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Abstract—This paper investigates the impact of traf- to routing protocols, e.g., [3]. In this paper, we focus on
fic aggregation on the performance of routing algo- routing, and in particular on evaluating the trade-off that
rithms that incorporate traffic information. The focus  exists between the added complexity and cost of the ex-
is on two main issues. Firstly, we explore the relation- tensions required to accommodate service differentiation
ship between theaverageperformance of the network and traffic engineering, and the performance benefits it af-
and the level of granularity at which traffic can be as- fords. We believe that such an understanding is important
signed to routes. More specifically, we are interested to decide whether or ndtaffic awarerouting is worth
in how average network performance improves as the deploying.

ability of the routing protocol to split traffic arbitrar- Traffic aware routing consists of protocols and algo-
ily across multiple paths increases. Secondly, we fo-yithms that incorporate in the computation of routes,
cus on the impact of traffic aggregation on short-term  the knowledge of both available network resources, e.g.,
routing behavior. In particular, we explore the effects  gyajlable link bandwidth, and traffic requirements. The
of traffic aggregation on traffic variability, which di- goal is some optimization of network usage or service
rectly affects short-term routing performance. Our  guarantees. There have been many studies devoted to
analysis is based on traffic traces collected from an pe design and evaluation of traffic aware routing algo-
operational network. The results of this study pro- rithms and protocols, and they can be broadly classified
vide insights into the cost-performance trade-offs as- jn two categories. Those with taffic engineeringfo-
sociated with deploying routing protocols that incor- cus, and those that target an-demandnodel (see [11],

porate traffic awareness. [25], [19], [6] for examples of the first, and [10], [1], [2]
Keywords—Routing, Networks, Traffic Engineering, and [18] despite its title for examples of the second). In
Aggregation. both settings, it is assumed that network topology and link

capacities are known, and the two differ primarily in the

traffic information available to routing. In the context of
|. INTRODUCTION traffic engineering, the volume of traffic between differ-
n%nt ingress and egress notleise., a “traffic matrix,” is

As IP networks become the life-line of business al sumed known. Given this input. the qoal of routing is
commercial applications, the need for better service guaf- ' put, goal | 9
en topre-computea set of path and associated traffic

antees and improved performance, are driving the depl ssignments, so as to optimize some measure of overall
ment of service differentiation and traffic engineering i 9 ’ P

IP networks. Both typically involve data path and Conr_1etwork performance, e.g., total network delay. In con-

trol path components. The data path relies on mecliga—:‘z’c')? t?gﬁc;g;selrjnez?di rgofgl’ngtgﬁjﬂtgocggzgaﬁg‘ut:te
nisms such packet classification, schedulers, buffer m a q >1-€., Teq

agement, etc., and is by now reasonably well understo%ab"’mdwIdth between given pairs of nodes, that are made

and studied, e.g., see [16] for a recent survey, even if thd ONYoIng manner. Routing is then responsible for the

is still much debate on issues such as scalability and t%-lme computation and selection of new paths for those

level of guarantees that are needed. The control path 0 ggests, and its goal is to “maximize” the traffic carrying
ility of the network.

ten involves the use of signalling, e.qg., [8], and extensiof:
The focus of this paper is on the traffic engineering us-
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02943 _ ) ! Aningress node is a node at which traffic first enters the rout-
Authors  emails: ashwin@ee.upenn.edu, ing domain, e.g., a node adjacent to another routing domain or

supratik,cdiot@sprintlabs.com,, one to which a customer site router is attached. Conversely, an

guerin@ee.upenn.edu, jor- egress node is a node where traffic exits the routing domain, e.g.,

jeta,nina@sprintlabs.com to enter another domain or a customer site.
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bandwidth requirements between pairs of ingress-egrésperformed. Because traffic patterns change, traffic ma-

nodes is assumed knotvand used to compute routes irtrices can also change from period to period. A different
an attempt to optimize network performance. Our mainaffic matrix often translates into a different set of “op-
goal is to gain a better understanding of the cost-bendfihal” paths, but frequently adjusting paths to track such
trade-off associated with the use of routing for traffic erchanges may not be feasible or desirable. In particular, it
gineering purposes. Two important components to themporarily disrupts traffic delivery and requires updating
cost of traffic aware routing are: (1) matching traffic tdorwarding state in all the affected routers. As a result, the
routes (paths) so as to achieve “optimal” network perfofrequency of such changes is best kept as low as possible.
mance; (2) updating routes to accommodate variations@bearly, this must be weighed against the potential perfor-
traffic patterns or intensity. mance improvements that closely tracking optimal paths
The first component can be further broken down intdffords, and gaining a better understanding of this trade-
a traffic classification cost at the ingress router, and a f&ff is a goal of this paper. To address the first cost issue
warding state costin the core network. The cost of ingret@garding classification and forwarding costs, we evalu-
traffic classification depends on the granularity at whick€ the impact ofraffic granularity (defined below) on
traffic needs to be split in order to achieve thate loads the performance of traffic aware routing. To address the
that routing produces. This cost grows with the number §£¢0nd cost issue regarding the frequency of routing up-
classifier entries required. The forwarding cost in the coftes, we study the influencetohe granularity(defined
network grows with the number of distinct paths needd¥!ow) on routing performance.
to achieve “optimal’link loads. In particular, because Traffic granularity refers to the level of traffic (and
traffic aware routing attempts to optimally distribute trafroute) aggregation that constrains the load balancing abil-
fic over network links, it typically requires a larger numity of traffic aware routing. Coarse granularity aggrega-
ber of routes than current IP routing protocols that rely dion bundles traffic into a small number ‘tsftreams” that
one or a small numbgwof routes for each possible desmust then be routed individually. This constraint may af-
tination (subnet). This difference is compounded in thiect routing performance by limiting its ability to arbitrar-
presence of route aggregation, i.e., as allowed by CIOR split traffic across paths to achieegtimallink loads.
prefixes [13], which further reduces the number of routds this paper, we use prefix masks of different lengths as
that standard IP routing protocols require. In addition tile basis for traffic aggregation decisions, with each pre-
a greater number of forwarding entries in the core ndfix length defining, therefore, an associated level of traffic
work, traffic aware routing also implies a more expergranularity. For example, a prefix length of “zero” rep-
sive packet forwarding operation than the standard hogsents the coarsest level of granularity, and aggregates
by-hop IP forwarding. Fortunately, a number of recergll the traffic between a pair of ingress and egress routers
developments, e.g., [9], [26] or [23], can help offset somento a single stream. Alternatively, a mask length of four
of those cost increases, and make traffic aware routing@rresponds to a finer granularity, where packets between
more realistic alternative. a pair of ingress and egress routers are assigned to differ-
These advances not Withstanding’ m|n|m|z|ng the nurﬁnt streams based on the first four bits of their destination

ber of forwarding entries required by traffic aware rou2ddress.

