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Abstract— In this paper we describe a learning framework
enabling ranking predictions for graph nodes basedsolely on
individual local historical data. The two learning dgorithms
capitalize on the multi feature vectors of nodes irgraphs that
evolve in time. In the first case we use weightedofynomial
regression (LWPR) while in the second we considerhe
Expectation Maximization (EM) algorithm to fit a mixture of
polynomial regression models. The first method useseparate
weighted polynomial regression models for each wagtage, while
the second algorithm capitalizes on group behaviorthus taking
advantage of the possible interdependence betweerelwv pages.
The prediction quality is quantified as the similarty between the
predicted and the actual rankings and compared to leernative
baseline predictor. We performed extensive experinms on a
real world data set (the Wikipedia graph). The resiis are very
encouraging.
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. INTRODUCTION

Large and evolving graphs constitute an importderment
in current large scale information systems. Commases of
such graphs are the Web graph, social networksfianit
graphs, CDRs (call data records) where nodes (igtwith
attributes) are connected to each other with diceatdges
representing endorsement/recommendation/friendshipe
most prominent such example is the ranking of wedpds
nodes in the Web Graph where the ranking — baseglieries
most of the times — is of huge importance as tiegewhole
industry working on optimizing the content and limk
structures of web pages to achieve top rankingspercific
gueries. The ranking of nodes in graphs usuallyesmts its
centrality and authority with regards to the linkistructure
and also capitalizes on a wealth of node featueésted to
their content and to the graph linking patterns.other
inherent and interesting feature of such graphsthisir
dynamism and fast evolution as new nodes join ttaplts
while the linking structure is very volatile.
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On the other hand the owner of the individual nflakeit a
blog, a web page, an author in a citation gragsgréicipant in
a social network) can see her ranking only in thsecof the
web graph by submitting queries to the owner of gheph
(i.e. to a search engine). Assuming a series oé-tindered
rankings of the nodes of a graph where each nodes ke
vector with the values of its features for eachetistamp, we
develop learning mechanisms that enable predictainthe
nodes’ ranking in future times. We stress thatphedictions
require only local feature knowledge while no globlata
need to be known. In such a case the node couldaa.
actions for optimizing its ranking in the futuredab. organize
advertising campaigns, etc.

The first algorithm is trained from a time sequerafe
preprocessed
polynomial regression model. So, it only takes adage of
the pattern that a specific page follows. On theeotand, in
the second approach we group pages into clustetsfita
mixture of polynomial regression models in an dffior take
advantage of the correlation of the evolution pattef
different web-pages. Both of the algorithms perfothe
learning procedure considering that each web-patiews a
time-sequence of ranking values (target variable] each
ranking value is explained by a multi feature vect@ur
contributions lie in the followingi. a learning framework
enabling ranking predictions for graph nodes bas@dly on
individual local historical dataij. an application of the EM
principles on a mixture of polynomial regressiondeis for
graph based structuras, a thorough experimental evaluation
on a large scale real time evolving graph (Wikipgdi

1. RELATED WORK

The methods used in this paper have been proposed i
several other works such as clustering time seasenc
Specifically, Gaffney/Smyth [8] used the EM algbnit to fit a
mixture of regression models to cluster data thative in
time such as video streams. Lall et al. [10] preploa locally
weighted polynomial regression model as well ashoad for
choosing the model parameters and conducted expetsnin

rank values using a separate weighted



time series data of the Great Salt Lake. Also, Qiktihain et where f is the new feature vector used to predict the &utur

al. [11] proposed methods of time series analysi®vent racer value and r is the bandwidth parameter whimftrols
based graph structures such as e-mail, telepholi® aad |,y fast the weight falls of with the distance beew f

research publications in an effort to address ttwblpms of q . hat f h h
predicting future co-participation of entities atite future andf . Assuming that for a vector v, we a\\ﬁ%:z“v‘z then

rank of authority, influence, etc.

To prove the effectiveness of their models theyduse
classification algorithms such as Logistic Regmssand
Naive Bayes. However, in our work we evaluate the J(g)zl(pg_Q)TW(Fg_}) ©)]
effectiveness of LWPR and mixture of polynomial nesggion 2
models in predicting future rank values for graphsdx

the objective function can be written in matrix atdn as:

structures. where W = diagw®,w@ .. w™)
. Related work regarding page rank predictions aesgnted
in [12] [13] [14]. In [12] and [14] authors use Mav Models Eachw® c=1m is defined as in “(2)". Matrix F

with page ranking and an alternative of the GoagRegeRank  ¢oniains in each row the corresponding multi featur
algorithm, to produce personalized predictions wmrig the tor f © ih the first el ¢ being 1 t ¢ th
path of a specific user. However in these effautdjkely to yec or » Wi € _ Irst_element being Q_represen €
this work and that reported in [11], data are ransidered as intercept term. Ther® is a column vector containing the model

time series, instead they are represented asia sétvork or ~ Parameters, andx is a column vector containing the
graph for which a rank is produced. corresponding racer values for each training exampl

