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: Internet TraÆ
Engineering and Self-SimilarityChih-fan Hsin08507134I. OverviewRe
ent measurements of lo
al-area and wide-area traf-�
 have shown that network traÆ
 exhibits variability ata wide range of s
ales. Su
h s
ale-invariant variability isin strong 
ontrast to traditional models of network traÆ
.These four papers study the 
auses and e�e
ts of traÆ
self-similarity.II. Paper 1: On the Self-Similar Nature ofEthernet Traffi
A. Introdu
tionThe main obje
t of this paper is to establish in a statis-ti
ally rigorous manner the self-similarity 
hara
teristi
 ofthe very high quality, high time-resolution Ethernet LANtraÆ
 measurements in the LAN traÆ
 data 
olle
ted by anearlier paper. Using the degree of self-similarity as a mea-sure of burstiness, [1℄ shows that the burstiness of LANtraÆ
 typi
ally intensi�es as the number of a
tive traÆ
sour
es in
reases.First, [1℄ introdu
es di�erent manifestations, su
h asslowly de
aying varian
es, long-range dependen
e, and aspe
tral density obeying a power-law, of the property of the
ovarian
e stationary pro
ess X , namely that X is asymp-toti
ally or exa
tly se
ond-order self-similar. [1℄ also intro-du
es three methods, whi
h are the R/S plot, the varian
e-time plot, and the periodogram-based analysis, to estimatethe degree of self-similarity. Then, [1℄ uses tra
e data 
ol-le
ted to explore the properties of self-similarity.Four data sets are 
onsidered in this paper. The �rst twosets were from an Ethernet network serving a laboratory ofresear
hers. However, the se
ond one was taken after theSun-3 
lass workstations were repla
ed with RISC-basedworkstations. Be
ause of the in
reased 
omputing powerof the ma
hines 
onne
ted to this segment, the networkload in
reased appre
iably. The third data set 
ame froman Ethernet 
able that linked the two wings of the fa
ilitythat were o

upied by a laboratory. It was also the segmentserving links to the outside Internet world. The last dataset was taken from the building-wide Ethernet ba
kbone.The overall traÆ
 levels were mu
h lower than for the otherthree sets. The traÆ
 is primarily router to router ratherthan host to host.B. Results from Colle
ted Tra
e DataEthernet traÆ
 over approximately a 24-hour period isself-similar, with the degree of self-similarity in
reasing as

the utilization of the Ethernet in
reases.For traÆ
 over a four-year period, [1℄ uses the maximumlikelihood type estimates to estimate H and 
onsiders a95%-
on�den
e interval. [1℄ shows that Ethernet traÆ
during normal traÆ
 hours 
an be 
onsidered to be ex-a
tly self-similar rather than asymptoti
ally self-similar.For long time series 
onsidered, graphi
al estimation meth-ods based on R/S or varian
e-time plots 
an be expe
ted tobe very a

urate. The Hurst parameter 
orresponding tothe typi
al normal and busy hours, respe
tively, are 
ompa-rable with slightly higher H-values for the busy hours thanfor the normal traÆ
 hours. The aggregate traÆ
 tendsto be
ome less smooth as the number of a
tive sour
esin
reases. The results also show some typi
al features ofnonstationarity, whi
h are 
hara
teristi
 of stationary long-range dependent pro
ess.For external ethernet traÆ
, in terms of the self-similarnature, external traÆ
 does not di�er from the internaltraÆ
. A more signi�
ant 
hange in the Hurst parametero

urs during the low traÆ
 hours. While the internaltraÆ
 data yield an H about 0.7, the external traÆ
 datayield and H about 0.5. This means 
onventionally usedshort-range dependent models seem to des
ribe the dataa

urately for external ethernet traÆ
 during the low traÆ
hours.C. Engineering for Self-Similar Network TraÆ
To 
reate the self-similarity, [1℄ suggests that a simplerenewal reward pro
ess is an adequate traÆ
 sour
e modelfor an individual Ethernet user.For measuring "burstiness" for self-similar network traf-�
, [1℄ 
laims that the 
ommonly used measures su
h as theindex of dispersion, the peak-to-mean-ratio, or the 
oeÆ-
ient of variation are no longer meaningful for self-similartraÆ
 but 
an be repla
ed by the Hurst parameter.[1℄ also dis
usses two methods for generating asymp-toti
ally self-similar observations. The �rst one simulatesthe bu�er o

upan
y in an M=G=1 queue, where the ser-vi
e time distribution G satis�es the heavy-tail 
ondition.An in�nite varian
e servi
e time distribution results in anasymptoti
ally self-similar bu�er o

upan
y pro
ess. These
ond method exploits a 
onvergen
e result that when ag-gregating many simple AR(1)-pro
esses, where the AR(1)parameters are 
hosen from a beta-distribution on [0,1℄with shape parameters p and q, then the superposition pro-
ess is asymptoti
ally self-similar.