ing remains an important criterion to keeping its cost lo

This is further motivated by the added cost associat =
with installing forwarding state in routers, e.g., using sic
nalling protocol extensions such as those specified in[ s
[17]. This cost grows with the frequency at which route %
need to be adjusted, as traffic between pairs ofingress %
egress nodes changes. Specifically, routes are compi T : =
based on a traffic matrix that specifies the volume of tré s

fic between pairs of ingress and egress nodes. This tra
information is typically (see Section Il) obtained mea-
suring at ingress nodes the amount of traffic headed
various destinations. Implicit with any measurement is

time period or set of periods over which the measurem¢ We provide a simple example that illustrates the rela-
tion between traffic granularity and routing performance.

2How to acquire this information is discussed in Section 1l Consider the configuration shown in Figure 1 with two

3Even for protocols such as OSPF [21] that support multig Fouters, R1 and R2, connected by two unit capacity paths.
equal cost paths for load balancing purposes, there is typicall The total traffic between the two routers is also one unit.
configured limit on this number. From symmetry arguments, it is easy to see that optimal

Fig. 1. Impact of traffic granularity on link loads.
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performance involves assigning half of the traffic to eadit, in order to be able to properly distribute traffic across

path. However, because the traffic arriving at router Rhe different paths generated by routing. However, requir-
is in the form of three individual streams,, s», andss, ing such fine traffic granularity, besides incurring a high
with respective traffic intensities 6t3,0.4, and0.3, itis classification and possitflyforwarding cost, can trans-
not possible to split the traffic so as to optimally load eadhte into greater short term traffic variability. This may
path with a load of 0.5. Instead, the best stream assign-turn increase the likelihood of transient link overloads
ment ends up loading one path with 0.6 units of traffifor underloads), and therefore poorer short term perfor-
and the other with 0.4 units. Thus another one our goatsance. Note that this will obviously depend on the extent
is to quantify how “far” from optimal we end-up because&o which fine granularity streams are assigned to different
of the constraints that traffic granularity imposes. paths, and this is one of the aspects we investigate. On the

Time granularity, on the other hand, refers to the varfther hand, although using coarser traffic granularity, e.g.,
ations of traffic intensity as a function of the duration o#Sing supernets, may not allow us to optimally distribute
measurement intervals. The magnitude of those fluctJaffic over links, it forces traffic to remain aggregated.
tions depends on both the length of the measurement p&is may then result in smaller short term traffic fluctua-
riod and the granularity of the traffic stream that is beir®nS and, therefore, fewer periods of transient overload.
monitored. Our goal is to understand this relationship asUnderstanding the extent to which these different pa-
traffic granularity changes, as well as investigate its immameters affect the trade-off between performance and
pact on routing performance, and in particular short teroost in the context of traffic aware routing is the main
performance, i.e., over shorter time intervals than the ongsal of this paper. Our approach is based on evaluat-
used by routing to compute optimal routes. ing the performance of two heuristicouting algorithms

- for “optimally” routing traffic given certain granularity

constraints. We evaluate both short term and long term

w s2 performance as we vary traffic granularity. In addition,
s1 we also investigate the relation that exists between traf-

N fic granularity, i.e., the ingress classifying cost of traffic
aware routing, and the number of distinct paths actually

N s3 required in the network, i.e., the forwarding cost of traffic

tme aware routing.

Fig. 2. Interactions Between Time and Traffic Granular- 1 nere have been a number of previous studies devoted
ity. to the design and evaluation of traffic engineering pro-

tocols and algorithms [11], [25], [19], [6] in the context
_ il for th of IP and MPLS networks that we assume here. How-

In Elgyrﬁ 2we i lst.trate ort lreg streamﬁ S1,S2, ander none of these has focused on the interactions be-
33'_t € influence o time granu anty as well as its ,'nteﬁ/veen time and traffic granularity and their relation to
action with traffic granglant_y. I new routes are ‘f’lss'gneﬂauting performance, as this paper does. Similarly, there
to each stream each time it experiences a major changg, yeen a number of papers that have proposed comput-
in bandwidth requirement, then it would be possible 19, tes on the basis of traffic matrix estimates. How-
avoid overloading network links. However, as mentioneé{,er most of these proposals, many of which date back
earlier, performing frequent changes may not be feagi .ic it_switched networks, e.g., see [15], [4] or [20] for
ble, and it is common that routes be assigned initially A0l e recent work, have been formulated in the context
the basis ofdlocr;g te_rrg a;/ef\rages and ke?t urr:chf;l]nged #'on-demand routing in loss networks, which represent
some extended period of time. As a result, the short teiltyyigce e nt setting from the traffic engineering application
bandwidth variations of individual streams can transla(ﬁe consider. In the context of traffic engineering, the most
into periods of link overloads, especially when multiplgy ey ant recent work regarding the computation of opti-
streams sharing the same path experience a bandW|dthrH5| paths for a given traffic matrix and under granularity
crease: . . _ ~ constraints is that of [22], which applies randomized al-

The interaction between traffic and time granularity igorithm to this problem. As we shall see, this method is,
the context of traffic aware routing is as follows. Routesowever, different from the heuristics we develop in Sec-
are typically computed on the basis of long term traffigon |11.
averages, e.g., daily averages, that correspond to the fre-
quency at which routes can be adjusted. Routing specifiesytiple streams may be forwarded onto the same path, and
a set of “optimal” paths and associated loads for traffigis is an aspect which we investigate further in the paper.
between each source and destination. Achieving thoséwe rely on heuristics as the problem of optimal routing under
optimal loads often calls for fine grain splitting of traf-splitting constraints is well known to be NP-hard, e.g., [14].




