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ABSTRACT

PageRank has been known to be a successful algorithm in
ranking web sources. In order to avoid the rank sink prob-
lem, PageRank assumes that a surfer, being in a page, jumps
to a random page with a certain probability. In the stan-
dard PageRank algorithm, the jumping probabilities are as-
sumed to be the same for all the pages, regardless of the
page properties. This is not the case in the real world, since
presumably a surfer would more likely follow the out-links of
a high-quality hub page than follow the links of a low-quality
one. In this poster, we propose a novel algorithm “Dirich-
let PageRank” to address this problem by adapting flexible
jumping probabilities based on the number of out-links in
a page. Empirical results on TREC data show that our
method outperforms the standard PageRank algorithm.

Categories and Subject Descriptors: H.3.3 [Informa-
tion Search and Retreival]: Search Process

General Terms: Algorithms

1. INTRODUCTION

The PageRank algorithm [1] computes the importance
scores of web pages through a stochastic irreducible Markov
transition matrix M which is constructed from all hyper-
links between web pages. Directly defining M as the nor-
malized adjacency matrix M of the web graph always pro-
duces a sparse and reducible matrix, yielding to the “rank
sink” problem [1]. To solve this problem, [1] introduces a
uniform matrix U (U;; = % where N is the number of the
web pages considered.), and linearly interpolates it with M:
M = (1—X)- M+ X-U. The intuition is that a web surfer
will follow the out-links of the current page with probability
1 — X and will jump to a random page with probability .

The standard PageRank algorithm uses a fixed A for ev-
ery web page. This may not be the best choice. As stud-
ied in HITS algorithm [3], every web page is assigned two
quality scores: hub and authority. A good hub on a topic
is to direct the users to authoritative pages on that topic.
Thus, presumably a surfer tends to follow the out-links of a
high-quality hub page rather than a low-quality one. This
motivates us to think that a dynamic A\ value based on the
page properties can be a better choice.

Interestingly, we observe that the format of the interpola-
tion formula M = (1 — A)- M + X - U is very similar to the
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smoothing method in language models for information re-
trieval [4]. In these models, a Dirichlet smoothing is proved
to be more effective than a fixed A Jelinek-Mercer smoothing
because a Dirichlet smoothing can dynamically adjust the
interpolation parameter according to the document length.
Driven by this similarity, we hypothesize that a Dirichlet
dynamic setting of interpolation parameter A can model a
PageRank Markov matrix more accurately. Unlike the lan-
guage model smoothing problem, a web page length does
not carry much information in the PageRank matrix, thus
we would rather consider the number of out-links of a page.
A page with more out-links is more likely to be a good hub
page than a page with fewer ones, thus we assign a lower A
to this page. This assignment assumes a surfer would follow
the out-links of the pages which are better potential hub
pages and thus could model its behaviors more accurately.

2. DIRICHLET PAGERANK

In the surfer model, we would like to estimate the proba-
bility that a surfer will visit a page in the next step, either
through the out-links of the current page or randomly jump-
ing. Given a collection of N web pages, assume that A is the
adjacency matrix of the corresponding web graph and that
L, denotes all the out-links contained in the page p. Also
assume that a surfer selects the next page using a multi-
nomial distribution with parameter ©, and that L, is the
observed data. We can find the maximum likelihood esti-
mator by normalizing the corresponding row in A to sum to
1 (The obtained matrix is the same as M above). However,
the maximum likelihood estimator is not accurate because
the unseen links will get zero probabilities. To estimate the
surfer model more accurately, we use a Dirichlet prior on 6,
with hyperparameter o = (a1, a2, ..., an), given by

N
Dir(8la) = C(a) [ 05"
=1

where C(«) is the normalization factor. The parameters «a;
are chosen to be a; = p - Prand where p is a parameter
and Prong = % is the uniform jumping probability. The
Bayesian estimate of the probability that a surfer will select
link [ after page p is

P(IL,) = / P(10,)P(6,]L,)d0,

where the posterior probability is given by
P(Oy|Ly) o H P(l|@p)c(l’LT’)+“P7‘and*1

all links 1



Table 1: Results of different PageRanks

Methods AvgPrec P@10
Text-based 0.106 0.088
PageRank (impr.) 0.134(26.4%) | 0.11(25%)
Dirichlet PR (impr.) | 0.140(31.5%) | 0.116(31.8%)

and so is also Dirichlet, with parameters o; = ¢(I, L) +
Prana where c(l, L) is the number of times link ! appears

in L,. Using the fact that the Dirichlet mean is EL:Z%’ we
will have:
P(l'Lp) — C(Z7LP) +I'LP’”“’Ld
|Lp| + p
po el Ly) 7
- (1 - P’rand
|Lp| 4+ p”  |Lyl |Lp| + p

