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Abstract
Information retrieval models have been studied for decades, leading to a huge body of literature on
the topic. In this paper, we briefly review this body of literature along with a discussion of some recent
trends.

1 Introduction
The goal of any information retrieval (IR) system is to identify documents relevant to a user’s query. In order
to do this, an IR system must assume some specific measure of relevance between a document and a query,
i.e., an operational definition of a “relevant document” with respect to a query. A fundamental problem in
IR research is thus to formalize the concept of relevance; a different formalization of relevance generally
leads to a different retrieval model.
Over the decades, many different retrieval models have been proposed, studied, and tested. Their mathematical basis spans a large spectrum, including algebra, logic, probability and statistics. The existing models
can be roughly grouped into three major categories, depending on how they define/measure relevance. In the
first category, relevance is assumed to be correlated with the similarity between a query and a document. In
the second category, a binary random variable is used to model relevance and probabilistic models are used
to estimate the value of this relevance variable. In the third category, the relevance uncertainty is modeled
by the uncertainty of inferring queries from documents or vice versa. We now discuss the three categories
in details.

2 Similarity-based Models
In a similarity-based retrieval model, it is assumed that the relevance status of a document with respect to a
query is correlated with the similarity between the query and the document at some level of representation;
the more similar to a query a document is, the more relevant the document is assumed to be. In practice, we
can use any similarity measure that preserves such a correlation to generate a relevance status value (RSV)
for each document and rank documents accordingly.
The vector space model is the most well-known model of this type (Salton et al., 1975a; Salton and
McGill, 1983; Salton, 1989). In the vector space model, a document and a query are represented as two
term vectors in a high-dimensional term space. Each term is assigned a weight that reflects its “importance”
to the document or the query. Given a query, the relevance status value of a document is given by the
similarity between the query vector and document vector as measured by some vector similarity measure,
such as the cosine of the angle formed by the two vectors.
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Formally, a document d may be represented by a document vector d~ = (x1 , x2 , ..., xn ), where n is the
total number of terms and xi is the weight assigned to term i. Similarly, a query q can be represented by a
query vector q~ = (y1 , y2 , ..., yn ). The weight is usually computed based on the so-called TF-IDF weighting,
which is a combination of three factors (Singhal, 2001): (1) the local frequency of the term (in a document
or query); (2) the global frequency of the term in the whole collection; (3) document length. With the cosine
measure, we have the following similarity function of the document and query:
d~ · q~
sim(d, q) = q
~ qk
kdkk~
The vector space model naturally decomposes a retrieval model into three components: (1) a term vector
representation of query; (2) a term vector representation of document; (3) a similarity/distance measure of
the document vector and the query vector. However, the “synchronization” among the three components is
generally unspecified; in particular, the similarity measure does not dictate the representation of a document
or query. Thus, the vector space model is actually a general retrieval framework, in which the representation
of query and documents as well as the similarity measure can all be arbitrary in principle.
Related to its generality, the vector space model can also be regarded as a procedural model of retrieval,
in which the task of retrieval is naturally divided into two separate stages: indexing and search. The indexing
stage explicitly has to do with representing the document and the query by the “indexing terms” extracted
from the document and the query. The indexing terms are often assigned different weights to indicate their
importance in describing a document or a query. The search stage has to do with evaluating the relevance
value (i.e., the similarity) between a document vector and a query vector. The flexibility of the vector space
model makes it easy to incorporate different indexing models. For example, the 2-Poisson probabilistic
indexing model can be used to select indexing terms and/or assign term weights (Harter, 1975; Bookstein
and Swanson, 1975). Latent semantic indexing can be applied to reduce the dimension of the term space and
to capture the semantic “closeness” among terms, and thus to improve the representation of the documents
and query (Deerwester et al., 1990). A document can also be represented by a multinomial distribution over
the terms, as in the distribution model of indexing proposed in (Wong and Yao, 1989).
In the vector space model, feedback is typically treated as query vector updating. A well-known approach is the Rocchio method, which simply adds the centroid vector of the relevant documents to the query
vector and subtracts from it the centroid vector of the non-relevant documents with appropriate coefficients
(Rocchio, 1971). In effect, this leads to an expansion of the original query vector, i.e., additional terms are
extracted from the known relevant (and non-relevant) documents, and are added to the original query vector
with appropriate weights (Salton and Buckley, 1990).
The extended Boolean (p-norm) model is a heuristic extension of the traditional Boolean model to
perform document ranking, but it can also be regarded as a special case of the similarity model (Fox, 1983;
Salton et al., 1983). The similarity function has a parameter p that controls the “strictness” of satisfying the
constraint of a Boolean query, in such a way that it approaches a strict (conjunctive or disjunctive) Boolean
model when p approaches infinity, but softens the conjunctive or disjunctive constraint and behaves more
