core prefix set at hour i. ¢p(P) is a
time series of 168 in length, with which we can further

1 when P € core;,

2
0 when P ¢ core;, @

2The maximum ¢, for a hour volume series of 168 in length is /167,
corresponding to the case where the prefix in question is active during
only one single hour throughout the entire week.

Name Avg. prefix # Avg. prefix % Max prefix #

SA 629 17.87 1051
SB 5264 9.45 13934
SC 73 4.59 177

SD 2481 17.35 3757
SE 15501 53.61 20900
SF 377 30.73 772

SG 570 7.76 1766
SH 965 19.42 1731
ST 175 21.00 415

TABLE II: Average number of prefixes within core each
hour, its percentage in relation to average active prefixes
each hour and maximum core size over the week from June

1st, 2015.

describe the frequency or likelihood of prefix being present
in core over the week, i.e. core presence intensity, denoted
at I, (P, 168):

168

Z cp(P);

I, (P168) = =1
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Fig. 4: Relation between I., over the week and week
volume fraction of BGP prefixes. Prefixes are grouped
by their week volume percentage. Six bins are plotted in
the graph from [1074,1073) to [10, 100). For each bin, its
range, 25", 75" percentile, median and mean values are
given. Mean of each bin is marked with thick rod and
chained with each other with solid line.

Fig. {4 plots the I, over one week of each prefix (Y-
axis) against its week volume share (X-axis). For all the
networks, we can conclude that prefixes with bigger week
volume are less likely to have a low I, over the week, thus
frequently appear in core. This implies that by focusing on
prefixes intensely appear in the core prefix set, we will be
able to capture a large part of these prefixes associated
with important traffic volume over the week, and thus
cover a large part of overall traffic.

Further, we study the correlation between c¢, of hour
volume throughout the week and I, over the same period
by plotting them together in Fig. where each circle
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represents a prefix and its radius is proportional to the
prefix’s week volume share. Most visibly big circles con-
centrate in the lower right corner of each sub-graph, which
corresponds to the findings made previously. However,
exceptions there are, especially on SC, SF, SG and SI. We
notice circles of big sizes having low I, and relatively high
¢, These prefixes bring bursty traffic of significant volume
share within a short duration, which makes predictive
prefix selection difficult. Finally, it’s not a surprise to see
that the ¢, of prefixes with big week volume is, to a
certain extent, inversely correlated to their I.,. That is,
less variation in hour volume, more often a prefix stays in
core, if the prefix brings sufficiently large amount of traffic
over the week.

The above analysis at week scale concludes that most
prefixes associated with a big volume over a long term tend
to be stable in hour volume variation and present often
in core, though a few exceptions exist. Next, we explore
these two measures at hour resolution by visualizing them
in Fig. [f] where each column corresponds to top prefixes
ranked by their hour volume with big prefixes at the top
and small ones at the bottom. For each prefixes we use
grey scale to represent its c, or I., value of the week. Red
line in each sub-figure, indicates the number of prefixes
composing core each hour. Only graphs for SA are shown
for the patterns demonstrated are most informative and
less noisy due to less bursty traffic.

With regard to ¢,, area above the red line, i.e. core,
has observably lighter tone in color than the lower part.
This implies that each hour, prefixes in the core have
more stable hour volume over a long term, i.e. closer to
its mean value, than those outsiders with little volume
significance. Plus, it demonstrates as well a time-of-day
pattern. During late night and early morning, prefixes
in the core have deeper color, thus more volatile, than
those in the day time, which indicates that important
prefixes composition are not quite the same over these
two periods. However, the above two phenomenon are
sometimes difficult to be perceived on other networks with
more bursty traffic. Still, the tone for core prefix is not
visibly lighter nor deeper on these networks. It means that
the prefixes bringing important volume each hour is not
significantly more stable in volume than the rest. Since
the volume associated to these prefix are big, we should
all the same be able to pick them out using their mean
value. The lack of clear diurnal pattern is possibly related
to their business types and client populations they serve,
which is out of the scope of this work.