2D. Some ThoughtsIn order to generate syntheti
 tra
es of self-similar traf-�
, exa
tly self-similar models su
h as fra
tional Gaussiannoise, or some nonlinear transformation of fra
tional Gaus-sian noise or asymptoti
ally self-similar models su
h fra
-tional ARIMA pro
esses 
an be used. However, parame-ter estimation te
hniques for these models often turn outto be 
omputationally too intensive in order to work forlarge data sets. Therefore, [1℄ dis
usses two 
omputation-ally unintensive methods,M=G=1 and AR(1), to generatesyntheti
 tra
es.III. Paper 2: On the Relationship Between FileSizes, Transport Proto
ols, andSelf-Similar Network Traffi
A. Introdu
tion[2℄ examines a me
hanism that gives rise to self-similarnetwork traÆ
 and presents some of its performan
e im-pli
ations. The me
hanism is the transfer of �les or mes-sages whose size is drawn from a heavy-tailed distribution.The me
hanism [2℄ proposes is motivated by the ON/OFFmodel. The ON/OFF model shows that self-similarity 
anarise in an idealized 
ontext as a result of aggregating alarge number of 0/1 renewal pro
esses whose ON or OFFperiods are heavy-tailed.The network model is given by a dire
ted graph 
onsist-ing of n nodes and m links. A node is a server node if ithas a probability density fun
tion pi(X) where X � 0 isa random variable denoting �le size. This probability den-sity fun
tion is a Pareto distribution. p(x) = �k�x���1.A node is a 
lient node if it has two probability densityfun
tions hi(X); di(Y ); X 2 f1; :::; ng; Y 2 R+, where hiis used to sele
t a server, and di is the inter-arrival time (orthe idle time) distribution. Based on this model, [2℄ usesns simulator to obtain its results.B. Results[2℄ uses the varian
e-time plot and the R/S plot to showthe following result. The degree to whi
h �le sizes areheavy-tailed 
an dire
tly determine the degree of traÆ
self-similarity at the link level. This means that there is anearly linear relationship, whi
h is 
lose to H = (3��)=2,between H and � over a wide range of network 
onditions.This 
ausal relationship is robust with respe
t to 
hangesin network resour
es (bottlene
k bandwidth and bu�er 
a-pa
ity), network topology, the in
uen
e of 
ross-traÆ
, andthe distribution of inter-arrival times.Then, [2℄ uses Pareto distribution to model the idle timedistribution instead of using exponential distribution usedbefore. For �le size distribution with � 
lose to 2, the
orrelation stru
ture introdu
ed by heavy-tailed idle timeis signi�
ant relative to the 
ontribution of the �le sizedistribution. As � approa
hes 1, however, the tail weightof the �le size distribution be
omes the dominating term,and the 
ontribution of idle time with respe
t to in
reasingdependen
y is insigni�
ant in 
omparison.Properties of the transport layer also play an importantrole. The reliable transmission and 
ow 
ontrol me
h-

anisms of TCP serve to maintain the log-range depen-den
y stru
ture indu
ed by heavy-tailed �le size distribu-tions. In 
ontrast, if a non-
ow-
ontrolled and unreliable(UDP-based) transport proto
ol is used, the resulting traf-�
 shows little self-similarity: although still bursty at shorttime s
ales, it has little long-range dependen
e.In
reased self-similarity, results in degradation of perfor-man
e. Queuing delay exhibits a drasti
 in
rease with in-
reasing self-similarity. Throughput-related measures su
has pa
ket loss and retransmission rate in
rease only gradu-ally with in
reasing traÆ
 self-similarity as long as reliable,
ow-
ontrolled transport proto
ol is used.C. Some ThoughtsThe simulation is based on the heavy-tailed distribu-tions. Therefore, the simulation shows the properties ofself-similarity. However, it does not mean that a real net-work has these properties. [2℄ 
an use the tra
e of the realnetwork traÆ
 to show that its simulation results are 
or-re
t.IV. Paper 3: On the Relevan
e of Long RangeDependen
e in Network Traffi
There is mu
h experimental eviden
e that network traf-�
 pro
esses exhibit ubiquitous properties of self-similarityand long range dependen
e (LRD). [3℄ introdu
es and eval-uates su
h a network traÆ
 model in whi
h important pa-rameters, namely the �nite range of time s
ales of interestand the marginal distribution of the pro
ess, 
an be 
on-trolled. The model in [3℄ is a modulated 
uid traÆ
 modelin whi
h the 
orrelation fun
tion of the 
uid rate mat
hesthat of an asymptoti
ally se
ond-order self-similar pro
esswith given Hurst parameter up to an arbitrary 
uto� timelag, then drops to zero.A. Model des
riptionThe sour
e traÆ
 model is des
ribed by a randompro
ess fXtg whi
h represents the 
uid rate at time t.Xt = �(n) for �n � t < �n+1. The inter-arrival timesTn = �n+1 � �n are i.i.d. with 