like a regular vector space similarity measure as p becomes smaller. However, the model must rely on some
assumptions about the Boolean structure of a query, and has some undesirable mathematical properties
(Rousseau, 1990). There has also been little, if any, large-scale evaluation of the model.
The vector space model is by far the most popular retrieval model due to its simplicity and effectiveness.
The following is a typical effective weighting formula with pivoted document length normalization taken
from (Singhal, 2001):
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X 1 + ln(1 + ln(tf ))
N +1
× qtf × ln
dl
df
(1 − s) + s avdl
t∈Q,D
where s is an empirical parameter (usually 0.20), and
tf
is the term’s frequency in document
qtf
is the term’s frequency in query
N
is the total number of documents in the collection
df
is the number of documents that contain the term
dl
is the document length, and
avdl is the average document length.
The main criticism for the vector space model is that it provides no formal framework for the representation, making the study of representation inherently separate from the relevance estimation. The separation
of the relevance function from the weighting of terms has the advantage of being flexible, but makes it very
difficult to study the interaction of representation and relevance measurement. The semantics of a similarity/relevance function is highly dependent on the actual representation (i.e., term weights) of the query and
the document. As a result, the study of representation in the vector space model has been so far largely
heuristic. The two central problems in document and query representation are the extraction of indexing
terms/units and the weighting of the indexing terms. The choice of different indexing units has been extensively studied, but no significant improvement has been achieved over the simplest word-based indexing
(Lewis, 1992), though some more recent evaluation has shown more promising improvement on average
through using linguistic phrases (Evans and Zhai, 1996; Strzalkowski, 1997; Zhai, 1997). Many heuristics
have also been proposed to improve term weighting, but again, no weighting method has been found to be
significantly better than the heuristic TF-IDF term weighting (Salton and Buckley, 1988). To address the
variances in the length of documents, an effective weighting formula also needs to incorporate document
length heuristically (Singhal et al., 1996). Salton et al. introduced the idea of the discrimination value of
an indexing term (Salton et al., 1975b). The discrimination value of an indexing term is the increase or
the decrease in the mean inter-document distance caused by adding the indexing term to the term space for
text representation. They found that the middle frequency terms have a higher discrimination value. Given a
similarity measure, the discrimination value provides a principled way of selecting terms for indexing. However, there are still two deficiencies. First, the discrimination value is not modeling relevance, but rather,
relies on a given similarity measure. Second, it is only helpful for selecting indexing terms, but not for the
weighting of terms.
A new generation of similarity-based retrieval models (Lafferty and Zhai, 2001a; Zhai and Lafferty,
2001a; Lavrenko, 2004) has been proposed based on the idea of representing documents and queries with
statistical language models. In one of the most effective methods, both a document and a query are represented as a unigram language model (i.e., a word distribution), and the similarity (or rather the distance)
between a document and a query is then measured based on the Kullback-Leibler divergence of the two
language models (Lafferty and Zhai, 2001a; Zhai and Lafferty, 2001a). The use of language models for IR
will be further discussed in the next section.

3 Probabilistic Relevance Models
In a probabilistic relevance model, we are interested in the question “What is the probability that this document is relevant to this query?” (Sparck Jones et al., 2000). Given a query, a document is assumed to be
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either relevant or non-relevant, but a system can never be sure about the true relevance status of a document,
so it has to rely on a probabilistic relevance model to estimate it.
Formally, let random variables D and Q denote a document and query, respectively. Let R be a binary
random variable that indicates whether D is relevant to Q or not. It takes two values which we denote as r
(“relevant”) and r (“not relevant”). The task is to estimate the probability of relevance, i.e., p (R = r | D, Q).
Depending on how this probability is estimated, there are several special cases of this general probabilistic
relevance model.
First, p (R = r | D, Q) can be estimated directly using a discriminative (regression) model. Essentially,
the relevance variable R is assumed to be dependent on “features” that characterize the matching of D and
Q. Such a regression model was probably first introduced with some success by Fox (Fox, 1983), where
features such as term frequency, authorship, and co-citation were combined using linear regression. Fuhr
and Buckley (Fuhr and Buckley, 1991) used polynomial regression to approximate relevance. Gey used
logistic regression involving information such as query term frequency, document term frequency, IDF, and
relative term frequency in the whole collection, and this model shows promising performance in three small
testing collections (Gey, 1994). Regression models provide a principled way of exploring heuristic features
and ideas. One important advantage of regression models is their ability to learn from all the past relevance
judgments, in the sense that the parameters of a model can be estimated based on all the relevance judgments,
including the judgments for different queries or documents. However, because regression models are based
on heuristic features in the first place, lots of empirical experimentation would be needed in order to find
a set of good features. A regression model thus provides only limited guidance for extending a retrieval
model.
Alternatively, p (R = r | D, Q) can be estimated indirectly using a generative model in the following
way (Lafferty and Zhai, 2003):
p (R = r | D, Q) =