When it comes to I, it is true for all networks that
top ranked prefixes each hour are more likely to frequently
appear in the core prefix set, which leads to deeper color
at the top. Time-of-day pattern can also be clearly seen. It
confirms again that prefixes active over night are different
from those during day time. Each hour, core prefixes en-
closed by red line have in general more intense presence in
the core than the outsiders. However, still we can witness

light spots each hour in the upper part of the graph, which
corresponds to bursty traffic. Further, the color difference
across the red line is not obvious. This indicates I, alone is
not informative enough to tell whether a prefix brings a big
amount of traffic at a certain hour, though for long term
it demonstrate strong correlation with volume importance
as seen in Fig. [

D. Quantitative index of traffic burstiness

In this section, we quantify the overall traffic burstiness
of a network. Throughout the above analyses, we had the
impression that some networks, most obviously SC, SF,
SG and SI, carry more bursty traffic than the others. It is
mainly because, in Fig. |5| we observe big prefixes (circles)
with low I, on these networks. In order to be more exact
on this notion of traffic burstiness than measurements
done with eyes, we define the the burstiness index g of
prefix P at a certain hour 7 of the week under investigation
as:

B(P); = {—log(lcp(P)) x vp(P); if I,(P) >0

0 if I.,(P) = 0 @

where vp(P); is the hour volume percentage of prefix P at
hour ¢. The logarithmic term E| derived from I, aims at
amplifying the volume contribution from prefixes with rare
core presence, thus bursty, and attenuating the influence of
prefixes being intensively in the core, thus easy to catch. If
the I, of a prefix equals to zero, it means that the prefix
never appeared in the core over the week, hence of few
importance. Bigger the [ is, larger the impact brought by
the bursty traffic of a prefix at that moment, as it is hard
to anticipate and possibly with big volume share. In order
to estimate the overall impact brought by bursty traffic at
hour 4, we sum up the 8(P); for each P inside the core of
that hour, denoted as BI;, more formally:

Bl;= Y B(P). (5)

Pecore;

For all the networks, we estimate their traffic burstiness
with the mean and maximum value of BI series over the
week in Table [Tl The maximum S of all time is also
given. Mean BI over the week measures the overall impact
brought by bursty traffic, while maximum BI describes the
degree of burstiness in worst cases. In correspondence to
the observation made from Fig. [5] there are big prefixes
with fairly low I, on SC, SF, SG and SI, whence the much
bigger maximum /3 value. What is less evident in Fig. [f] is
that SD suffers actually a lot from bursty traffic, even more
than SC in general. For the rest networks, i.e. SA, SB, SE
and SH, their mean BT over the week is around 30 or lower.
Their corresponding sub-graphs in Fig. [l manifest as well
much less big circles on the left side where I, is low. More
specifically SB suffers more from bursty traffic than SA,

3Logarithm function is used in the cost function of logistic regres-
sion to scale (magnify and compress) the estimation error in (0,1).
We find it a good fit for scaling I.p as well.
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Network Mean BI Max BI Max 8
SA 14.61 37.79 7.44
SB 31.09 46.85 4.08
SC 40.57 145.07 145.05
SD 42.14 69.34 18.10
SE 20.91 44.30 20.17
SF 44.10 98.69 78.77
SG 51.21 125.41 102.05
SH 15.91 35.06 16.29
SI 38.59 85.47 56.56

TABLE III: Traffic burstiness.

therefore bigger value in both maximum and mean BT over
the week, which is as well not easy to tell directly from
Fig. [Bl Still, the maximum 3 on SA is larger than that
of SB, which is due to the fact that traffic on SB is more
evenly distributed among active prefixes (see Fig. [2)), and
the faction of traffic associated to each prefix is generally
smaller.

E. Indications for predictive prefix selection

Over period of one week, we have demonstrated the
relationship among week volume share of a prefix, its ¢,
of hour volume series and I, of the week. We found that
bigger volume a prefix brings over a long term, more likely
it has little variation at hour scale and frequently present
in core set. This suggests if we use mean hour volume, or
core presence intensity as an indirect measure for prefix
volume importance, we will be able to capture a big part

of overall traffic.

More details are revealed, when we look at hour scale.
Fig. [f] confirms that the ¢, of top ranking prefixes each
hour is not obviously worse than those outside the core
prefix set. This implies using mean hour volume, we will
be able to capture a big part of them at hour scale. As for
1.p, we argued that it might be not informative enough to
indicate the hour volume importance, for bursty prefixes
bringing large amount of traffic can have fairly low core
presence intensity.

