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Abstract

Latent topic models have been successfully applied as ampangsed learning
technique on various types of data such as text documerdggisnrand biological
data. In recent years, with the rapid growth of the Interttegdse models have
also been adapted to hypertext data. Explicitly modelirgggéneration of both
words and links has been shown to improve inferred topicsopet a new range
of applications for topic models. However, it remains uacleow to balance the
information contributed by links with the information coibuted by words.

In this paper we enrich the Latent Topic Hypertext Model [thva parameter that
stands for importance of links in the model. Specifically,guantitatively explore

whether a single link is more indicative of the topic mixtumethe document it

points to than a single word. We show that putting an emphasithe topics

associated with links leads to better link prediction resul

1 Introduction

The World Wide Web provides instant access to an enormoussitepy of knowledge in many
fields and to a wide range of applications. However, due toséis¢ size and dynamic character of
the Internet, efficient use of it necessitates intelligenid. The Internet has been in the focus of
many machine learning studies, and one of the machine fepagproaches to analyzing web data
is the approach of topic models. Originally, Topic modelshsas LSA [4], PLSA [8] or LDA [1]
were suggested in the context of text analysis. With the grgwnterest in the analysis of Internet
data, these models have been extended in various ways §316, 7]) to model the generation of
links in addition to words. In these models, each documevitised as a mixture of latent topics or
factors, and the factors, shared by the whole corpus, aateteto the words and links appearing in
the documents.

These studies have shown that incorporating link inforamatnto topic models indeed gives an
advantage comparing to topic models that model only the svokowever, most of these works
do not consider the question of how much information regaydopics is carried by a single link,
compared to the information carried by a single word. Shewddds and links be given same or
different weight in semantic analysis ?



Links and connectivity of the Internet have been proven &y @n important role in determining

the importance and relevance of a document for informattmeval or the interest of a certain user
init[11, 2, 9]. Connectivity is also known to indicate impance and influence in other domains,
such as citations of scientific papers. On the other handpih domains, Internet and scientific
publications, the frequency of links is much smaller tham filequency of words. This may imply

that a single link might carry more information than a singted.

Cohn and Hofmann suggested the PHITS model [3] which indad@eighting termgy, between
links and words. The PHITS model is a bag of words model in tifiic each word first a topic is
drawn from the topic mixture, then the word is drawn from aicapependent distribution. Links
are modeled similarly to words: for each link, first a topicliawn from the topic mixture, then the
target document of the link is drawn from a distribution sfie¢o the topic that has been chosen.
Links are not associated with words (or with their latenti¢cep The input to the algorithm is two
matrices: a document-term co-occurrence matrix and a destiimk co-occurrence matrix. The
likelihood function of the model is a sum of two terms. Thetftesm, with weighto, stands for the
likelihood of words and the second term, with weidht «, stands for the likelihood of links. The
co-occurrence matrices are normalized to form frequendyicea and the weight is the tradeoff
between the information in all words versus the informafiomll links. Cohn and Hofmann test
different values ofv in a classification task using two datasets and find the optiatae, considering
both datasets. The optimal value®is found to be in the interval betwe@®nt and0.6 (see figure
1in [3]) with a wide range of values giving similar perforntanin this task.

In this paper we ask how much information is carried by a sitigkk and make use of a different
approach to address this question. We employ the Latent Fygpertext Model (LTHM) [7] that
differs from PHITS in several aspects. In LTHM the hiddeni¢amn which the link depends is the
same one used to generate the anchor word of that link. A Bpledds on the topic mixtures of both
documents at both its ends, not only on the hidden topic irsthiece document. the non-existence
of a link between two documents is an observation that savesidence for the difference between
the topic mixtures of the documents.

We extend LTHM to include a new parametgr, that increases the dependency between the hidden
topic of the anchored word and the topics mixture of the daminit points to and. Thus the
dependency of topics mixture of a document on the links pagnto it is increased. We call this
model Link Amplified LTHM (LALTHM). In the original LTHM the wobability for a link depended

on a match between a single topic was drawn from the targetrdeist mixture of topics and the
topic of the anchor word. In the LALTHM the probability defon a match betweddsubsequent
topic draws from the target document mixture of topics aral tthpic of the anchor word. The
outcome is that now instead of having topics affect the iliiced through links like a single word,
they are now amplified? times. The question we ask is what is the optimal valuifpor in other
words, how many words is a single link worth ?