Finally, in [1] authors developed a linear regi@ssnodel  In order to minimize the objective we take the gratiofJ
and EM to fit a mixture of linear regression modeipredict ~ With respect t@ and set it to zero:
the future page rankings, yet they have not consiti@igher -7 -\
order polynomials and multi feature vectors in thoposed De((FE-x) W(FE&-x))=0 (4)
models. The value oB that minimizesl(f) is:

lll.  METHODS 9:(FTWF)‘1FTW§< 5)
A. Locally Weighted Polynomial Regression (LWPR)

In order to predict future rankings of Web pages,need In order to obtain a better fit to the training alate used a
to define a measure that effectively expressestrétieds of  polynomial regression model, which has the form of:
Web pages among different snapshots of the Wethghae
have adopted a measurader) we introduced in [6] suitable X =0.f9+059+0 109+ +0Ff© + +
for measuring page rank dynamics. c o Ton 172 2is T

~ Consider the case of a web-page whose successki@ga  \here we consider all possible combinations of uieat

in time produce a time-sequence afacer values  attributes with repetition. Specifically, if we asse a model

{%X % %,....x, } » m the number snapshots used for thewith d-dimensional feature vectors and polynomial dedcee
algorithm training. Also, for each timestamp we mtain a then we should also add:

multi  feature vector 1© =< @ ,© _f©> where ¢ (g k):(d +k-1)! attributes with their corresponding

represents a specific snapshot anid the number of different K(d-1)!
attributes. parameters.

Let g=< 6,,6,,...0, > represent the parameters of the

regression model, then our goal is toffin order to minimize
the error function “(1)” of a specific page.

B. Mixture of Polynomial Regression Models

We assume that each web-page belongs to ond of
different clusters withl << n, with n being the number of all
pages. Specifically, we considel polynomial regression
models, each governed by each own parameter véjctor

jO0{1...,J}. We also consider a different variance for each
component'ajz. To generate the racer valug$ of the i-th
web-page we first choose cluster j with probabi}'ytijhere

J(O) = %Zmlw(c) (Xc —gTf© )2 (@D}

c=1

The weight terms should be large when our new pdont
which we have to predict a racer value, is closthéotraining

example f @ and small when the opposite holds. So ai” -1 and then estimate the valug¥ as:
reasonable choice for the weights is: =

f(C)_f)T(f(C)_f)) (2) )(S):hgl(fi(c)), c=1.m
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where the hypothesis functiom, (f©) represents a

polynomial regression model parameterized by thights of

component j with m being the number of availablepsihots
for training the model. So, given a cluster j taear values of
the i-th page are drawn from the following produmt

Gaussians:

o< [ ]) = |] NGO I (F9)0)  ©)

the model
6, k= 1..J, by maximizing the data

We can compute
o, m,.,08,,0",..,

log likelihood L(#) using the EM approach. Specifically we
need tomaximize

L(8) =Y log p(x") =
Slog 3 7, px” | ) =

DNCIEINC

c=1

- haJ (f
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n 1 m/2 .
glogzj:ﬂj(%] o, "ex

subject to:

> =1
j=1

By taking the derivatives of the above equation seiting
them to zero we obtain the maximum likelihood eates,
which we use to execute theximization step

i p(K | X(i))il (xc(i) _ hHK (fi(c)))2

. & (7
g, = n
my_ p(x |x")
i=1
1 7z p(x" k) (8)
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We can find the paramete&”,q ,0 by taking the

derivatives of the log likelihood functlon for eaplarameter
and solving a system of equations which can betemriin
matrix notation in the following form:

6, =X"B 9)

whereX is the following matrix:
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Instead of using random values, we employed K-M¢@hs
clustering algorithm to initialize the parameterfs EM. To
specify the number of clusters to use, we executes
algorithm iteratively for different number of cless and
different times for each cluster size in order totain a
significant reduction in the distortion measure:

1220 0CHIK

i=1 k=1
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where N the number of data points to cluster (in our
problem this is the number of racer value sequeraeh one
corresponding to a web-pag&) the number of cluster§;, : the
set of points grouped in cluster X the sequence of racer
values for the-th page ang, the centroid of cluster.

Finally, during the expectation step we calculabe t
conditional probabilities:

75, p0" | %)

2PV 1)

Ok=1J,0i=1.N (10)

plk|x")=

After having estimated the model parameters, ireotd
make future predictions for a given pagee use the thet®)
values of the component that receives the highesigbility
given the page Partlcularly the racer value for tivth page
attimetis: x,’ =h, (f )) " and-arc maxp(x [x)

IV. TOPK LISTSSIMILARITY MEASURES

In order to evaluate the accuracy of the predictsiilts
with the actual, we employed a variety of measthiascapture
the similarity between two different top-k lists.

A. OSim: Denoted a®Sim(A,B)3] and measures the number
of common elements of two sets A and B (each & kjz

|An B
k

OSIMAB) = (11)



B. KSim

This is a generalization of Kendal Tau distance susa
[4], which measures the number of concordant pisbjects
in lists A, B:

{u,v): A",B'agree- on-ordeg| (12)

KSIMAB) = ADB|(ADB -1)@/2)

A=AT(B-A)
B'=BO(A-B)

where:

The penalty parameter that we used for Case 4 is [A5.

