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Abstract—Computer systems are increasingly driven by work- we use these simple models to predict the number of accesses
loads that reflect large-scale social behavior, such as rapid that a video will have in the near future as a tool for capacity
changes in the popularity of media items like videos. Capacity planning?

planners and system designers must plan for rapid, massive o It h that th I t f
changes in workloads when such social behavior is a factor. In this ur results show that there areé small Sets of common

paper we make two contributions intended to assist in the design Patterns that describe frequently-accessed and rarelysaed
and provisioning of such systems. We analyze an extensive datasevideos respectively. We also show how to leverage these smal

consisting of the daily access counts of hundreds of thousands ofsets of common patterns in order to predict future daily siew
YouTube videos. In this dataset, we find that there are two types for individual videos.

of videos: those that show rapid changes in popularity, and those For f | d vid h h
that are consistently popular over long time periods. We call or frequently-accessed videos, we show that common

these two typesrarely-accessed and frequently-accessed videos, Patterns can be extracted via principal component analysis
respectively. We observe that most of the videos in our data set We show that approximately 20 principal components are
clearly fall in one of these two types. For each type of video gyfficient to summarize the most popular 1000 videos. We
we ask two questions: first, are there relatively simple models yo yse these principal components in order to efficiently
that can describe its daily access patterns? And second, can we . S . . .

use these simple models to predict the number of accesses that aoredlct future. daily views for each V|deq L_Js'ng autoregress
video will have in the near future, as a tool for capacity planning? models. In this way, we show how to efficiently forecast next-
To answer these questions we develop two different frameworks day access counts for with low absolute relative error.

for characterization and forecasting of access patterns. We stw For rarely-accessed videos, we employ a clustering method
that for frequently-accessed videos, daily access patterns cdie y, qjassify bursts of popularity. We show that approximatel
extracted via principal component analysis, and used efficiently " .

for forecasting. For rarely-accessed videos, we demonstrate al0 classes are sufficient to r_epresent most short-time Sbur_st
clustering method that allows one to classify bursts of popularity Based on these clusters, we introduce a method that combines
and use those classifications for forecasting. receiver operating characteristics (ROC) analysis wiklelii

hood ratio testing in order to classify access patternsnenli
and forecast future access counts. We show that this method

Video sharing is one of the most popular applications agan achieve low relative error in forecasting next-day ases
the Internet. The largest video sharing site is YouTube,emlvnfor rarely-accessed videos.
by Google Inc. According to [10], approximately 2 billion The rest of the paper is organized as follows. We describe
videos are watched and hundreds of thousands of new videws dataset in Section Il. We then introduce four key methods
are uploaded every day. Today, Google generétel)% of all in Section 1ll. In Section IV and V we present our main
Internet traffic and its largest contributor is YouTube [Bhis results on frequently-accessed and rarely-accessed syideo
level of demand makes system design and capacity planniegpectively. In Section VI we review related work and we
important issues for such sites. summarize our contributions in Section VII.

Despite the importance of these issues, very little work has
characterized the dynamics of individual video accesses ov
time. To help fill this gap, this paper makes two contribusion One of the strengths of our study derives from our dataset.
First, we characterize a workload that consists of userssase We obtained it directly from Google, and it represents a
to individual videos. Second, we show how to use thesggobal view of video accesses observed at YouTube servers.
characterizations to predict future demand. In contrast to datasets used in YouTube characterization to

To do so, we analyze a dataset consisting of the daily tindate, our data set is not restricted by video category (e.g.
series of 100,000 YouTube videos. In this dataset, we find threntertainment or sports) nor by the recommendation system
there are two types of videos: those that show rapid changd#sYouTube. The entire dataset is 326 GB in size and consists
in popularity, and those that are consistently popular ¢meg of millions of videos. From this large dataset, we select a
time periods. We call these two types of videasely-accessed  subset consisting of the most popular 100,000 videos onl Apri
and frequently-accessed videos, respectively. We observe thatlst, 2008. For each video, the available information is a one
most of the videos in our data set fall clearly into one of ¢hegear long time series of daily views (from February 25th 2008
two classes. Using this dataset we study two questions; fist February 25th 2009) and a unique identifier that does not
are there relatively simple models that can describe thly daieveal the video’s actual name or category. Hence, no migtada
access patterns of these two kinds of videos? And second, canvideos is available.