Nonetheless, I., conveys important information con-
cerning traffic burstiness, which is crucial to prefix selec-
tion. Intuitively, if a network have more bursty traffic in
general, it will be hard to achieve a satisfying overall traffic
volume coverage by selected prefixes. If a network suffers
at certain moments big amounts of bursty traffic, or there
are several prefixes being extremely bursty, the minimum
traffic fraction covered by predictively selected prefixes is
endangered.

We make use of the above discoveries in the following
section to predict prefixes of important volume in a scal-
able manner and verify if these conclusions hold true.

III. PREDICTIVE PREFIX SELECTION

Based on the findings in previous sections, we propose
using following metrics as indirection measures of the
volume importance for the next hour i+1 (supposing that
we are now at hour ¢). The calculation of each metrics is
based on the hour volume records of last L hours.



Mean Volume

> w(P);

j=i—L+1
L
With this metric, we predict that at hour ¢ 4 1,
the volume importance of prefix P is indicated
by it’s mean hour volume over last L hours. It is
based on the observation from Fig. 3] and Fig. [6]
that top ranking prefixes over the week tend
to have smaller hourly volume variation around
their mean volume and prefixes top ranked each
hour have no worse volume stability compared to
the less significant ones.

Core presence Intensity

MV(P,L)i11 =

> n(P);

j=i—L+1
T : (7)
Metric I., predicts prefixes basing on the core
presence intensity over last L hours. It derives
from the observation made from Fig.[4] that high
ranked prefixes by their week volume are more
likely to have intense core presence.

Core Volume

ICP(P7 L)i+1 =

> (P); xv(P);
j=i—L+1 . C(®)

CV is a marriage between MV and I.,. CV
has the potential to be more resource economic
compared to MV, as it is only calculated for
prefixes ever appeared in core over last L hours,
while MV is for all active prefixes. Depending on
networks, core size is in average only 5% to 50%
of all active prefixes.

CV(P,L)it1 =

In previous work by Zhange et al. [5] on FIB caching,
a grey differential model GM(1,1) is employed to pre-
dictvely select BGP prefixes with big packet counts at
5 minute interval using historical records of last 50 min-
utes. We implemented the GM(1,1) as well in our work
to compare here above proposed metrics to it. A brief
introduction to this model and how we apply it in our
context is given below. Mathematical details of this model
can be find in the work by Deng [15].
GM (1,1) predicts the cumulative hour volume v! in-
stead of hour volume directly:
3
Ul(Pv L), = Z 'U(P)jv 9)

j=i—L+1

where v!(P, L); is the cumulative hour volume of prefix
P over last L hours at hour i. The purpose is to derive
v(P)it1, i.e. the volume in the following hour, from esti-
mations of cumulative volumes of hour ¢ + 1 and i:

B(P)ip1 = 0 (P, L)ipq — 0" (P, L);, (10)
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Fig. 9: The relationship between burstiness index BI and
traffic volume coverage of selected prefix using C'V metric.

where © and o' are all estimation values given by the
model. GM (1, 1) predicts that the cumulative hour volume
at hour ¢ + 1 equals:

b b

(P, L)iy1 = (0(P)i—p41 — a)efaL +o (11)

where a and b are parameters that can be estimated with
least square method (symbol with hat are all estimations).

a= m = (B'B) 'BTY, (12)

b
where
—0.5(wY (P, L)i—f42+ v (P, L)i—r+1) 1
B— —0.5(v"(P,L)i—p+3 + v (P,L)i—p42) 1 . (13)
—0.5(w! (P, L); + v (P, L);_1) 1
V(P)i-rLt2
Y = V(P)i-L+3 (14)

We can see that for each single prefix, two parameters
are to be estimated, a and b, at each hour based on a
new volume series that slides over time. Computationally,
estimation with GM (1,1) is much heavier than the three
metrics proposed above, the calculation of which is iden-
tically to all prefixes without parameters to be customize.

We evaluate the performance of these four methods
from two aspects: the hour volume coverage by selected
prefixes set and the prefix churn of selected prefix set
at each hour. More prefixes we select for the next hour,
higher the volume coverage will be. However, a selection
set of arbitrary big size is meaningless as it invalidates
the purpose of making TE operation scalable and may as
well conflict with engineering constraints in deployment.
In this work, we set the selection set size to the maximum
core size over the week, so as to be reasonable in relation
to the smallest number of prefixes needed to cover 95% of
total traffic each hour.