The rest of this paper is structured as follows. In Sec-
tion Il, we review the traffic measurement procedures we
rely on to estimate the traffic matrices used in the res
of the paper. Section Il focuses on the impact of traf-
fic granularity on routing performance. It evaluates rout-
ing performance for different levels of traffic granularity,
and compares it to the performance of an optimal algo:
rithm that operates without granularity constraints. Sec:
tion IV investigates how routing performance varies over
time as a function of traffic granularity. In particular, it
explores how traffic granularity affects the difference that
exists between short term and long term performance. Fi
nally, Section V summarizes the findings of the paperan¢  Fig. 3. Topology of a 1st tier ISP backbone.

points out potential extensions.
Backbone

Il. TRAFFIC MEASUREMENT AND TRAFFIC MATRIX \ /
GENERATION
Backbone Peering
. . . . Router
The generation of traffic matrices for our study is basec L

on several measurements taken within Sprint's IP back //
bone network. SNMP databases provided us with infor- [ access Access Access Access
mation on POP activity and the amount of data exchange Router Router Router Router
between POPs. SNMP data is available as part of clas
sic network management tools. The Sprint IP backbon ISPs Corporate Web Dial-up

monitoring project [12] provided us with exhaustive traf- networks

fic data from a single POP (that we will call the “moni-
tored POP”). This data consists of traces, gathered ove Fig. 4. Architecture of a POP.
the duration of a given measurement interval, that contail

the first 40 bytes of each IP packet captured on the ac . .
cess links of the monitored POP. Note that this provid&®uters via OC-12 links. Core routers are connected to

us information on the size of the packet. In addition, eadther POPs with OC-48 links. Sprint customers connect
IP packet in the trace is time-stamped using a globaﬁ? the IP network via the access routers. Peering points
synchronized clock (GPS based). From this informatioft'® cOnnected to both access and core routers.
we can determine the number of bytes headed to othe We are interested in computing the intensity of a typi-
destinations across the Sprint network during any time igal traffic “stream” between two POPs at a given level of
terval. This data forms the basis for determining (i) tratraffic granularity, where as mentioned earlier, granularity
fic intensities between the monitored POP and the othefers to the level of aggregation used to determine which
20° POPs in the Sprint backbone (see [12] for a genergackets are mapped onto a given stream. Packets between
description of the overall topology and the internal archtwo POPs can be aggregated into streams according to
tecture of a POP), and (ii) the variation of this traffic odifferent criteria. For example, packets can be mapped to
different time scales and at different levels of granularitgtreams based on their source and destination addresses,
A traffic matrix contains, for each pair of POPs in th&°rt numbers and protocol numbers. This corresponds to
backbone, the amount of traffic between these two Pofgéatlvely fine granularity stream_s. Alternatively, coarser
(in each direction) at different levels of granularity. Fopranularity streams can be obtained by aggregating pack-
proprietary reasons, we cannot give the exact topolo on the basis of_a common destmau_on address pref_lx.
of the backbone. Figure 3 represents the topology of Arthermore, by using prefix masks of differentlengths, it

classic 1st tier ISP backbone. A typical POP consigd&Possible to vary the level of aggregation and, therefore,

of few core routers and of 10 to 20 access routers (s¥&eam granularity over a pre-determined range. We use

[12] for details). Figure 4). A POP is fully redundanthis approachin the paper to evaluate the impact of stream

(each link terminates to at least two core routers or to tdsanularity on routing performance.

access routers). Access routers usually connect to core
A. Measurement Methodology
5some POPS are represented by a single router in the topol-
ogy. We have 16 such routers in the topology. POPS behind aConstructing a traffic matrix requires generating esti-

router were aggregated as one entity mates for the total traffic between each pair of POPs. We



used both SNMP data and measurements from our morgranularity | number of|  bandwidth
itored POP, and we first describe how we construct the level streams | ranges (Mbps
row in our traffic matrix that corresponds to the moni- p0 1 [1-14]
tored POP. The first step consists of identifying the set  p4 [5-10] [0-8]

of destinations addresses associated with the other POPs p6 [10-25] [0-4]

in the network. For this purpose, we downloaded IBGP™ pg [25-64] [0-4]
tables from the monitored POP for the measurement in-

terval during which the traffic traces were gathered. For Table 1. Traffic characteristics versus granularity

every packet in the trace, the egress POP was then iden-
tified using information in the IBGP table in conjunctionages
with detailed knowledge about the network topology. '

. . M ifically, th ffi iX “row” [
For the results reported in the paper, the duration Pé ore specifically, the traffic matrix "row” obtained as a

) X sult of this process provides us with a set of bandwidth
tmhienlrp[s: Su,’izn;egslﬂrf r;g:)ar:]itgﬁt;nsog\l;tgrrzdePr(zPrz?lsmg stimates of the fomB’lij [n,m], wherei = 1,...,16
the coaréest time ra;wlarit for traffic betsveenpthe mohd_entifies the egress nodg; € {0,4,6,8} indicates the

9 y refix length used to separate traffic into finer granular-

itored POP and other PQPS in the r.‘e‘V.VO”‘- $|m|IarIy, ﬂ%/ streams; and: € {10, 30, 60,800} identifies the time
coarsest stream or traffic granularity is achieved by aeg(il

. . . ranularity at which traffic is being measured. In partic-
gregating all the traffic between two POPs, the monitor Har, 3%878[_’ ]is itself a ‘matrix’ of bandwidth estimates