I. INTRODUCTION

Il. DATASET



3210 : : ‘ that minimizes||X — X||, once can use the SVD of as
follows:!
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i=1

Rarely Acc. Frequently Acc.

There are two pre-processing steps that may be applied on
matrix X prior to SVD. The first one is mean centering, i.e.
subtracting the column mean from each entry. The second is
to normalize each entry by thig-norm of its column.

Number of Videos

B. Autoregressive Moving Average Model

ng%ber of I\Zl%onzero Vi%?/(\)/s 400 An Autoregressive Moving Average (ARMA) model is.or_1e
) ] of the most popular methods for modeling and predicting
Fig. 1: Histogram of the number of days that have nonzefgtyre values of a time series [1]. It consists of two parts:

views. an Autoregressive (AR) model and a Moving Average (MA)
model. Given a time serie¥, an AR model of ordep is
defined as:

As already mentioned, we find two different behaviors in
video access time series: some videos are consistentlyjigropu
over long time periods, while the others show rapid changes .
in terms of popularity and are viewed only on a small numb&fhereai, ..., «;, are the parameters of the model ands a
of days. Based on this observation we divide our dataset ifiite noise error term. An MA model of order is defined
two categoriesfrequently-accessed videos andrarely-accessed 25 follows: q
videos, respectively. Y, =€ + Z Oj€r; 2)

Figure 1 illustrates the number of days a video has at least j=1
one view. Based on Figure 1, we separate videos into tﬁﬁ‘%

P
Y, = Z%‘Ytﬂ' +e€ 1)
i=1

o erefy, ..., 0, are the parameters of the model and..., ¢;
categories: thos_e that have at least one access on more nagain white noise error terms. Combining Equations (1)
half of the days in the year (frequently-accessed) and ttiate nd (2), an ARMA model of ordefp, ¢) is written as follows:
are accessed on less than half of the days in the year (raré?}y ' ’

accessed). Figure 2 shows some examples illustrating the P 1
Y, = Z%‘Yt—i + e+ Zejet—j
=1 Jj=1

difference between frequently-accessed and rarely-aedes ©)
videos. The differences suggest that different charazzttan
and forecasting techniques may work better for each cagegofhe error termse, are generally assumed to be Gaussian i.i.d.

which in fact we show in the following sections. random variables with zero mean and constant variance.
I1l. METHODS C. Hierarchical Clustering
In this section, we briefly introduce the methods used for Clustering is an unsupervised learning technique. It gsoup
characterization and forecasting video time series. data objects in such a way that the objects in the same cluster
are more similar than are objects in different clusters.réhe
A. Singular Value Decomposition (SVD) are a variety of clustering algorithms in the literaturepptar

choices are hierarchical clustering and K-means [8]. Is thi
work, we use hierarchical clustering.
Hierarchical clustering creates a tree of clusters wheee th
- ) - root represents the set of all objects and each leaf represen
X=U%V" = OitiV; an individual object. In this work, we use bottom-up (agglom
=1 erative) strategy: starting at the leaves, clusters aregeaer
whereU andV are orthonormal matrices such tHRa&U” = I successively based on pairwise similarity between objects
andVV7T = I. Let u; andv; be thei*® columns ofU and each cluster. The number of clusters at which merging stops
V respectively. MatrixX is a m x n diagonal matrix where is a tunable parameter. When clustering time series, siityilar
each diagonal entry is a singular valug, The matrixX is can be defined in terms of the metrics such as Euclidean or
arranged in such a way that > o;.,. This factorization is Cosine distance. We use Euclidean distance for clusteiinyg,
called theSngular Value Decomposition (SVD) of X. also make use of Cosine distance (as described below).
One of the most popular applications of SVD is matrix
approximation, i.e. approximating a matriX with another  'The Frobenius norm of anm x n matrix M is ||[M|lp =
matrix X of lower rankr. To find a matrix X with rank » />, 37—, M2

For anym x n real matrix X, there exists a factorization
of the following form:

min(m,n
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Fig. 2: Example time series of video accesses: rarely-aece@op row) and frequently-accessed (bottom row). Fleis is
time (in days) and thg axis is the number of daily views.