Fig. [7] illustrates the hour volume coverage by the four
methods in form of boxplot, where the whiskers represent
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Network L | Mean Cvg. Min Cvg. | Mean Churn Max Churn

SA 24 93.73 85.32 32.23 148
SB 24 88.02 79.82 873.11 4026
SC 168 88.73 61.11 2.84 10

SD 168 83.22 69.23 107.06 1642
SE 24 90.51 78.85 613.72 1664
SF 24 81.33 51.94 49.52 134
SG 168 86.44 52.60 17.24 48

SH 24 92.04 81.21 102.60 364
SI 24 87.71 66.75 28.01 90

TABLE IV: Hour volume coverage in percentage and hour prefix churn of selection set using core volume metric C'V

with record length L yielding the highest mean coverage.

maximum and minimum value over the week; upper and
lower edge of the box indicate the 25" and 75" percentile
values; thin bar at the middle of the box marks medium
value; and thick rod locates the mean. Results with differ-
ent historical records length L are as well shown.

Among proposed metrics, we find that the CV is very
close to MV in terms of volume coverage, proving that
it is a good approximation of the later while being more
scalable. Among all the networks, we achieved the best
mean volume coverage under CV metric (> 92%) on SA
and SH, see in Table [[V] This attributes to the fact that
these two networks suffers the lest from bursty traffic.
More generally, Fig. @reveals that the the mean/minimum
coverage achieved with C'V metric is inversely proportional
to the mean/maximum BI index. This implies that it is
difficult to cover as much traffic for networks with more
bursty traffic.

Basing solely on the last 1 hour records, all methods
yield already a mean volume coverage > 80% on SA, SB,
SE and SH, which implies a strong continuity on prefix
volumes between two consecutive hours. On SC and SG,
using records of last 168 hours, i.e. a week, offers much
better minimum volume coverage than shorter records.
This is due to the fact that at certain hour, SC and SG
undergo a great amount of bursty traffic, which is shown
in Table[[T]and Fig. [}l By increasing the historical length,
the selection metrics are able to have better visibility
into the past and capture some of these bursty prefixes,
and finally improve the minimum coverage. This gain in
minimum volume coverage by using long historical records
can actually be observed on all networks, between 1 hour
and 12 hours, also between 12 hour and 24 hour. However
from 24 hour to 168, this gain doesn’t necessary happen
on all sites, which is due to the fact that the total volume
brought by some highly bursty prefix is diluted by the long
time span using MV and C'V metrics. In order to capture
them, a larger selection set size is need, which inevitably
includes more prefixes of few significance.

On the other hand, the hour volume coverage by grey
model drops as we increase the historical records length
and is in general much worse than the metrics proposed
in this work. In order to understand the underlying reason,
we used GM(1,1) model described above to dynamically
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predict the total hour volume of all prefixes, which is
normally much more regular and smoother than the vol-
ume series of individual prefixes. Results are shown in
Fig. Fig. and Fig. On SB and SD, we miss
the hour volume data for the week starting from May
25th. GM(1,1) model using records of last 168 suffer a
lot from this ‘abnormal’ value and converge extremely
slow to values in reasonable range. However this kind of
‘abnormal’ value can be quite normal for bursty prefixes
that bring huge amount of traffic within in a short duration
and then remain silent over days, which is common on SC,
SF, SG judging from their burstiness index in Table [[TI]
This explains why grey model leads to fairly low volume
coverage in Fig. Furthermore, in Fig. [I0b] Fig.
and as well in others, we can see that grey model reacts
to volume variations in a delayed manner. Longer the
historical records length is, more obvious and longer grey
model delays the variations of actual trace. This behavior
could be fatal in the presence of bursty prefixes. We
can observe considerably large pikes in both directions
several hours after the volume burst in Fig. which
might greatly disturb the prefix selection during those
periods and consequently give rise to low volume coverage.
Compared to grey model, metrics proposed in our work do
not directly predict hour volumes of each prefix but rather
are indirect measures of prefix volume importance. And
analysis in § [[I-C| showed that the overall coverage using
these metrics are guaranteed by the traffic character itself.