POP anq one of the 29 other POPs, into a _smgle strea@r traffic from the monitored POP to egress POP num-
As mentioned earlier, finer levels of granularity are 9eNel.. 10 Each row in this matrix corresponds to a single

ated by aggregating packets info streams based on dest eam associated with all the packets heading towards
nation address prefixes of variable lengths. We do this fsbp number 10 with the same 8-bit destination address

preﬂx_ lengths O.f 4,6, and 8 n a,fjd't'on to the previous| refix. Each column of this matrix corresponds to one of
mentioned prefix length of “zero” that corresponds to ag;

reqating all the traffic between two POPS onto a sin he eighty ten-minute bandwidth estimates. As a result,
gtregam gAs the lenath of the address prefix used o 9 16,55, 22] gives the average traffic intensity in the 22nd
e até ackets inc?eases <0 does thepnumberof Strea}%nn-minute monitoring interval for stream number 5 asso-
gregate p ) T HRed with an 8-bit destination address prefix for packets
and conversely, traffic granularity decreases. from the monitored POP to POP number 10
we W'.” explpre n Sect|o_n ll how th|§ (_d.ecr_ease.m This completes the process used to generate one row of
granularity, which gives routing more flexibility in spI|t-Our 16 x 16 traffic matrix that corresponds to the moni-

ting traffic by routing streams individually, affects rOUt'tored PORP. It still remains to fill out the other 15 rows, and

ing performance. In (_)r<_jer to carry .OUt. this investigatior\kle describe next how this was done. The basic approach
we E]Tasulrefthe trafl'nc_lntelnsm(/jg_f .|nd|V|duaI| streams f sed was to combine coarse traffic information obtained
terztf:fic ii\:ani tig;a% L: 3?#;@:}[ filme'tlon’ We alSo MEASUER . iher POPS using SNMP, with the detailed structural

) L granul_arltles, €., thﬁ”‘nformation provided by the measurements done at the
average bandwidth of individual streams is measured ov {Jnitoring POP. As a simple check, we verified that this
time intervals of different durations, namely 10, 30, an : '

60 and 800 minutes. Measuring the average bandwi proach and the SNMP data available at the monitored

. : : P were consistent with each other.
of streams on different time scales enables us to iden-
tify short-term fluctuations around longer-term averages.
For example, the eighty ten-minute estimates obtained forAdditional details on this procedure are given in the
each stream, show how the traffic associated with a giveaxt section.
destination prefix varies around its 800 minutes average
during those eighty consecutive ten-minute measurement Populating the traffic matrix at the highest granularity
intervals. Table 1 summarizes the result of this process, |evel
and gives the typical number of streams and associated
traffic intensities for each granularity level. The first col- The first step to populate the rest of the traffic matrix
umn indicates the granularity level in terms of the prefigonsisted of characterizing the ability of different POPs
length used to aggregate packets onto streams. The $e@ct as traffic sources and sinks. In general, most of the
ond column gives, for each granularity level, the randéaffic traversing the backbone is destined to Sprint cus-
of the number of streams from the monitored POP to tiemers who are attached to the network at one of the 16
other POPs. Finally, the third column gives the corrd2OPs. As a result, a POPs ability to act as a traffic sink

sponding ranges of 800-minute stream bandwidth avés-approximately proportional to the number of customers
attached to it. Customers are of two types. Dialup cus-
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tomers subscribe to dialup networks which connects to thdormation, i.e., number and intensity of streams at dif-

POPs. Corporate customers usually have dedicated cterent levels of granularity, obtained from the monitored
nections (through access routers) at various POPs. HerR®P. In other words, we replicate the stream structure of
the “customer weight” of a POP can be measured basts monitored POP to other POPs. This generalization
on the number of each type of customers attached toig.supported by the fact that (i) the characteristics of the
Alternatively, the ability of a POP to source traffic idraffic in term of protocol types, packet size distribution,
dominated by its external connections, i.e., the numberaifd application type were found to very similar for each
peering links it has, as the bulk of the traffic destined fd?OP reached from the monitored POP and (ii) the charac-
Sprint customers originates outside of Sprint’s networkeristics of the traffic appears to be independent of the ob-

As a result, one can assume that the volume of trafserved POP (seettp://www.caida.org for simi-
sourced by a POP is proportional to the number of peerifay observations).
points it has. Based on this assumption, we then first determine the

Based on the above reasoning, we characterize eacxhmber of streams at the finest granularity (mask 8) for
POP with a three-tupleP P, CC, DC'), wherePP corre- all other pairs of POPs in the network. This is done by
sponds to the number of peering poird&;’ corresponds drawing those numbers from a uniform distribution cre-
to the number of corporate customers abd' corre- ated using the statistical data from the original trace. The
sponds to the number of dialup customers. Each of thas¢éensity of each stream is then selected in the following
attributes can take one of three possible values HIGFshion:

MEDIUM and LOW. For example, a POP that receiveBo until streams have been assigned:

a large volume of traffic from peer networks is assigned . L )

the value HIGH for itsP P attribute. Assignment of val- ® Pick @ source-destination pair randomly

ues to attributes is done in an approximate manner usihd_ /K & flow from that source-destination pair randomly
information about the network topology and SNMP data. " erturbate the stream by a paramét@b < a > 1.25

For a given pair of POPsand}, the LEV EL of traffic * Cyclically shift the perturbed stream by a random
from i to j is approximated as numberP : 0 < P < TIMESLOTS, where

TIME_SLOTS represents the time scale over which the

LEVEL = MIN(PP,, MAX (CC;, DC y) racewas measured.
B (PP, (€C;,DC)). (1), assign this stream to source-destination pair.

The above equation states that the level of the volurgeRepeat till all streams have been assigned.
of traffic between POP$ and j is based on the abil-
ity of POP; to source traffic, as expressed By, and To maintain consistency across masks, traffic matri-
by the ability of POPj to sink traffic, as expressed byces for smaller prefix lengths, e.g., 6, were generated by
MAX(CCy,DC;). From this relation, we determine@dgregating streams with longer prefix lengths, e.g., 8.
the LEV EL of traffic between all pairs of POP to beThe number of longer prefix length streams that were ag-
one of the three possible values HIGH, MEDIUM an@regated together is again determined by data from the
LOW. As mentioned earlier, this coarse-grained approx¥iginal trace. Specifically, the ranges of the number of
mation of traffic levels between POP pairs was found greams for prefix lengths of 4, 6, and 8 in the original
be reasonably consistent with SNMP data and the daface, are used to determine how many fine granularity
obtained from measurements at the monitored POP. Orféeams need to be aggregated to form a coarser granular-
the LEV EL of a pair of POPs has been determined, ity one. For example, when constructing a prefix length
is used to compute it$0-minute average traffic they ex-6 stream, we select a number of prefix length 8 streams
change. The scaling is done based on the data collecigfdomly from a range based on the respective numbers
at the monitored POP. As a result, a value of LOW i8f streams of prefix lengths 6 and 8 in the original trace.
mapped to a random value in the range 6f— 5.0 Mbps.  This process is repeated for each prefix length.
The values MEDIUM and HIGH are similarly mapped to
traffic intensity values in the rang&ss — 15 Mbps and