D. ROC Analysis and normalizeX as explained in Section IlI-A. Figure 3a

A Receiver Operating Characteristics (ROC) plot is a visuaiémonstrates the magnitudes of the singular valuex’.ofm
ization of the performance of a classifier. ROC graphs depiétis figure, it is seen that there is a knee around 2h€'
the trade-off between true positives and false positives aingular value. To be more accuragg? of energy level is
detection threshold is varied. We mostly use standard RGi€hieved by largest0 singular values, where total energy is
analysis [6] with the only unusual aspect being the extensig€fined as a function of singular values, of X as follows:
to multi-class detection. Let,, ..., ¢, be the classes to which>_i—1 7;- This suggests that there is a considerable structure
instances are to be mapped. For each classseparate ROC and onIyQQ princip_al components are enough to approximate
plot is generated as follows: Any instance that is classifi@/r collection of videos. _
¢; is considered positive and any instance that is classified to! he largest three principal components are presented in the

any other class is considered negative. Further discussiontoP row of Figure 4. The first principal component shows a

multi-class ROC plots is available in [6]. steady increase during the year. The second principal com-
ponent shows increase until the middle of the year and then
IV. FREQUENTLY ACCESSEDVIDEOS decrease. The third component shows two fluctuations during

We these tools in hand, we can now describe our malihe year. One common behavior in these principal components
results. In this section we analyze frequently-accessaeog, is that they all show distinct 7-day fluctuations.
and in the next section we analyze rarely-accessed videns. Aln the next section, we show that this compact representatio
mentioned above, frequently-accessed videos are thosartha helps efficiently predict the daily accesses that videosivec
continuously popular during the year, i.e. viewed almostrgv in the future.
day. For this analysis, we concentrate on the most popuEr

1000 videos as measured by the total number of views. Forecasting
ot As described in Section IlI-B, one of the most popular
A. Characterization techniques for time series ARMA modeling. To assess the

Our characterization focuses on (1) understanding commaotility of ARMA modeling for our data, we first apply this
patterns in data, and (2) using that understanding as amaidrtethod on each video individually. To set the order of the
prediction. model (p, ¢), we use one-day-ahead ARMA predictions with

We observe that there are temporal correlations in oorder values ranging frorty, 4) to (12, 12). We find that(7, 7)
frequently-accessed data set. By employing SVD, we decoiathe smallest order that yields good results. This suggbst
pose the time series into their main constituents. Kebe using observations of one week past is sufficient for modelin
a 366 x 1000 matrix, where each column oK is a 366- the behavior of the next day. In fact, this is understandable
day time series of a video. Prior to SVD, we mean centéght of the weekly fluctuations seen in our time series.



20 T T T 0.45 700
== Ind. prediction| -=Ind. prediction|
L —— PC prediction 1 ——PC prediction
_ 04 600} 1 I
5 i
15 5 osst s0 "
3 2 o3 I
El T L 2008}
' 10 © 0.25¢ g H
=] o [
IS ° ; o 300
s 5 0.2} ! i
) 2 200
Sy @ 0.15¢
Q
< 0.1 14 100
0 0.05 0
0 100 i 200 300 400 200 220 240 ZGO 280 300 320 340 360 200 220 240 ?GO 280 300 320 340 360
Singular Values Time (days) Time (days)
(a) Singular Values of Most Popular 1000 Videos (b) Absolute Relative Error (c) RMSE
Fig. 3: Video access characterization and forecastingracgu
0.1 0.15 0.25
0.1t 0.2
0.05¢ 0.05¢ 0.15
(0] (] (]
= =2 =
< S o < 01
> o > >
> > >
=) 5 -0.05" 5 o005
[ [ [
L L L
-0.05¢ 01 0
-0.15 -0.05
03 100 200 300 400 05 100 200 300 400 03 100 200 300 400
Time (days) Time (days) Time (days)
0.1 : 0.15 : 0.15 :
0.1t
0.1
0.05¢ 0.05f
g g g
S s o 3 0%
> > >
> > >
=) 5 -0.05¢ =
= = c 0
L i} i}
005 -0.1
-0.05
-0.15
o 100 200 300 400 % 100 200 300 400 0 100 200 300 400
Time (days) Time (days) Time (days)