Fig. [§] gives the results concerning hour prefix churn of
selection prefix set. The boxplot legend is the same as
Fig. [7l The drop in prefix churn by increasing historical
length is tremendous with the three proposed metrics,
while the churn level of grey model is not much impacted
by record length and remains at a high position. Sarrar
et al. [6] argued that small prefix churn leads to low
communication overhead in network architecture with
decoupled forwarding plane and control plane, such as
SDN (Software Defined Networking), thus more scalable.
In that sense, using long historical records can be a wise
choice in practical uses. On top of that, for networks with
relatively few bursty traffic, e.g. SA, the mean volume
coverage with last 168 hour records is extremely close to
that with last 24 hour records, seen in Fig. [Ta] Moreover,
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Fig. 10: Predict total hour volume using GM (1,1) with different historical record lengths for the week starting from

June 1st, 2015. SA-SC.

for networks with highly bursty traffic, SC, using long
records has the potential to obviously improve worst-case
volume coverage.

In the purpose of lowering churn, Sarrar et al. [6]
proposed selecting top prefixes over time bins of different
lengths, ranging from 1 second to 10 minute. We find that
in our case the difference in mean volume coverage using
record lengths larger than 1 hour is marginal, thus little
gain can be expected from this method. Meanwhile, the
churn of selection set from mixed time bin is surly larger
than that using the longest records length according to the
tendency shown in Fig. [§

IV. RTT PROBING AND TRANSIT PERFORMANCE
EVALUATION

In this section, we present the method used to evaluate
the transit performance in terms of RTT (Round-Trip
Time) perceived by selected prefixes.

TCP SYN scanning was employed to measure RTT be-
tween selected prefixes and local network. The probe traffic
toward a selected prefix was steered on all contractual
transit providers, by means of explicit routing. For a pair
of selected prefix and transit provider, a probe is scheduled
at 240 second interval in average with 30% randomization
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left or right. The probe data covers the entire week starting
from June 1st.

Our performance evaluation method follows the same
principle as the one proposed by Akella et al. [16], which
normalizes the RTT measure and aggregates results to
different destinations by mean. More formally, the com-
putation is done as such:

Tx s Ty
PESPMti (P)/%Ijlg%Mt (P)
NPTz = P&

5P| (15)
where N PE * is the normalized RTT performance for
transit provider Tz at probe tickle t;. M *(P) denotes the
RTT measured toward selected prefix P. This measure is
fist normalized over the best measure among all available
transit providers T at the same probe tickle. Then we
average this normalized RTT over all prefixes inside the
selected prefix set SP. If a transit provider offers the
smallest RTT to all selected prefixes, it should have a
normalized RTT performance equaling to 1.

Fig. [[3] gives the results of transit performance evalu-
ation for SA, where the whiskers stand for 5'* and 95"
percentile values. Values below and beyond the whiskers
are marked by + symbol and can be regarded as outliers.
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Along the X-axis, available transit providers are aligned
increasingly according to their mean normalized RTT
performance (marked by square). {1/r denotes a virtual
transit provider simulated by our dynamic route selection
algorithm, which is presented in the following section. The
number of prefixes probed on each network and traffic
volume represented are as well given in Fig. [7a]

We observe that the performance differences among
different transit providers is evident on some networks,
e.g. SB, SC, SG, SH and SI. This confirms that mutli-
homing can still provide significant performance improve-
ment in modern days. However this gain in performance
is not inherently given in the context of BGP. Even for
transit provider that offers the best best mean N P, there
are moments that its performance deviates far above 1,
which means that traffic toward some selected prefixes
are suffering from RTTs much larger than other available
transit providers. This implies that a network may un-
dergo temporal performance derogation if it uses transit
providers in a static and indistinguishable manner for each
individual prefixes. Therefore a dynamic route selection
method that decides the best outgoing next-hop for each
individual selected prefixes is needed, which leads to our
next section.
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V. DYNAMIC ROUTE SELECTION

Algorithm 1 [1/r: selection based on last single measure-
ment, if not available then pick randomly

1: for t; € Probe tickle do

2: for P €SP do

3: if at least one transit has M;, ,(P) then

4: find Tb s.t. M{'® (P) being the smallest

5: M (P) « M{(P)

6: else

7: M} (P) « M{T(P), Tr is randomly chosen
8: end if

9: end for

10: end for

In this section we present a simple dynamic route
selection algorithm, described in Algorithm[I} The method
selects the transit provider that provides the smallest RTT
in last round of probing for each selected prefix, which
bases on the hypothesis that RTT of a path demonstrates
temporal locality and thus is closely related to its most
recent measurement [17]. The performance of the algo-
rithm is shown in Figure [[3] For all networks except SG,
the simulated algorithm out-performs all physical transit
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Fig. 12: Predict total hour volume using GM (1,1) with different historical record lengths for the week starting from

June 1st, 2015. SG-SI.

providers. On SB, the overall RT'T drop for selected pre-
fixes approaches 20% compared to the best physical transit
provider. Still the NP of this virtual provider oscillates
within a wide range, which calls for further investigation
on the characters of RTT variation in time.