= (1 — (.Up)Pml + pr'rand

where P, is the maximum likelihood estimator and w, =
m. Note that |L,| equals to the sum of the elements of
the row corresponding to page p in A. In a Markov transition
matrix form, we have

M = diag{l — w1,...,1 —wn} M + diag{w1, ..., wn } - U

The PageRank values can be calculated by solving the eigen-
vector equation:

vinr =vT
The i-th value in the vector v is the PageRank score of the
i-th web page. Since we use Dirichlet prior to calculate the
PageRank values, we call our algorithm “Dirichlet PageR-
ank”. From the definition of wy, we can see that the larger
the |Ly| is, the larger 1—w,, will be. Thus in Dirichlet PageR-
ank, a surfer would more likely follow the out-links of the
current page if the page has many out-links, assuming that it
is a potential good hub page. Since the major computation
is used to calculate the eigenvector v, the time complexity of
Dirichlet PageRank is the same as the standard PageRank.

3. EXPERIMENTS

In this section, we compare the proposed Dirichlet PageR~
ank algorithm with the standard PageRank as well as the
text-only baseline.

As our data set, we used the “.GOV” test collection, which
is an 18 gigabyte, 1.25 million documents 2002 partial crawl
of the .gov domain used in TREC-2002 and TREC-2003 ex-
periments for topic distillation. The queries for the “.GOV”
data are fifty “topic distillation” topics created by NIST for
TREC-2003 task with 10.32 relevant documents on average.

In our experiments, We used both the non-interpolated
average precision (AvgPrec) and precision at 10 documents
(PQ@10) as our evaluation metrics. We used the text-based
Okapi retrieval method and the BM2500 weighting function
as our baseline. The best parameters of the Okapi are set the
same as paper [2], i.e. k1 = 4.2,k3 = 1000,b = 0.8. To test
the effectiveness of different PageRanks, we chose the top
2000 documents according to Okapi scores and constructed
two rankings of the documents: the ranking based on the
Okapi scores and the PageRank ranking. The final ranking
is obtained by combining these two rankings in a way similar
to the one used in [2]:
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Figure 1: Performance comparison along with «
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We then rerank the 2000 documents according to the com-
bined scores and select the top 1000 documents for evalua-
tion. Apparently, the parameter o has impact on the per-
formance. We vary « in the experiments and select the best
results for comparison.

In Table 1, the best text-based result, the best PageR-
ank result and the best Dirichlet PageRank result are listed.
Both AvgPrec and P@10 are reported and compared. From
the table, we can see that both PageRank algorithms im-
prove the performance over the text-based method signifi-
cantly. Furthermore, the Dirichlet PageRank achieves better
performance than the standard PageRank on both AvgPrec
(4.03% improvement) and P@10 (5.55% improvement). The
Wilcoxon signed rank test indicates the AvgPrec improve-
ment of Dirichlet PageRank over standard PageRank is sta-
tistically significant (p-value=0.034). This confirms that dif-
ferentiating the pages with different number of out-links has
the potential to emphasize the role of good hub pages. Note
that our baseline result is not the same as the baseline in
paper [2] because we use all the documents in “.GOV” data
set while paper [2] only uses the documents with text/html
format.

We also study the performance under different parame-
ter settings. The results are displayed in Figure 1. In Fig-
ure 1(a), the average precision is plotted along with different
a values. Dirichlet PageRank achieves the best result when
a =0.96 and p = 20. The standard PageRank achieves the
best result when a = 0.98 and A = 0.1. Figure 1(b) dis-
plays the comparison based on P@Q10. As can be seen from
the figures, overall, the Dirichlet PageRank outperforms the
standard PageRank.

4. CONCLUSIONS

In this poster, we introduce Dirichlet PageRank to make
the jumping probability dynamically adapting the number
of out-links of a page. Compared to the standard PageRank
algorithm, the new algorithm favors following the out-links
of potential good hub pages. Our experiments on the TREC
data set confirms the effectiveness of Dirichlet PageRank.
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