Fig. 4. The largest three principal components (upper) &ed tARMA predictions (lower). Ther axis is the time (in days)
and they axis is the magnitude of the principal component.

For each time series, we use the first half of the year as thé5 and RMSE is below200 for most days.
training set for generating an ARMA model. Then for each of While this method shows good accuracy, its computational
the remaining 183 days, we forecast one day aRead. cost is unfortunately high, and scales with the number of
To define an error metric, IeX;; be the true view count and videos to forecast, because it requires generating a model f
Xij be the predicted view count on dayfor video j. Then, each video separately. Our strategy for making cost maragab
average absolute relative error is deﬁnedj%ag:é\]: ) IXi{Xinjl cpmbmes the two ob.serva.tlons made so far: approximation
and average root mean squared error (RMSE) is defined ‘48 PCA and forecasting with ARMA models. Our approach

1 N o 2 . . is to apply ARMA modeling on the principal components of
NV\CZ‘%J—(} Etht A_\R)If/llﬁ ’ Wg‘elTeN IS Lhe numberf OI]I( v;de(f)s. the data instead of the individual time series. In other wprd
¢ find tha Modeling Works successiully Tor 1oré-,iead of directly forecasting the individual time series

cr_:lsting fut_ure daily accesses. The dasheql line in Figuren@b Jorecast the principal components, an approach we Rall
Figure 3c |Ilustrgte average absolute relative error, q:nxﬂage forecasting. Just as for individual time series forecasting, in
RMSE, respectively. Errors are averaged over all V|de0EnfroPC forecasting we use the fird&3 days as the training

day 184 to 366. The average absolute relative error is beloget to generate ARMA models with ordéF,7) and predict

2Note that forecasting more than one day ahead is possibleit aifth One'_day ahead for the rest of th(_a Year' The b‘?ttom row
less accuracy. We omit this analysis for lack of space. of Figure 4 shows the ARMA predictions of the first three
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Fig. 5: Examples of one-day ahead PC forecasting. Dashed &ire actual time series and solid lines are PC forecasts.

principal components. As can be seen, ARNIA7) models ing.

can accurately forecast the principal components. In sum, we see that exploiting the structure inherent in the
However, our main goal is predicting not the principafiata means that, instead of constructing thousands of ARMA

components but the original daily views. This requires sranmodels, one only needs to construct a small number of models.

forming PC forecasts into the individual forecasts. Dgt, This provides a s_ignificant improvement in scalability, fwit

be the rows ofX from day 1 to dayt and X,., be the pre- Very litle penalty in accuracy.

p~rocgssed form ole:_t pripr to SVD (see Section III—A). V. RARELY ACCESSEDVIDEOS

X1.; is decomposed into it&/;.;, X', and V' after SVD is

applied. The columns df’;.; are the principal components of

matrix X;.; and Uy, represents the first0 columns ofU;.,.

Initially, an ARMA model is generated for each column o

Ut.1s3. Then, by using these models, on any day/;, 1 can

Rarely-accessed videos are those that are viewed during
a small portion of the year, e.g. a couple of days, weeks
pr months. Approximately 50,000 videos (half of the videos
in our data set) fall into this category. Among these 50,000

be computed. At this point, we can approximatg.;., as videos, we randomly choose 10,000 of them as the training
the product 0f(71-t+12’V'T ,The last step is to revgrse theet and we use the remaining 40,000 videos as our test set for

pre-processing prior to SVD, by converting..s 1 to Xy.41. the methods developed in the next sections.