C. nDCG

The third measure,nDCG (Normalized Discounted
Cumulative Gain) [5], is defined as:

nDCG(AB)= % (13)
DCG=CG() + Zk: |§§((ii)) (14)

whereCEi) =k -
of the web page.

IDCG is the idealDCG where the two listdA, B are in
complete agreement. In this case:

i -] anfjl is the real/predicted position

K
IDCG=k+)Y K (15)
=2 log, (i)
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Figure 1. Top-k OSim scores
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Figure 2. Top-k nDCG scores

D. Spearman Footrule

This measure is the Spearman Footrule distancéofsk
lists. We use the generalization of Spearman Flmtligtance
as described in [4] with location parameter k + 1, for two
top-k lists A, B of sizek each one. Assuming that(i)/B(i)
returns the ranking position of pagm top-klist A/B:

(16)

FOAB)= Y |A(i)-B' ()|

iOADB

A(i)= A(i), if i belongs toA and A (i)= L otherwise.
The B'(i) function is defined similarly. Finglthe score of
the predictions is given by:

F(AB)

SCOI’E(A, B) :l_m

(17)

The maximum value of the Footrule distance in tap-k
lists occurs wherA N B = [, and in this case:

FL(AB)=k?+k (18)

V.

A. Data set and preprocessing

The data set consists of approximately 1 milliotickes
from the graph of Wikipedia, where we extracted ghgerank
values and other statistics such as normalized rpake
number of inlinks and number of outlinks of eacly@aThe
aforementioned data were extracted from the Wikipedmp,
available athttp://download.wikipedia.orgfor 23 consecutive
months. During the preprocessing phase we extrdaiedthe
whole data set the pages/articles that receivedarking
position between 1 and 300 in at least one of hen@2nths.
The final data set includes approximately 1500 paayal for
each page we constructed a time sequence of rakersvand
each racer value at time t is related with a feat@ctor with
the following variables:l) The normalized pagerank of the
article. 2) The pagerank value 3) The number dhkd 4) The
number of outlinks.

EXPERIMENTS

In the generalized description of the algorithmsséttion
IIl this feature vector at timeis denoted asf © withc =t.

VI. EXPERIMENTAL METHODOLOGY

In order to choose the parameters of our learning
algorithms that maximize the accuracy of predidiomr used a
train-evaluate-test procedure in separate parsitminthe data
set.

A. Parameter Selection for Locally Weighted Polynomial
Regression

The parameters that we had to choose for this medsed

the bandwidth parameter of the Weightsw(i) in the error
function “(1)", the degree of the polynomial furarti and the



training window. There are basically three appreacthat we

show that using high order polynomial degrees,aitihhh WPR

consider for the training window) choose a fixed month and and EM Clustering, high similarity scores can bleieed.

start training our model up to the last month & thaining set
(Fixed Mode), ii) slide the training window each time we
predict for the next month and retrain the model
(windowSlideAtBegin). For example if we trained our model
in months [1-20] then we predict for month 21, rir&i [2-21]
and predict for month 22, efi.) slide window only at the end
(windowNoSlideAtBegin). Another parameter that we also
needed to specify was the starting month of trginin
(startMonth).

The most promising results are obtained if we éet t
parameteistartMonth = 8, r = 0.8, polynomial degree 6 and
windowSlideAtBegin.

B. Parameter Selection for EM-Clustering

In this method, as far as the training window, welll
considered the-ixed mode, as it produces high similarity
scores with low training complexity. However, we vla
experimented with thestartMonth parameter and the
polynomial degree as well.

In figures [1, 2, 3, 4] we can see the performasfdeWPR
and EM clustering, in the test set, in comparisma baseline
predictor which returns the most frequent ranking position[4]
from the historic data of each web page.
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Figure 3. Top-k KSim scores

The parameters’ valuestértMonth =8, r=0.8, polynomial (9]

degree 6windowSlideAtBegin for LWPR andstartMonth =8,
polynomial degree 6, 15 clusters wiixed window mode for
EM) are those that gave the best performance duttieg [10]
evaluation procedure. The above values were ofataine
empirically trying different set of combinations ithe
evaluation set. Overall the performance of the ipteg
framework is highly encouraging as the predictiacsuracy
ranges systematically between 80% and 98% whilarlgle
outperforming baseline predictions.

[11]

[12]

VII. CONCLUSION

In this paper we introduced two regression algorith
capable of accurately predicting the rank of a kramtity
comprised of multiple features which can change evalve
dynamically through time. Specifically, the firstethod that
we employed is Locally Weighted Polynomial Regressi
which is initially presented in [2]. The second aithm is a
combination of the EM clustering with polynomialgression
models. In our work we have evaluated and presetited
efficiency of these methods in graph based envienis) with
multi feature nodes, that evolve in time. The preédn results

[13]

[14]
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Figure 4. Top-k Spearman Footrule scores
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