2 Generative Model and Algorithm

Here we begin with a brief review of LTHM and then we extenliveiescribe the link amplified
extension.

2.1 The Latent Topic Hypertext Model

The generative process of LTHM consists of two stages: Ifiitbiestage, the document content (the
words) is created using Latent Dirichlet Allocation (LDAfter the text of all the documents in the
corpus has been created, The second stage of creatingdkéslace. This two stages process is a
consistent generative model that allows for arbitrary togy of the links graph (including directed
cycles and self loops).

2.1.1 Document generation using LDA

According to the LDA model, a collection of documents is geed from a set ok’ latent factors or
topics. One of the main assumptions in the model is that fcin &zpicz there is a single multinomial
random variablg3, that defines the probability for a word given a topic for alcdments in the
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Figure 1:a. The LTHM model in a scenario of generating links from docutménto any other
document in the collection @ documentsb. The LALTHM model in the same scenario as (&).
latent topicsz“are drawn frond, for deciding about the generation of a link.

collection. Each document is characterized by a particuiature of topic distribution defined by
the random variablé. The generation of thé&/; words of each documemtin a corpus contains
two stages: first, a hidden topicis selected from a multinomial distribution defined dySecond,
given the topicz, a wordw is drawn from the multinomial distribution with parametéis

Formally, the model can be described as:

1. Foreach topie = 1, ..., K choosél¥ dimensional3, ~ Dirichlet(n)
2. Foreachdocument=1,...,D
ChooseK dimensionab,; ~ Dirichlet(«)
For each wordv;, indexed byi = 1,..Ny
Choose a topie}" ~ Multinomial(6,)
Choose a wordy; ~ Multinomial(ﬂziw)

2.1.2 Link generation

LTHM assumes that links originate from a word, and each wardi@ave at most one link associated
with it 1. In the link generation process, we iterate over all the wandhe corpus. For each word
we decide whether to generate a link going out of it and whellatypoint. This decision consists
of two steps (at most, as sometimes the first step is suffitdedétermine that no link needs to be
created).

First, we draw a random variable ~ A\ € RP+1. If + = dford € {1,..., D}, in the second
step we shall consider a link to documentf its topic matches the topic of the word) is a
multinomial distribution indicating the probabilities; of considering a link to a documertand
g, the probability of not considering a link to any documerttisla measure of the importance (or
in-degree) of the documents in the corpistself is drawn from the hyper parameter?

Second, only ifr = d for somed € {1,..., D} we check ifz"V, the topic of the anchor word,
matches the topic distribution @f It would make sense to define the affinity betweeandd as
the (apriori) prevalence of in d, namelyf,(z). Accordingly we define the probability to create a

This assumption is just for the simplicity of discussion and is not necesSaey{7] for discussion regard-
ing generalization of the model and relaxation of this assumption

2The Dirichlet priory € RP*! is not symmetric and favors not creating links, as most words do net ha
an associated linky; < ~g fori = 1... D. Also, note that links from a document to itself are allowed in this
model (as well as in real life).



link at the second stage to Bg(z), and the overall probability to create a link from the i'thrdon
document?’ to document! given a topicz is

Pr(link(d, i) — d|z} ;, A, 0a) = Aaba(2) 1)
The second step can be described equivalently as drawingi@:to ~ 6, and creating a link if
ZW = ZL.

A slight simplification of this two stages process is illased in Figure 2.1.1a: for illustration
purpose, it shows a scenario where links can be created froentain documend’ to any other
document?’ in the corpus.

Formally, the generative process is:

1. ChooseD + 1 dimensional\ ~ Dirichlet(~)
2. Foreachdocument=1,...,D
For each wordv;, indexed byi = 1,..Ny
Chooser; € {1...D, 0} ~ Multinomial(\)
If 7; # () choose a topie;, ~ Multinomial(6..,)
If 2L = 2V create a linkL; = r; from

word ¢ to documentr;

2.2 Link Amplified Latent Topic Hypertext Model

2.2.1 Parameterized Family of Models

The LALTHM extends the second phase of LTHM’s generativecpss. In particular, the step at
which a decision to make a link is carried out by using tHé and the topic mixture of the target
document, is modified as follows: Instead of drawing a single topfc~ 6, (equation 2.1.2), we
draw a series oR topics,z, ..., z'# and create a link only i = 2L+ forall1 < r < R.