Figure 5 shows some examples of time series and their AC Characterization

forecasts. It shows that PC forecasting can be very suadessf Rarely-accessed videos typically show short-time poftylar

in predicting the next day’s accesses. To obtain a sensepfsts. These bursts may occur for a variety of reasons
overall error, Figures 3b and 3c compare the performance jat|uding information dissemination in social networkin¢e

PC forecasting and individual forecasting. In both figutés, youTube is a socially-driven system, and its content can
dashed line represents the day by day error in individu@-forye embedded in online social networking sites). For that
casting and the solid line represents error in the PC foteeas reason, identifying the shape of popularity bursts is pairly

The x-axis starts from day84, since we start forecasting ONimportant. Unlike the time series in the frequently-aceess
day 183. In Figure 3b, for both individual and PC forecastingyigeos, PCA is not suitable for characterizing rarely-asseel

the absolute relative error is quite low. The mean absolugjeos since these time series have large amount of zero-
relative error is around).12 for individual forecasting and yg)yed daily views. Moreover, we are interested in the shape
0.14 for PC forecasting. Figure 3¢ shows the RMSE on eagj the bursts themselves instead of the principal compenent
day. The mean RMSE is abous0 for individual forecasting that generate the time series. Hence, in order to reveaéthes
and 117 for PC forecasting. These values are low given thahapes, we use turn to a different dimensionality-reduactio
the daily views of the videos range between the scale0df method: clustering.

- 107 Before clustering, we extract a time window of 64 days
While the increase in error due to PC forecasting is smaffom each video around its maximum daily view. We select
the improvement in scalability is large. PC forecastinguisgs the maximum (peak) value of each time series as its central
training only 20 ARMA models, a number that is not expectedhlue and take the first 31 values before and 32 values after
to change significantly as the number of videos modelg¢de center, so that maximum value of all time series appears
grows. Even for only 1000 videos, this is a considerablergpvion day 32. Moreover, we normalize each time series by its
in running time. For example, on a four processor 2.66GHmaximum value so that all maximum values are equal to 1.

Intel with 4GB of RAM, running 64-bit Linux, individual  After this preprocessing, we cluster time series usingdnier
forecasting takes44 seconds, whereas PC forecasting takehical clustering with the Euclidean distance metric. Idesr
150 seconds to finish. Thus, for our set 00 videos, PC to choose the right number of clusters, we look at how the
forecasting is abous.5 times faster than individual forecast-average standard deviation of time series in the same cluste



e ‘ distance. Treatingl,.; andY7.; as two vectors irt-dimensions
we calculate the angle between thefn, via the following
equation:
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Given the angle betweeA;., andY., for each cluster, we
seek the cluster to which videomost likely belongs. In order
to do that, we use a likelihood ratio test. First, for eaclsteu
we construct the empirical distribution of the angle betwee
the mean of the cluster and each training set time series
L : mapped to it. Likewise, we also construct the distributidn o
1 5 10 15 20 25 30 40 50 ..
Number of Clusters the angles between the mean of the cluster and each training
set time series that is not mapped to it. Then, given a video
that has anglex with clusterc;, we compute the likelihood
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Fig. 6: Average within-cluster standard deviation vs. nemb

of clusters. ratio for assigning the video to that cluster as:

' - . (i, a) = p(v has anglex w?th the mean of; |v € ¢;) (5)
varies with different numbers of clusters. Figure 6 shovat th p(v has anglex with the mean of; | v € ¢;)
approximately 10 clusters are enough to achieve relatiesly aying computed likelihood ratios for all clusters, we gssi
clustering error. video z to the cluster; that maximized (i, ).