20 — 35 Mbps respectively. Ill. ON THE IMPACT OF TRAFFIC GRANULARITY

In the context of traffic engineering, the goal of traf-
fic aware routing is to distribute network traffic, so as
to optimize network performance, e.g., minimize average

In order to populate the remainder of the pop-to-papetwork delay or maximum link load. In this work, we
traffic matrices at finer granularity levels, we use #ile use a delay-based “cost” function that relies on a standard
minute averages generated as described in the previdi81/1 queueing delay expression (see [7, Sections 5.4 to
sections, and couple that information with the structur&l7]). Specifically, the cost functiofi(y) on which we

C. Populating the traffic matrix at lower granularity lev-
els



rely, is of the form constraints.

S B;
¢ = ~ ;E C, - B’ @) A Heuristic Routing Algorithms

whereS' corresponds to the average packet stgés the Before proceeding with the evaluation of several can-

average total iraffic offered to the netwoik, is the set didate algorithms, we first describe the general goals of

of links in the netwqu,C, are thg link capacmes, andthose algorithms more formally and introduce some use-
B, are the average link loads achieved by routing. The, Jl notation. Let a routing domain be described as a di-

are obviously many other cost functions that are possib
) , : : Y { r = E), wher rr n h
but in the context of traffic engineering, minimizing the%Cted grapty (v, B) erel’ corresponds o the

X X set of vertices in the graph, i.e., the routers in the routing
delay experienced by user packets traversing the netw:

_ ble t t In additi | other “tvoi ain, andE is the set of edges, i.e., the set of links
IS a reasonabie target. In adaition, several other typic onnecting the routersV = |V'| denotes the number of
cost functions, e.g., minimizing the maximum link load

: O vertices in the graph antl/ = |E| denotes the number
are known, e.g., [24] to yield results similar to those of 8 edges. For each pair of nod@sj), i, j € V, there is
minimum delay cost function. In the rest of the paper, w, T o ' 0 '
limit ourselves to this specific cost function. fnsdetrfgé |Qent|(1;y|k)r1g]_ the traff;c st;eatms getwr? en n(zdes

. : S ej, and being monitored at node wherets}

Optimal algorithms that can minimize the above cogfenotes the average traffic intensity of theh stream
function are well known (€.g. see [7]). They take as inp@etween; andj, s¥, € S; ;. There areK such source
a traffic matrix that specifies the average traffic requirgestination pairs. In terms of the methodology described
ment for each source-destination pairs, where sources gi&ection Il, the number of streams between two nodes
destinations correspond to the different POPs in the ngfepends on the size of the prefixes used to group packet
work, and produces and output in the form of a set ¢feaders, and the average intensity of a stream corresponds
paths (routes) for each source-destination pair, togethgfits bandwidth requirements measured over the maxi-
with the specification of the fraction of traffic for thatmyum measurement interval.

source-destination pair assigned to each path. The result.—l.he two heuristics we describe next attempt to ap-

N9 s.ef[ oflmkloads is such that the average n.etwork _del oach unconstrained, optimal performances, while ac-
is minimized. However, as alluded to earlier, in practice )t

. . . . : ' .~~~ counting for the traffic granularity constraints imposed b
is neither possible nor desirable to split traffic arbitraril g g y P y

feasible. In particular, traffic granularity constraints, e.g
as described in Section I, pr_event the splitting of traffi erior performance of one heuristic over the other, even
from one stream across multiple paths. Recall that tra

- ) ~II'one (heuristic 2) performs consistently better but at the
granularity is normally caused by the coupling that eX'SESost of a greater complexity. Instead, our main focus is

bet_ween the_monlt_o_nng and mgasurement process f_r%@sessing the impact of traffic granularity on routing per-
which traffic intensities are obtained, and the underly"}%rmance and hence provide motivations, or lack thereof

packet classifier which selects packets. This classifier g%r'] moving towards finer granularity in the context of traf-

operate at_various levels of granularity, €.g., SOUrce agr ware routing. As a result, the two heuristics we use
dres_s, prefl_x mask, etc., which then determine the _nur_nl?ﬁére chosen as representative samples from a larger set
and intensity of packettreamsthat can be routed indi-

of heuristics which we evaluated. In particular, they are

Note that our primary intent isot to demonstrate the su-

stqnding of the relation that exists petween traffic grany- granularity affects routing performance.
larity (number of streams) and routing performance. As

a result, we rely on a generic packet classification critg-4 Heuristic 1

ria, i.e., prefix masks of various lengths, as described in

Section Il. Note that as shown in Table 1, this provides The first heuristic is a simple greedy method that adds
for a rather broad range of traffic streams and associattteams one at a time, while each time selecting a path that
average bandwidth. In that context, we explore the inminimizes delay. This heuristic is inspired from methods
pact of traffic granularity on the achievable network delaysed in an “on-demand” model of traffic aware routing,
by analyzing the behavior of two heuristics, which are dé-e., an environment where requests are generated dynam-
scribed in detail later in this section. Our goal is to conieally and need to be routed one at at time. The main
pare the performance of these two heuristics against thatiations for this first heuristic are in terms of theder

of an optimal algorithm that operates without granularitin which individual streams are routed, e.g., in ascending,



descending, or random orders in terms of their traffic in- minx, x,,...xc f(X1,X2,...,XK)

tensity. Specifically, ifS = {s};} represents the set of g pject to

streams in the network, wit&ﬁj denoting thek-th stream AXy = Ry k=1,....K (3)

between nodesandj, the heuristic proceeds as follows: K

Stepl S gy g (applies the functiory to the setS to ZXk < C (4)
k=1

generate therderedsetS’). The functionf will typically where X, eiRM is the flow vector of each commodity

ge Onze\?\;r:.rllre;,Ch%i%e%s’ce”dfdesce”dfra”dom kE, k=1,...,K. A € RN*M is the arc-node inci-
tep lle 5 # 0 do dence matrix,f : RE*N — R is the real valued cost