Pr(link(d',i) — d|zar i = 2, M\, 0, 04) = Nabar (2)0a(2) " 2
Equivalently, the probability of a link given the parametés:

Pr(link(d',i) — d|Xa, 0, 0a) = Xa Y _ 04 (2)0a(2)" (3)

Figure 2.1.1b illustrates the graphical model of LALTHM hretsame scenatio as figure 2.1.1a. It
differs from figure 2.1.1a in that it contains an additionialte arounc:*.

In the LTHM, each existing link with topie pointing to document contributedd,;(z) to the likeli-
hood, the same as a single worddimvould do (if 7 = d, a non existing link contributes — 6,(z),

like a word with topic different fronz). In LALTHM, the contribution of a single link to the like-
lihood isf4(2)%, the same as the contribution Bfwords, all withthe same topi¢if = = d, a non
existing link contributes — 6,(2)%, like R words with at least one of these word having a topic
other thanz). This topic is also shared with the anchor word in the soda@iment. Notice that
non-existing links will now be less indicative of the topichfference between target and source
documents. The repeated topic drawingz6f, ..., 2% is not equivalent to simply replicating a
link R times. In the latter case, each of tRecopies could have a different topic.

As an alternative model, one could think of raisihg to the power ofR to give more emphasis
to the document popularity (or in-degree) in the link getieraprocess. However, raising all;,
d=1,...,D to the power ofR is the same as choosing a different paramatevith \’, = \} and

Ny=1— 3, N,



2.2.2 Approximate Inference Algorithm

Exact inference in the LALTHM is intractable as an immediat@sequence of the intractability of
the inference in LTHM. However, modifying the LTHM EM algthrim for approximate inference in
LALTHM is straightforward.

The complete EM algorithm for LTHM is provided in [7] and thede can be downloaded from
http://www.cs.huji.ac.ibamitg/lthm.html. Here we describe only modifications mamadjust the
algorithm for LALTHM.

E-step:

In the E-step, the computation of the link emission prolitiédl and accordingly the posterior dis-
tribution of topics need be changed. The link emission podities in LALTHM are:

Pr(link(d',i) — d|zy ;.= 2) = Xaba(2)" (4)
Pr(no — link(d', z)|zyl, =z) = 1- Z Nafa(2)® (5)
d

This modified probability is substituted in equation (7) T {o compute the posterior af" .

The definition of the aggregatiort§; ., V. remains the same as in LTHM, but their computation
changes:

Va,» stands for the number of occurrences of a tapssociated with any incoming link of document
d, hence it should just be multiplied by compared to LTHM.
E(V.) = Z RPr(zj,’;,d =...= zé,‘fd = z|O, P) (6)
(d’,i)eAd
R Z Pr(z}ﬁi = 2|0, P)
(d’,i)eAq

Uy, . stands for the number of times ; = d but a link has not been created. This can happen for
two reasons. The first is that not @ltopicsz*!, ..., 2% are the same. The second reason is that
all of theseR topics are the same, but they are different fr%, the topic of the anchor word ( the

1th word in documend’). The probabilityPr(ngfi = 2|0, P) is computed using Bayes law:
Pr(zyi = 2|0, P) x 04 (2) ¢ (w) Pr(link(d,i)|2) @)
wherePr(link(d’,i)|z) is given in equations (4)-(5).

r

SR-L ( R) B(2) (1 — B4(2)) ")

E(Ua:) = NnrAa Pr(no — link(d’,)|0, P) v
N (17Pr(zg‘,/}i :Z\O;P))
R [(d/,i)eB Pr(no — link(d',i)|O, P)
Pr(no — link(d',)|0.P) = 1=} (S Nbu[Pr(=E =410, 7] (@)
z d

whereB = {(d',i) : no — link(d', %)} is the set of all words without link in the corpus ant .,
is the number of words with no associated links in the corpuig{ = > 1). The probability

Pr(z)/, = 2|0, P) is the probability of the topie,; conditioned on the wordyy ;, but without
having seen if there’s an associated link or not:

In the M-step, the values df(V; .) and E(U, ) computed using these formulas are plugged into
the update rule fof; of LTHM.



The definition ofT,; required for estimating\ in the M-step needs to be slightly modified. We
defineTy to be the number of times thay, ; = d for anyd’ and any word; in it. For R > 0,
E(Ty) =3 (E(Va.)+ E(Ug,.))/R. If R =0 (i.e. topics do not affect link generation) thép

is the number of links pointing to document d and the upddeedepends only on the document in
degree and the Dirichlet hyper parametier

3 Experiments

We compare different values @ in the task of link prediction. For this comparison, we use tw
datasets of web pagésthe webkb datase8?82 documents with 2911 links) and a small dataset
of Wikipedia web pagesl()5 documents witty90 links).