We use our training set of 10,000 time series to extract . . .
For any given video, cluster assignment based on Equa-

the clusters. In Figure 7, the solid lines are the mean of eaﬁgn (5) can be be performed for each daylowever, as new
cluster and the dashed lines shawone standard deviation. P '

. .~ daily view values become known, the cluster that a video is
These clusters represent the shapes of typical bursts aovi ; :
: . mapped to may change. In particular whdga small the results
views. For example, clusters 2, 1, and 4 represent videQ oo . . o
. of the likelihood ratio test may not be reliable, resultimga
that are popular only during a couple of days, one week and - )
. .high false positive rate. To address this, we can put a tbidsh
one month, respectively. In cluster 5, the constant zerovwie . .
. 7 onl(i, ) values so that any cluster which returns a value of
after day 32 may reflect the removal of video from YouTube, . . . ) ;
. . . i, «) less thanr is considered to be an unreliable mapping
Likewise, cluster 7 may represent the group of videos whic . .
. : . and can be ignored. We would like to compute values of
receives the largest number of views on the day it is uploade : o .
. . .such that for any mapping, the false positive rate is below
Unlike other clusters, 10 shows a more stable popularity wi Lo
! : ome acceptable limit; in what follows, we choose the false
only weekly fluctuations. Another notable property is that .. L . .
: - . _“positive rate limit to be 0.1. The appropriate valuerofvill
many of the clusters are approximately pairwise reflections : ; Lo .
.~ vary with ¢ since as more daily views become known, mapping
Clusters 5and 7, 6 and 8, and 4 and 9 are examples of pairwis :
: . ecomes more accurate. The goal is to bound the false alarm
reflections. In the next section, we use these clusters as

ra{ee, which is most likely to be large for smaill

base models for predicting the future number of daily views i

for individual videos. To cqmpute the proper threshotd we use ROC analysis.
For a given cluster; and threshold-, the videos whose true

B. Forecasting cluster isc; are the set oftotal positives (having size P)

In order to use these clusters as a basis for forecasting, @d those whose true cluster is not constitute the set of
adopt a two-step process. The first step is to map the vid@al negatives (having sizeN). As already mentioned, videos
to one of the clusters introduced above and the second stepa¥ing (i, «) values less than the correspondingare not
to predict the next day view count based on the mean of tAtapped to clustet;, even ifc; is the cluster that maximizes
mapped cluster. l(i,a) — i.e., such videos are ignored because insufficient

1) Mapping to Clusters. Let A be the time series of daily evidence exists to map them to any cluster. Among those that
views vector of videar, and letA;., denote the portion of havel(i,a) > 7, the videos whose true clusters areform
this time series from day to day¢. Our aim is to forecast the the set oftrue positives (having sizel'P’) and those whose true
number of views that the video will receive on dayt + 1, clusters are not;, are the set ofalse positives (of size F'P).
denoted byA, ;. Then true positive ratép is TP/ P, and the false positive rate

In order to predict4,.,, we start by mapping: to one fpis F'P/N.
of the clusters. Let"” be the mean time series of the cluster Figure 8 shows the ROC graphs for clusters 6, 8 and 10 as
¢;. Because of the normalization applied to time series befoae example. In each ROC plot, there are curveg falues of
clustering,Y and A will typically be of different scale. Hence 5, 25, 30, 35, and 60. Each point on a curve uses a different
we can not simply mapi;.; to the cluster whose mean timevalue of r; values ofr vary from 0 to 10. The figure shows
series returns the minimum Euclidean distance. Instead, Wt ast increases the ratiop/ fp increases, confirming that
use a metric that is insensitive to absolute magnitudeneosimore accurate mapping is possible with increagingy using
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this style of ROC analysis for each clustgrand dayt, we random assignment would yield a success rate of only 10%.
find the threshold value that limits the fp rate to be less More importantly, the main reason for the observed success
than 0.1. rate is similarity between cluster shapes. For instancstets

Having extracted the appropriate threshold values via ROz 4 @nd 7 show very similar trends up until day 32, and are
analysis, we can now map each video to the cluster trlearly ¢stmgwshable from each other only after day 38e T
yields the maximum likelihood ratio among all those that ars@Me situation holds for clusters 5, 6, and 10 and also for
above thresholds. Figure 9a shows the percentage of corfdefters 8 and 9. Thus, for any< 32 it is reasonable that
mappings of videos to clusters. The x-axistjsthe number & Video that belongs to cluster 1 may be mapped to cluster
of days used for prediction. The solid line corresponds & tiff O 7- Since we are interested in one-day-ahead forecasting
training set and the dashed line to the test set. The pegrent{1COMect mappings to clusters with the similar shape ufheo t
of correct predictions starts around%@hen we only use the current day does not strongly affect forecasting success.
first 5 days of videp access cgunts, and increases up % 90 2) Next Day Forecasting: After mapping videar to cluster
when most of the time series is used. ¢; on dayt, the next step is predicting the number of views of