VI. RELATED WORK AND CONCLUSIONS

Multiple previous works have shown that Internet traffic
follows Zipf’s law (8], [9], |13]. We revisited this conclusion
on BGP prefixes and confirmed that it held true on mul-
tiple time scales with working traffic traces from networks
of diverse profiles.

We proposed exploiting this feature to control a ma-
jority of traffic with a small amount of prefixes in Inter-
domain TE with BGP. Some previous work in this domain
9], [17], [18] acknowledged the importance of preform-
ing inter-domain TE only for destinations that matter.
However, no general solution predictively selecting BGP
prefixes with important traffic volume is proposed. Some
other works leveraged the skewed distribution of Internet
traffic to downsize FIB [2]-[7], where understanding of
traffic dynamism on much shorter time scale, e.g. seconds
and minutes, are required. In our work, we used traffic
traces of coarser time resolution over longer periods in
order to accommodate to the more complicated operations

associated to TE.

In order to arrive at a viable solution for TE on BGP
prefixes, we dedicated a large part of this article exploring
traffic dynamism at hour interval spanning over a week.
Zhang et al. [5] and Papagiannaki et al. [19], both teams
studied the relationship between stability and popularity,
and drew conflicting conclusions. We showed in our study
that the hour volume variation of top ranking prefixes over
the week is smaller in average than those tail prefixes. We
also extended the findings made by Wallerich et al. [13]
by demonstrating that traffic evolution can also be radical
over week time span due to bursty traffic. Furthermore,
we quantify the traffic burstinees of each network, which
corresponds well to visual observations.

Based on the observations made in this work, we pro-
posed predictive prefix methods demanding much less
storage and computation resources than Time Series Fore-
casting (TSF) models, such as Holt-Winter, autoregressive
moving average (ARMA) and artificial neural network,
which are generally applied to highly aggregated Inter-
PoP traffic [10]-[12]. We showed that the metrics proposed
in our work is more robust facing sudden traffic volume
changes and delivers better volume coverage than grey
model used by Zhang et al. [5] under our specific context.
The results showed that the methods proposed in our work
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offered both satisfying volume coverage and pretty low
prefix churn when using long historical records, i.e. last
168 hours.

Akella et al. quantified the performance gain from
multi-homing using traces from a large CDN network more
then ten years ago. We revisited this measurement in
modern network environment and showed that there is
still considerable performance differences among different
providers. Further, Akella et al. evaluated a dynamic
route selection system on a testbed with only 100 desti-
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nations. IPs instead of prefixes are selected and probed
for route decision making, which is a good fit for the
network environment they worked in, i.e. CDN, but fails
to be universal in inter-domain networking where routing
and forwarding are prefix based. From the perspective
of selected BGP prefixes with important volume share,
we showed that overall transmission performance of the
network can be improved by 20% compared to the best
available transit provider with dynamic route selection
based on real-time measurements.



VII. FUTURE DIRECTIONS

The volume coverage by selected prefixes using metrics
proposed in this work is to certain extent decided by the
traffic burstiness. The volume coverage, both mean and
minimum, on networks with quite a lot bursty traffic e.g.
SC, SD and SF is obviously poorer than that of SA.
Capturing these bursty prefixes is the key to arrive at
a better selection method. A possible direction in doing
so is to first group prefixes by their activity profiles.
For each group, we design methods that is adapted to
the its traffic dynamism characters. For example, when
dealing with prefixes with regular volume patterns and
small hour variation, the simple metrics proposed in the
work function already well. For those bursty ones, we
might need more sophisticate model that extracts more
activity features, for example periodicity. The burstiness
index (3 proposed in the work can be used in this kind of
prefix classification. We also showed that prefixes that are
important during late night are quite different from those
over daytime, which calls for classification on one other
axis. Predictively select prefixes that are of importance
to TE operations makes the later scalable and effective,
which is crucial in better engineering the performance of
inter-domain transmission.
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