- k. i " . ) :
Con';eh‘igiab;ti:?gj;]e:jeer?:m (;t;l’_ between nodes function of the networkR € RY*K is the source-sink
P Y PapLjk matrix andC € RM is the capacity vector of the net-

. k . .
andj for stre?ar.nsiyj g.|verI: the current:etwork link Ioadswork. The first equation conserves the flow between a
and the traffic intensitys; ; of streams; ;;

i, source and destination pair, while the second inequality
) 1 constrains flow to not exceed the physical link capacity.
Pi,j = argmir, Z Ci—(Bi+tsh) We used PPRRto solve the above multi-commaodity flow
tep ! ! b problem.

where(; is the capacity of link and B; denotes the allo-

cated bandwidth on link The heuristic proceeds by assigning streams to (opti-

. — k mal) paths in a manner that attempts to get as close as
: Z‘lf E_Ig3jg’f;23Bl s possible to the link loads achieved by the optimal algo-
- iJ rithm. This relies on a two phase procedure. The first

In the next section, we explore the performance of thighase involves routing streams one-by-one, as in the first
heuristic and evaluate its sensitivity to variations in thgeuristic, but on a network with (fictitious) link capacities
number and traffic intenSity of the individual streams ﬁqma”y set equa| to the desired opt|ma| loads. As each
needs to route. A key feature of this first heuristic igtream is added, it is routed on the path that y|e|ds the
that it is independent of any information regarding the agninimum “delay” given the assumed link capacities. We
tual traffic offered between different nodes. This ClearlMoticed, that frequenﬂy, because of the granu|arity of the
makes for greater SlmpIICIty, but also pOintS toa "mitatio@treamS, the ’0ptima|’ path for a stream may have S||ght|y
of the approach, as it does not exploit key information th@gss capacity than required by the stream. Not assigning

is available to the routing algorithm. the stream to the 'intended’ path leads to an avalanche ef-
o fect, wherein, streams get blocked or routed on paths that
A.2 Heuristic 2 were 'meant’ for other streams and this effect multiplies

The second heuristic takes a different approach that gg we rou'ge oth(_er strea}ms. Henge, we relax Fhe capac-
Ay constraint while routing over this network with ficti-

tempts to remedy the shortcoming we have just identifi link ities. by allowi ¢ to b ted if
in the first one. Specifically, this heuristics takes into aél—ot:s In ctapam Ieds,th ya OW'r_]tg afs reaT_w l? etrk?ute 'lh
count the knowledge of the total traffic matrix, and in pa|1-|¥ r?]%sren%a?wxgigctorec(ffa-fiz)l yT?]ea;gralrrT]]etoarf]s an pa
ticular the output (set of paths and associated loads - ) ; e
put( b )9 ols the amount by which the link constraint is violated.

erated by an optimal routing algorithm, i.e., an algorith i

that computes optimal paths and loads without consid P—ﬁ’lr"’fl(_:rt]'ce we f%unr(]ﬂ) <A< 9[.51:'[0 ;’;}'OT ri?hsotnzbly

ing the granularity constraints imposed by streams. T £, ' e second phase accounts for the fact that, because
o traffic granularity, it is unlikely that the first step will

motivation for using this information is that it represent ; . ; .
the best performance achievable. The goal of the heur%x_cceed in routing all streams even after relaxing the link
8nstraints byA. In other words, because optimal loads

tic will then be to attempt to get as close as possible to tff | ¢ | t feasible ai th larit
performance of this unconstrained solution. are aimost surely not feasible given the granuiarity con-

) , . straints, the fictitious capacities of some links will typ-
The ophmgl routing problem canbesetupasa Stralgmany be exceeded before all streams have been routed.
forward multi-commodity flow problem of the form Any stream for which no feasiflepath is found during

the first phase, is set aside and routed in the second phase.

"the PPRN package hftp://www-eio.upc.es
/jcastro/pprn.html ) was developed at the Statistics
and Operations Research Dept. at Universitat Politecnica de
Catalunya, Barcelona, Spain, by Jordi Castro and Narcs Nabona
for solving multi-commaodity network flow problems with linear
and non-linear cost functions.

®Note that feasibility is only in the context of the fictitious



This second phase simply consists of routing the streans B; < B; + ts

k
1,57

VI € pijk;

that were left-over from phase one using a standard mirg, S = S" © {Sf]- :
imum delay algorithm, but using now the actual link ca- As mentioned, the main difference between this second

pacities together with the link loads that resulted from tfy,?
first phase. To summarize, this second heuristic |0roceq‘ge

as follows:
Phase 1

uristic and the first one, is that it attempts to use the
Sults of the optimal, unconstrained routing as guidelines
when assigning streams to paths.

1. Run optimum routing algorithm, ignoring trafficB. performance Evaluation

granularity constraints;
For each pair of node@, j),i,j € V,i # j, this gener-

In this section, we investigate the impact of traffic

ates a seP; ; of optimal paths together with correspondgranularity on routing performance, where performance

ing optimal link loads;, Vi € E.

is measured in terms of the total network average delay

2. As for the first heuristic, we generate next an orderé@mputed using the long-term average load. First, we

set of stream$’ from the initial setS, i.e.,
S S’, where as before the ordering functigrcan be

compare the performance of the two heuristics against
the optimal routing algorithm, while assuming the finest

one of three choices, ascending, descending, or randorﬂfanma”ty available from our traffic measurements. i.e.,

3.Vl € E, setC] = ¢; andB; = 0, whereC| represents
the new, fictitious capacity assigned to lihkndB; = 0
is a variable used to track the amount of bandwidth all
cated on link.

4. 8" = (S" is used to retain streams for which nd

feasible path is found in Phase 1).

5. WhileS" # 0

— Let s} ; be thefirst element ofS’;
Identify the minimum delay path; ;. € P;; between
nodes andy;

P argmin, > !
ik = P PTG : )
ep;, = C]— (B} + tsf’j)

— If a feasible pathp; ; ; is identified, i.e.B] + ts] ; <
Cl'(l + A),Vl € Di,jk»

* Bll — B; + tsﬁj,Vl € Dijk

x =50 {sf]}
Note that in order to allow the bandwidth allocatiBto
exceed the link capacity], we set infinite and negative
costs to a “large” positive value.

