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ABSTRACT

Yor language model for the document retrieval task, and
compare this approach with the state-of-the-art smoothing
methods widely studied for language model-based information retrieval.

In this paper, we propose a new application of Bayesian language model based on Pitman-Yor process for information
retrieval. This model is a generalization of the Dirichlet
distribution. The Pitman-Yor process creates a power-law
distribution which is one of the statistical properties of word
frequency in natural language. Our experiments on Robust04 indicate that this model improves the document retrieval performance compared to the commonly used Dirichlet prior and absolute discounting smoothing techniques.

2. METHOD
In language model-based document retrieval, P (Q|d) is
estimated by the probability of generating each query term:

P (Q|d) =
P (qi |d)
(1)
i=1...M
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1.

where M is the number of terms in the query, qi denotes the
ith term of query Q = {q1 , q2 , ..., qM }, and d is the document
model. Therefore, the goal is to estimate P (w|d) which can
be simply calculated by the maximum likelihood estimation:
c(w, d)
Pml (w|d) = 
w c(w, d)

INTRODUCTION

(2)

However, having the problem of unseen words, we need
to use a smoothing technique to give a non-zero probability to the unseen words. We hypothesized that Bayesian
smoothing based on Pitman-Yor process can be used as a
new approach to solve the zero probability problem in document retrieval.
Pitman-Yor process is a nonparametric Bayesian model
which recursively placed as prior for predicting probabilities
in language model. Considering P (w|d) as the probability of
word w given the observation of document d to be estimated,
the Pitman-Yor process can be deﬁned as:

Statistical language modeling has successfully been used
in speech recognition and many natural language processing tasks. Language models for information retrieval have
been the topics of intense research interest in recent years.
The eﬃciency of this approach, its simplicity, the state-ofthe-art performance it provides, and straightforward probabilistic interpretation are the most important factors which
contribute to its popularity [3].
Smoothing plays an essential role when estimating a language model for retrieving relevant documents. A large
number of smoothing methods have been proposed for language modeling; among them, three diﬀerent techniques—
namely Jelinek-Mercer, Bayesian smoothing with Dirichlet
priors, and absolute discounting—have shown signiﬁcant improvements in information retrieval performance [6].
A hierarchical Bayesian language model based on PitmanYor processes has been recently proposed by Teh [5]. This
model which is a nonparametric generalization of the Dirichlet distribution [5] has been shown to produce results superior to the state-of-the-art smoothing methods. Hierarchical
Pitman-Yor language model has also been applied in speech
recognition task and improved the system performance signiﬁcantly [1]. However, to the best knowledge of the authors
this method has not been used for language model-based information retrieval.
In this work, we propose using the hierarchical Pitman-

P (w|d) ∼ P Y (δ, μ, PBG (w))

(3)

where δ is a discount parameter, μ is a strength parameter, and PBG is the prior/background probability of word w
before observing any document.
The procedure of drawing word probabilities from the
Pitman-Yor process can be described using the “Chines restaurant” analogy. Imagine a Chinese restaurant with an inﬁnite
number of tables, each with an inﬁnite number of seats. Customers, which correspond to word tokens, enter the restaurant and seat themselves at a table. Each customer can sit at
ck − δ
an occupied table k with probability
where ck is the
μ + c.

number of customers already sitting there and c. = k ck ;
the customer can also sit at a new unoccupied table with
μ + δt.
probability
where t. is the current number of occuμ + c.
pied tables. It is necessary to mention that all customers
that correspond to the same word type w can sit at diﬀerent
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tables, in which tw denotes the number of tables occupied
by customers w.
One of the advantages of Pitman-Yor process is improving the Dirichlet prior by using a discounting parameter δ
(0 < δ < 1) deriving from absolute discounting method.
Another key advantage of Pitman-Yor process is generating
a power-law distribution in the language model, which is
one of the statistical properties of word frequencies in natural language. This property, which is based on the scenario
of rich-get-richer, implies that in the statistical property of
word counts, words with low frequency have a high probability and words with high frequency occur with low probability. Beneﬁting from this idea in the document smoothing
can help us to have diﬀerent discounting value for each word
based on the frequency of that word in the document.
Given the seating arrangement of customers as described
above, the estimated probability of word w having the observation of document d is given by:
Pμδ (w|d) =

c(w, d) − δtw + (μ + δt.)PBG (w)

w c(w, d) + μ

Table 1: Retrieval results with diﬀerent smoothings.
Signiﬁcant diﬀerences with absolute discounting and
Dirichlet prior are marked by a and d respectively.

Model
Absolute Discounting
Dirichlet Prior
Pitman-Yor Process
Pitman-Yor Process (μ = 0)

P@10
0.4484
0.4518
0.4657∗a
0.4566

and absolute discounting. As mentioned, the major features
of the Pitman-Yor process are generalizing Dirichlet prior
and generating power-law distribution by having diﬀerent
discounting parameters for each word based on its frequency.
We believe that the power-law distribution is the main contribution of the Pitman-Yor language model which causes
such an improvement in retrieval performance. We also applied Pitman-Yor language model while setting μ = 0; i.e.
the model became more similar to absolute discounting, but
it still creates power-law distribution by beneﬁting from tw
parameter. The results are presented in the last raw of the
table. From the results we can see that although setting
μ = 0 decreases the performance, the reduction is not signiﬁcant; and the simpliﬁed version of Pitman-Yor smoothing
which only has one parameter still beat the other smoothing
methods.

(4)

If we set the discounting parameter δ = 0, then the model
reduces to the Dirichlet process. If we set the strength parameter μ = 0 and limit tw = 1, then the model reverts to
the absolute discounting method.
Although this formula is based on unigram model, the
hierarchical behavior of the Pitman-Yor process allows us to
use this model for higher level n-grams as well.
The most important and computationally expensive part
of the above formula is calculating tw for each word which
should have a relation to the word count c(w, d). Towards
this end, we use the power-law discounting model proposed
by Huang and Renals [2]:

tw = 0
if c(w, d) = 0
(5)
tw = f (c(w, d)) = cδ (w, d)
if c(w, d) > 0

4. CONCLUDING REMARKS
We proposed a new smoothing method for language modelbased document retrieval, named Bayesian smoothing based
on Pitman-Yor process, and veriﬁed that this language model
provides better performance than other state-of-the-art smoothing techniques. The key advantage of Pitman-Yor language
model is generating a power-law word distribution, which is
the primary reason for its superior performance.
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