df PrfTn > tg = FT (t).The 
onstant 
uid rate �(n) is i.i.d. with distributionPrf�(n) = �ig = �i.[3℄ 
onsiders a trun
ated Pareto distribution as FT (t).FT (t) = ( t+�� )�� if t < T
 and 0 otherwise. T
 is the
uto� lag. There is no 
orrelation in the 
uid rate pro-
ess beyond lag T
. Based on this distribution, [3℄ derivesthe auto-
ovarian
e fun
tion of Xt, whi
h is de�ned by�(t) = E[(X0 � �)(Xt � �)℄ where � = ��1T . �(t) be-haves asymptoti
ally as t��+1 when T
 !1. Thus, whenT
 = 1, fXtg is asymptoti
ally se
ond-order self-similarwith Hurst parameter H su
h that �� + 1 = �(2 � 2H).When T
 is �nite, the 
orrelation drops to zero at lag T
and fXtg has no LRD. This sour
e model allows people to
ontrol the marginal 
uid distribution �, the time-s
ale T
,and H .Next [3℄ examines the performan
e of a queue with 
on-stant servi
e rate 
 and a �nite bu�er B fed with the 
uidsour
e model. Let Q(n) be the 
ontinuous random variabledes
ribing the queue o

upan
y at arrival instant �n, and



3let W (n) = Tn � (�(n) � 
). The 
ontinuous random ran-dom variable W (n) is the di�eren
e between arriving anddeparting work in inter-arrival interval n. The stationarydensity fQ(x) of the queue o

upan
y is derived and 
anbe numeri
ally solved.Then let the random variableWl = (W � (B�Q))+ rep-resents the amount of lost work in an inter-arrival interval.The long-term stationary loss rate de�ned as the ration ofwork lost to work arriving is l = E[Wl℄�E[T ℄ . [3℄ derives a lowerbound and an upper bound for l. These bounds are shownto 
onverge rapidly to the limiting o

upan
y.B. Numeri
al resultsThe loss rates 
onsidered are the average of the upperand lower bounds. The parameters of interest are the bu�ersize B, the 
uto� lag T
, and marginal 
uid rate distribu-tion �.For ea
h bu�er size, the loss rate is not signi�
antly af-fe
ted if the 
uto� lag in
reases beyond some value. [3℄refers to this value as the 
orrelation horizon (CH). Therate at whi
h the loss rate de
reases as the bu�er sizein
reases depends on the value of the 
uto� lag. Forsmall 
uto� lags, the de
rease is approximately exponen-tial. However, as the 
uto� lag in
reases, the rate of de-
rease a
tually de
reases. The simulation results are usedto 
he
k these numeri
al results.Next [3℄ 
onsiders two transformations of the marginaldistribution. The �rst one s
ales the density of themarginal distribution by a 
onstant fa
tor �. The se
ondone 
onvolves the original distribution n times and renor-malizes it to the original mean. The results show that theimpa
t of the transformations on the loss rate for the rangeof parameters 
onsidered is mu
h greater than that of theHurst parameter. Small 
hanges in the marginal s
alingfa
tor � yields dramati
 
hanges in the loss rate.For the numeri
al results above, [3℄ 
laims that themarginal distribution is a 
ru
ial parameter and it mustbe taken into a

ount for a

urate loss predi
tion. Fur-thermore, superposing even a moderate number of streamssharply de
reases the loss rate, indi
ates that statisti
almultiplexing is an eÆ
ient me
hanism to a
hieve high uti-lization while keeping loss low. Large bu�ers are helpfulto signi�
antly redu
e the loss rate only for short-rangedependent traÆ
.[3℄ also des
ribes a simple way to estimate the 
orrelationhorizon in terms of the various system parameters.C. Some ThoughtsThe 
uto� lag and the marginal 
uid rate distributionare not really the 
ontrol parameters. We 
an not adjusttheses values in a real appli
ation.This model is not well-suited for sour
es with separatestru
tures for the short term and long term 
orrelation.The literature on Markov modeling reports good perfor-man
e predi
tion for �nite bu�er systems even when inputtraÆ
 streams are 
orrelated over many time-s
ales. [3℄shows that there exists a 
orrelation horizon whi
h sepa-rates relevant and irrelevant 
orrelation with respe
t to the

performan
e measure of interest.Tra
e generation based on self-similar models must alsotake into a