— Else

x S'=5"9 {sﬁj}

x S"=58"U {sﬁj}
Phase 2While S" # ()

1. Lets}; be thefirst element ofS";
Identify the minimum delay path; ;. € P;; between
nodesi andj given theactuallink capacities’;, VI € E,

and the link loads3;, VIl € E produced by Phase 1, and

the traffic intensityts? ; of s¥

4,37

p argmir), > _t
ik = P — o %
J lep Cl (Bl + tsi,j)

Note that we still limit our search to the set of paths ori

the use of an address prefix mask of length 8. This pro-
vides some insight on both the general impact of flow

&ranularity, albeit a relatively fine one, and the differences

that exist between heuristics that incorporate knowledge
f the traffic matrix (Heuristic 2) and those that don’t
(Heuristic 1). Second, we study more carefully the im-
pact of the granularity of flows on the performance of the
network. Unless specified, the stream ordering used for
both the heuristics was in decreasing fashion, i.e., larger
streams were routed first.
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Fig. 5. Optimal Routing vs Routing Under Granularity
Constraints.

In order to compare the performance of the heuristics,
we used a suitably sized version of the Sprint Topology,
and scaled the intensity of a randomly selected set of
source-destination pairs in the Traffic Matrix to create hot
spots. We show the performance of the two heuristics and
of the optimal routing algorithm in Figure 5. Note that

Ywhile the two heuristics were constrained to routing indi-

inally generated by the optimal (unconstrained) rOUtir\54dua|ly streams generated from length 8 prefixes, the op-

algorithm.

timal algorithm did not follow any such constraint. As can

link capacities, and a feasible path can typically be found whéte seen, Heuristic 2 outperforms Heuristic 1 and closely

using thereal link capacities.

follows the optimal till the 'knee’, thereafter the granu-
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larity of the streams forces a different sub-optimum allgp- Granularity | Average No. of| Max. No. of
cation. This illustrates the fact that using the informatign Distinct Paths | Distinct Paths
available from the traffic matrix remains important, evenMask 0 (0) 1 1

when the presence of granularity constraints makes it difMask 4 (p4) 2 7

ficult to take full advantage of this information. In what Mask 6 (@6) 2.3 12
follows, we explore further the impact that traffic granu- Mask 8 {8) 2.5 16

larity has on routing performance. For that purpose, “WfAble 2. Statistics for the number of distinct paths used at

I[mlt ourselves to Heurlstlc 1 as it is simpler than Heuris- each granularity level for topology 1 (Most Heavily
tic 2 and should still capture general trends. Loaded)

. X107 Delay for Long Term Average Load
T T T T

T
— Mask0

T Neka ber of paths through the network is limited, so that beyond
Dol a certain level, additional streams are still routed over the
same set of paths. We justify this claim by providing,
in Table 2, statistics regarding the actual number of dis-
tinct paths used for each granularity level. We notice that
the average number of paths used doubles from Mask O
to Mask 4, but increases slowly thereafter indicating the
limited availability of paths for all the source-destination
pairs. We also note that the improvement in performance
decreases rapidly as we increase the capacity of the net-
work, which is not unexpected.

IV. ON THE IMPACT OF TIME GRANULARITY

I T A The purpose of this section is to explore another di-
5% % Networs (ecreashng Loz - »%  mension of how performance is affected by the granular-
. , . ity at which routing is performed. Specifically, we saw
Fig. %tear;grﬁ):]m‘z:fr;o;gg'z%ﬁ;‘mar'ty' Delay €OMin Section Il that finer granularity leads to a lowesrer-
P 9 9 ageload on the links, which translates into lowsererage

delay, that is, better long term performance. However,

We start this comparison by using the different levelRerformance measured over finer time scales can be sig-
of traffic granularities generated from our traffic measurdlificantly different. The traffic, and hence link loads mea-
ments. Specifically, traffic can be aggregated onto streaft§€ed at finer time scales fluctuate around the long term
using prefix of lengths 0, 4, 6, or 8, which, as shown iAverage values. This combined with the non-linear nature
Table 1, translate into average number of streams ra,q)é_the delay function can result in significantly different
ing from 1 (prefix length of 0) tc54 (prefix length of performance as compared to that obtained using long term
8). Clearly, one can expect a larger number of strear@¥erage load.
to result in better performance, as it gives routing more To see this consider a simple example of a single link
flexibility in assigning traffic to paths. The aspect wavith capacityC. Let the long term average load on the
want to explore is thevolutionof routing performance as link ben. Let the deviation of load from the average value
the number of streams varies, i.e., what is the magnitudeA, in time slotk. The long-term average performance,
of performance improvements as the number of streambich is the delay resulting from the long term average
varies. We proceeded to do so, by computing the averdgad is simply
delay averaged over 30 traffic matrices for each granular- D 1
ity level, each of which was routed on 10 networks with -7
the same topology but increasing capacities (decreasing 7o
loads). The results are plotted in Figure 6, which shows ~ 5(1 -G @) (5)
the average network wide delay as a function of netwogithere we have used a second order appromixation for
sizing. We immediately see that a large fraction of thgurposes of simplicity . Now, if we look at the average
performance gain is achieved when going from a prefof the delay measured over finer time scales, we obtain
length of O to one of 4, and subsequent improvements are D - E 1
much more modest. This stands to reason, since the num- - ’“((} —(n+ Ak))

= Q



. _ 11
= 2 2 3 Delay averaged over All Time Slots
1 7 n A X 10

v o=(l- 2+ L+ ) — S
cooooo e

where we have again used a second order approximatic
for simplicity. If we now compare the average of the short s
term delay with the delay of long term average load (5),
we note that the second moment of the deviation from the¢
mean load plays a key role in determining the delay. If the , 4
traffic has high variability, it may result in a much higher
delay over smaller time scales as compared to the long*?
term delay. Hence, both the mean leadithe variability

of the traffic determine how routing performance, mea-
sured over short time intervals (10 minutes), differs from osf
its expected value based on the long term average loa
(800 minutes). The goal of this section is to shed some
light on how these different factors interact and ultimately o«-
affect routing performance. Especially since, as we shov
in the next sub-section, splitting traffic into finer streams 1 2 3 ! oo e tony) 8 0 10
increasestheir variability. This can potentially offsetthe % 45% 3% 28%
advantage of a lower operating link load, and result in a

higher delay over smaller time scales as compared to that
obtained with coarser granularity streams.