We consider a particularly important problem to be comthe next day 4:.1) by using the scaled mean of the cluster
puting a forecast for a video’'s access count just before itg i.e.Y. Note thatY is computed from the time series which
peak. Around day 32, the percentage of correct predictisnsare normalized by their maximum values. Thus the daily view
around 45%. This is in fact a reasonable success rate fovaues ofY are in range [0,1], whereas the daily view values
couple of reasons. First of all, given that we have 10 clgstein A;.; are the true number of views. In order to brikgand
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A to the same scale, we need to estimatscaing factor. A number of studies have examined the characteristics of
This scaling factor is calculated by using the least squareser-generated video sharing systems. Among these studies
approach. The scaling factor is a constanthat minimizes some specifically focus on YouTube [2], [3], [4], [7]. In [2],
[|Y1.t — aAy||2. Having found the scaling factar, A;;; is Cha et al. analyze the popularity distribution of YouTube
then predicted asl;; = Y11 /a. videos and how users’ requests are distributed across g@opul
Figure 10 shows some examples of the original videos aadd unpopular videos. They also analyze the popularity evo-
their predictions for different values af In the figure, the lution of videos, i.e., the change in popularity as the vileo
dashed line is the original time series and the solid lingsis iget older. They show that an unpopular video is unlikely
prediction. The dot indicates the day on which the foreoastito get popular as it ages. Based on these observations, they
was done. The forecasts are done on #ay30 and35 from suggest that future popularity of videos could be predicted
top to bottom row respectively. In the figure, instead of onlput do not provide a way doing so. In [3], Cheng et al.
one day ahead forecasting, the examples show the predaftiostudy statistical properties of YouTube videos such as the
the rest of the time series, i.@4—t day ahead forecasting. Thisdistribution across different video categories (e.g. musports
results in a less accurate forecasting compared to the aye-étc.), video lengths, active life span of videos, and granghd
ahead version in which we compute a new cluster and scaliimguploading new videos. One finding in that paper related to
factor on each day. However, even with this less-accurapgrs is that most videos have a short active life span. This is
version of forecasting, Figure 10 illustrates the succdssup consistent with the fact that almost% of the videos in our
forecasting method. dataset are in the rarely accessed category. In [7], Gill.et a
Finally, Figures 9b and 9c show the performance of ongharacterize YouTube usage from an edge network perspectiv
day ahead forecasts in terms of mean absolute relative efyrstudying characteristics such as file size, video dumatio
and RMSE for both the training and the test sets. The figuvéleo bit rates and usage patterns within a campus network.
shows that the days around the peak value are the mosPur work differs from these works in several aspects.
difficult to predict accurately. This is to be expected, akirst, we use a complete and global dataset observed at
the cluster standard deviation is typically higher arouhd t YouTube servers. Our collection of videos is not biased Iey th
peaks (see Figure 7). The average absolute relative errorf§§ommendation system of YouTube, a specific group of users,
0.56 and 0.65 for training and test sets, respectively. Giv@r video categories (e.g. entertainment or sports). Seamnd
that the videos in the test set are not used for constructigrk does not depend on meta information, such as the long it
the clusters, generating the ROC curves, or computing tA@s been since the video was uploaded, its rankings, etd. Mos
thresholds, absolute relative error difference of 0.09 esyv importantly, these previous studies do not propose a frasrew
low. The average RMSE is 50 and 29 for training and te8itat can be used for quantitative forecasting.
sets, respectively. The lower RMSE in test set is due to theThere are also studies that focus on the social networking
fact that there are more videos in test set (40,000) thanen tspects of YouTube. In [4] Cheng et al. propose a peer-to-pee
training set (10,000) and the few outlier videos that do rtot fshort video sharing framework that leverages social neksior

well in the clusters are averaged out in the test set. In [5], Crane et al. investigate how a social system responds
to bursts of exogenous and endogenous activity by using the

time series of daily views of YouTube videos, and they find

four different shapes for bursts. Their models are relative
Our works relates to a broad spectrum of topics, frorsimple compared to our clustering-based results, whichalev

workload characterization to compact representation @fela more complex shapes.