We split each data set into a training set consistingddf of the documents and a test set consisting
of the remainind 0%. During training, the text of all the documents is providedli the algorithms,
but only the links originating from the documents in theriag set are visible. Both dataset are
learned with20 hidden aspects. During test, for each test docuniem¢ sort all documentd’ in

the corpus according to the probability of having a link frdrfoutgoing from any word in it) ta/’.

The values ofR we compare aré,1,2,3,4,5 and10. Note that when? = 0 then link creation
depends only on the parameterand does not depend on the topic at all. Thygjs estimated
during train to be the in-degree of the documeénr(up to the Dirichlet hyper parametey;), and
prediction is based only on the frequency of links targetiregdocument in the training set. The
caseR = 1, degenerates to the simple LTHM. The higligis, the more contribution existing links
have when estimating topics during training. Similarlye tiigher theR is, the higher the influence
of topics when predicting links.

Figures 2 shows results for the wikipedia dataset and figisteo®vs results for the webkb dataset.
Several measures of the performance of the different valfi®sare shown. The results shown in
the graphs are the average 16f train/test random partitiond (-fold cross validation ). The first
measure is the percentage of documents in the test set fohwehleast one link prediction among
the top N is a true link. The motivation for this measure is the follogiquestion: Suppose we
want to suggest to an author of a web page other documentskttoli If we show this authov
suggestions for links, will s/he use at least one of them? dther measures we use are precision
(Among the topN predictions, what is the percentage of true links?), redlat percentage of
the true links are included in the tdj predictions?), the F-measuré' (= 2% whereP is the
precision and? is the recall) and precision vs. recall.

From the graphs, it is evident that in both datasets the @ptuadue of R for the different tasks is
greater than. In the wikipedia dataset, optimal results are obtainedfet 3. In the webkb dataset
the optimal value iR = 2. We see thalk = 0 (not using topic information at all) falls way below
all other values ofk. Differences in the precision are more noticeable for snalles of N because

of the small average number of links in a document (less &iarthe wikipedia dataset and5 in
webkb). Predicting many links necessarily leads to pradjoivrong links that lower the precision
rate. Also, differences in the recall rate are less notileefly large NV in the wikipedia dataset, as
recall rates are high for all values &f. In the webkb dataset where recall rates are not as high,
differences are more noticeable fsr = 30.

Note that in [7] LTHM (i.e. LALTHM with R = 1) was shown to outperform the algorithms of
Cohn and Hofmann [3] and Erosheva et al. [6] in the same tastk©ra the same datasets we use
here.

4 Discussion

In this paper we introduced an extension to the Latent Topjpéaitext Model that amplifies the
influence of links in the topical analysis. We performed arpiital study to quantify how infor-
mative are links in topical analysis of documents compariid words and tested it on two datasets.
Amplifying the link-topic dependency improves hits andatkcates in the task of link prediction,
whereas ignoring topics performs much worse. The specificelwe made of how to increase link

3Both datasets are available online at: http://www.cs.huiji.agithitg/lthm.html
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Figure 2: Comparison of link prediction in the Wikipediattegt between LTHM with different
values of R. R = 0 is equivalent to the in-degree ardl = 1 is the original LTHM.a. The
percentage of text documents for which there is at least mugelink among the firstV predicted
links. b. Average precision for the three methods. Average recall.d. Average precision as a
function of R for selected values oV predicted links.e. Average recall as a function @ for
selected values V. f. Average F measure as a functionf®for selected values a¥.
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Figure 3: Comparison of link prediction in the Webkb testlsstiveen LTHM with different values
of R. R = 0 is equivalent to the in-degree afiti= 1 is the original LTHM.a. The percentage of
text documents for which there is at least one true link antbadirstNV predicted linksb. Average
precision for the three methods. Average recall.d. Average precision as a function &f for
selected values aV predicted links.e. Average recall as a function d@t for selected values a¥.

f. Average F measure as a function®for selected values oV.



influence of topic estimation affects mostly the topic mietaf the document that is being linked to.
It would be interesting to compare with models that incréeganfluence also on the topic mixture
of the source document.
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