Fig. 8. Delay averaged over time slots .

_ _ o bly better performance when time variability is taken into
A. Evaluating the Impact of Time Variability account. The figure shows the delay, averaged over the
80 10-minute time slots, for the different levels of traffic

In order to investigate this potential trade-off, i.e., be- . ; S
. ranularity under consideration, i.e., masks 0, 4,6, and 8.
tween improved average performance and greater tra . NS
e figure clearly shows that when routing is limited to a

variability, we first proge_:ed to evaluate how traffic granuéingle stream (mask 0), performance is poor even on the
larity affects its variability. In order to measure this, W& orter 10-minute time,scale This is because although
compute the coefficient of variation of the traffic intensit)(ink traffic may exhibit smallér short term load varia-
of individggl streams_fo_r different Ievells of granularitytions the higher average link loads amplify those varia-
The coefflue_nt of yanaﬂon per stream Is computed O.V(ta’lrons’when it comes to delay becuase of the non-linear
the.80.10-_m|nute-|ntervall mea;urgments. T.hls prov'dﬁature of the curve. As traffic granularity decreases, i.e.,
an indication of the traffic variability that exists, whe 0 masks 4 or 6. we observe that the resulting lower av-
considering 10-minute intervals and splitting traffic at diférage link Ioads, manage to also improve sho?t term per-

ferent levels of granularity. The results are summanzgirmance. This is because, despite the potentially larger

in Figure 7, which clearly indicates that as the number g ort term traffic fluctuations, the lower overall average

) . S
streams increases, 1.e., f.“’”.‘ !\/Ieﬁ:ﬂpO) to Masks (p8), link loads sufficiently dampen the impact of those vari-
so does the variability of individual streams.

R ) . . ations on short term delay. However, this improvement

This implies that the potential benefits of improved avyoes not readily extend as traffic granularity decreases
erage performance may be offset by the impact of thigrther, Specifically, we see that routing using mask 8
greater stream variability, if it also translates into great@freams often results in worse average short term delays
variability at thelink level, i.e., after streams have beefhan when masks 4 or 6 are used. This is because, as seen
assigned to paths. In other words, although average lifm Figure 6, the improvement in average link loads that
loads and, therefore, cost will be lower, short term linkyask 8 streams afford, is marginal compared to what is
load variations need not be, and could even be larggpnievable with mask 4 or 6. On the other hand, mask 8
which may adversely affect network performance. In Okreams exhibit higher short term traffic fluctuations that
der to asses the relative effect of these two competing fagz it in degraded average short term delays. Hence the
tors, we evaluated the network delay averaged over all thgyher short term variability more than offsets any advan-
80 10-minute measurement intervals, for 30 traffic matrﬂ'age of the lower average link loads. Note that this be-
ces routed over the 10 networks used in Figure 6. Thgyior is observed even though, as shown in Table 2, the
results are shown in Figure 8. number of paths used with mask 8 is similar to what is

From comparing Figure 8 with Figure 6, we immediused with masks 4 and 6. This indicates that although
ately observe that the benefits of lower average link loattee number of paths is similar, the assignment of traffic
and, therefore, delay, do not always translate into vigistreams) to them is different.
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Fig. 7. Relation between Traffic Variability and Stream Granularity.

The findings of Figure 8 confirm the existence of a V. CONCLUSION

trade-off between short-term and long-term performance, ) ) .
and the use of fine traffic granularity to achieve lower ay- VW& have investigated a new aspect of traffic aware rout-

erage link loads. The figure suggests using the coars& In IP networks. Specifically, we explored the impact
possible traffic granularity that achieves a “significan®! raffic and time granularity on routing performance.
decrease in average link loads, e.g., a mask of 4 in tfr Performance measure was based on a traditional de-
current environment. Further reductions in traffic granL!J@y ba_sed cost function, _bUt we expect c_omparable find-
larity result in only minor improvements in average load49S With other cost functions. The investigation was car-
and the greater short term traffic variability they inducd€d out using actual traffic and flow data collected on the

often becomes the dominant effect, worsening short terapf Nt operational Internet backbone.
performance. One of our goals was to assess the relation that exists

between routing performance and routing’s ability to split
traffic across paths at different levels of granularity. The
method used in the paper to generate different levels of
traffic granularity was to apply masks of different sizes to



the destination IP address of packets. This was meant for
illustration purposes as it provided a systematic way of
varying traffic granularity; however, it is also meaningful3]
to operators as it gives a general sense of blocks of cus-
tomers that belong to the same subnet. We plan to extend
this to other fields and combination of fields in the pack f{
header, to study how different classification methods :I d
fect the relation between traffic granularity and variabil[—5]
ity. Ideally, we would like a classification scheme that lets
us achieve fine granularity without significantly increas-
ing variability. In particular, we investigated the trade-
off that exists between improving long term performance
by finer splitting of traffic across paths, and the potentig]
degradation of short term performance that greater traffic
variability can induce.

The main contributions of the paper consist of: (1[)7]
identifying the impact of traffic granularity on routing
performance, and in particular establishing that the b
of the improvement occurs with a relatively small number
of streams; (2) designing and evaluating a routing heuris-
tic (Heuristic 2) that approximates the performance of
“optimal” routing reasonably well, while taking the con-
straints of traffic granularity into account; (3) observingP]
that while finer granularity routing improved average per-
formance, this did not always carry over to smaller time
scales, as the greater variability of finer grain traffic ofte!
offset most of the resulting performance improvements.

We believe that the findings of the paper provide initial
guidelines for deploying traffic aware routing, i.e., most
of the benefits can be achieved using a small number[bdf]
paths and relatively coarse traffic splitting. Furthermore,
finer grain optimization may turn out to be detrimental
to short term performance. This being said, we belieyt?]
that finer grain routing has the potential to offer additional
performance improvements, provided that the splitting of
traffic can be done without significantly increasing traffic
variability. We intend to design and evaluate new aggrers
gation heuristics that directly incorporate both traffic and
time granularities, in order to achieve those performance
improvements. We are collecting more data from differ-
ent POPs and will use them in this investigation. [14]
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