data streams. In this section, we briefly mention relateckwor Finally, another set of related work concerns representing

on these topics. large data streams with smaller-sized approximationss Thi

VI. RELATED WORK
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Fig. 10: Prediction Examples: axis is time in days ang axis is the number of daily accesses. The dot correspondseto t
day on which forecasting is made.

is a well studied topic with wide application in the field ofand effective forecasting for video-sharing sites.
data mining. Two typical examples are [11] in which Korn
et al. use SVD for data compression of large data sets, and
[12] in which Papadimitriou et al. summarize the key trendgl] P. J. Brockwell and R. A. Davis.Time Series: Theory and Methods.
in data streams by extracting their principal componerts. I¥ Springer Series in Statistics. Springer-Verlag, secoritogg 1991.

2] M. Cha, H. Kwak, P. Rodriguez, Y. yeol Ahn, and S. Moon. béu
both cases, however, these results are not used as tool Tor you tube, everybody tubes: Analyzing the worlds largest geaerated

forecasting, but rather as a general form of data compnessio ~ content video system. Iin Proceedings of the Sth ACM/USENIX
Internet Measurement Conference (IMCQ7), 2007.
[3] X. Cheng, C. Dale, and J. Liu. Understanding the charaties
VII. CONCLUSION of internet short video sharing: Youtube as a case StudyoRR,
. ~ abs/0707.3670, 2007.
In this paper, we have analyzed a large dataset consistifg) X. Cheng and J. Liu. Nettube: Exploring social networks peer-to-

of daily access counts of hundreds of thousands of YouTube, Peer short video sharing, 2009.

. . . . 5] R. Crane and D. Sornette. Robust dynamic classes revbgleasuring
videos. We find that there are two types of videos: those show? the response function of a social system, 2008.

ing rapid changes in popularity, and those that are comglgte [6] T. Fawcett. An introduction to ROC analysisPattern Recogn. Lett.,

popular over long time periods. Our study shows that, fohbot _27(8):861-874, 2006. _ _ o
. . . H] P. Gill, M. Arlitt, Z. Li, and A. Mahanti. Youtube traffic lsaracterization:
types of videos, there are relatively simple models that can’ e from the edge. IIMC, pages 15-28, New York, NY, USA, 2007.

describe the daily access patterns and these simple modgs T. Hastie, R. Tibshirani, and J. Friedmaithe Elements of Statistical
can be effectively used to predict the number of accesses Learning. Springer Series in Statistics. Springer New York Inc., New
. . ) York, NY, USA, 2001.
that a video will have in the near future. We show that for[9] http://asert.arbornetworks.com/2010/03/how-biggogle.
frequently-accessed videos, daily access patterns carx-be [€0] http:/imww.youtube.com/.
tracted via principal component analysis, and used effilgien[11] Ebgorgér:::'s \?nJ;?agiSdgt :S”efiscc-) ngrlT?:tss?'ueittéeggﬁ%rgnggid
for forecasting via autoregressive models. For rarelyeased Procgedmgs of the %997 ACM SIGMOD ime?nationa' conference on
videos, we demonstrate a clustering method that allows@ne t  Management of data, pages 289-300, New York, NY, USA, 1997. ACM.
classify bursts of popularity and use this clustering wih@® [12] . Papadimitriou, J. Sun, and C. Faloutsos. Strearingipatliscovery
analysis for forecasting. Keeping in mind the importance of nationajpconference on Very large data bases, pages 697—708. VLDB
video-sharing as a traffic driver and workload type in today’  Endowment, 2005.

Internet, our results represent a useful step towards efiici
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