ount statisti
s su
h as the marginal distribu-tion in order to a
hieve a

urate performan
e predi
tion.V. Paper 4: Varian
e of Aggregated WebTraffi
A. Introdu
tionIf data traÆ
 were Poisson, in
reases in the amount oftraÆ
 aggregated on a network would rapidly de
reasesthe relative size of bursts. The dis
overy of pervasive long-range dependen
e demonstrates that real network traÆ
is burstier than any possible Poisson model. [4℄ presentseviden
e that, despite being non-Poisson, aggregating WebtraÆ
 
auses it to smooth out as rapidly as Poisson traÆ
.That is, the relationship between 
hanges in mean band-width and 
hanges in varian
e is the same for Web traÆ
as it is for Poisson traÆ
.[4℄ 
onsiders only Web traÆ
. The Web traÆ
 fromtra
es of network traÆ
 is self similar. From the tra
es,[4℄ shows that the varian
e of aggregated bandwidth s
alesalmost linearly with the bandwidth. That is, the standarddeviation s
ales with the square root of the total band-width. This is the same s
aling behavior that Poisson traf-�
 exhibits with respe
t to aggregation, and suggests thatWeb traÆ
 is likely to smooth out qui
kly under in
reasingaggregation. The explanation is given.B. ExplanationsThe tra
es show that a 
hange in the number of users af-fe
ts the varian
e in a way that depends on the 
orrelationbetween users. Changes in the per-user bandwidth also af-fe
t per-user varian
e, whi
h in turn 
hanges the aggregatevarian
e.[4℄ uses some statisti
s from the tra
es to show that thereis very little 
orrelation among users and the bandwidthdistribution of the aggregate is 
lose to normal. There-fore, the varian
e of aggregate traÆ
 equals the sum of thevarian
es of the individual users. This la
k of 
orrelationhelps to explain why the varian
e of aggregated bandwidth
hanges linearly with the bandwidth, and implies that WebtraÆ
 aggregates mu
h like Poisson traÆ
.C. Per-User Varian
eTra
es show that per-user varian
e also demonstrates analmost linear relationship to per-user mean bandwidth. [4℄uses a mathemati
al model to show this relationship.First, 
onsider the 
orrelations of ON/OFF/transfer sizeand the user average bandwidth. The tra
es show thatvariation in user bandwidth is mainly 
aused by di�erentOFF periods and that the average ON periods and transfersizes tend to have less e�e
t on the bandwidth for mostusers. Based on this dis
overy, [4℄ gets V = 
B whereV is the varian
e and B is a user's average bandwidth ofa 
y
le. Therefore, the varian
e of a user's bandwidth ismostly proportional to the user's average bandwidth.



4D. Some Thoughts[4℄ 
onsiders only 
ases in whi
h the traÆ
 stream en-
ounters no 
ommon bottlene
ks. IF there are bottlene
ks,I expe
t that Web traÆ
 aggregates unlike Poisson traÆ
.The results in this paper apply only to intera
tive WebtraÆ
; they are only useful on links engineered to avoid per-sistent queuing; and they are only useful within the 
ontextof a busy hour.VI. Comparison of Four Papers[1℄, [2℄, [3℄ show the self-similarity manner in networktraÆ
. However, [4℄ shows that Web traÆ
 aggregates in aPoisson-like well behaved manner. A
tually, [1℄ also showsthat for external traÆ
 during low traÆ
 hours short-rangedependent modes seem to des
ribe the data a

urately.[2℄ uses the varian
e-time plot and the R/S plot to testand estimate H . [1℄, [3℄ uses the varian
e-time plot, theR/S plot, and the periodogram plot to test and estimateH .[2℄ 
onsiders the transfer of �les whose size is drawn froma heavy-tailed distribution. [3℄ 
onsiders the rate 
hangeswhose inter-arrival time is drawn form a heavy-tailed dis-tribution, a trun
ated Pareto distribution.[2℄, [3℄ starts from the view of the generation of self-similarity, whi
h means a heavy-tailed distribution. [4℄starts from the view of the property of self-similarity, thelong-range dependen
e nature.Referen
es[1℄ W. Leland, M. Taqqu, W. Willinger, and D. Wilson. On the Self-Similar Nature of Ethernet TraÆ
.IEEE/ACM Trans. Network-ing, Vol. 2, No. 1, 1994.[2℄ K. Park, G.T. Kim, and M.E. Crovella. On the relationship be-tween �le sizes, transport proto
ols, and self-similar network traf-�
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. ICNP, 1996.[3℄ M. Crossglauser and J. Bolot. On the relevan
e of long rangedependen
e in network traÆ
. IEEE Trans. Networking, 1998.[4℄ R. Morris and D. Lin. Varian
e of aggregated Web traÆ
. INFO-COM 2000.