p (D, Q | R = r) p (R = r)
.
p (D, Q)

Equivalently, we may use the following log-odds ratio to rank documents:
log

p (r | D, Q)
p (r | D, Q)

= log

p (D, Q | r) p (r)
.
p (D, Q | r) p (r)

There are two different ways to factor the conditional probability p (D, Q | R), corresponding to “document
generation” and “query generation.”
With document generation, p (D, Q | R) = p (D | Q, R)p (Q | R), so we end up with the following ranking formula:
log

p (D | Q, r)
p (r | Q)
p (r | D, Q)
= log
+ log
p (r | D, Q)
p (D | Q, r)
p (r | Q)

Essentially, the retrieval problem is formulated as a two-category document classification problem,
though we are only interested in ranking the classification likelihood, rather than actually assigning class
labels. Operationally, two models are estimated for each query, one modeling relevant documents, the other
modeling non-relevant documents. Documents are then ranked according to the posterior probability of
relevance.
Most classic probabilistic retrieval models (Robertson and Sparck Jones, 1976; van Rijsbergen, 1979;
Fuhr, 1992) are based on document generation. The Binary Independence Retrieval (BIR) model (Robertson
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and Sparck Jones, 1976; Fuhr, 1992) is perhaps the most well known classical probabilistic model. The BIR
model assumes that terms are independently distributed in each of the two relevance models, so it essentially
uses the Naı̈ve Bayes classifier for document ranking (Lewis, 1998). 1 The BIR retrieval formula is the
following (Robertson and Sparck Jones, 1976; Lafferty and Zhai, 2003):
log

p (r | D, Q) rank
=
p (r | D, Q)

X

log

t∈D∩t∈Q

p(t | Q, r)(1 − p(t | Q, r))
(1 − p(t | Q, r))p(t | Q, r)

rank

where = means equivalent in terms of being used for ranking documents.
There have been several efforts to improve the binary representation. van Rijsbergen extended the binary
independence model by capturing some term dependency as defined by a minimum-spanning tree weighted
by average mutual information (van Rijbergen, 1977). The dependency model achieved significant increases
in retrieval performance over the independence model. However, the evaluation was only done on very
small collections, and the estimation of many more parameters is a problem in practice (Harper and van
Rijsbergen, 1978). Croft investigated how the heuristic term significance weight can be incorporated into
probabilistic models in a principled way (Croft, 1981). Another effort to improve document representation
involves introducing the term frequency directly into the model by using a multiple 2-Poisson mixture
representation of documents (Robertson et al., 1981). This model has not shown empirical improvement
in retrieval performance directly, but an approximation of the model using a simple TF formula turns out to
be quite effective (Robertson and Walker, 1994). The heuristic retrieval formula BM25 has been successfully
used in City University’s Okapi system and several other TREC systems (Voorhees and Harman, 2001). A
different way of introducing the term frequency into the model, not directly proposed but implied by a lot
of work in text categorization, is to regard a document as being generated from a unigram language model
(Kalt, 1996; McCallum and Nigam, 1998).
With query generation, p (D, Q | R) = p (Q | D, R)p (D | R), so we end up with the following ranking
formula:
log

p (Q | D, r)
p (r | D)
p (r | D, Q)
= log
+ log
p (r | D, Q)
p (Q | D, r)
p (r | D)

Under the assumption that conditioned on the event R = r, the document D is independent of the query
Q, i.e., p (D, Q | R = r) = p (D | R = r) p (Q | R = r), the formula becomes
log

p (r | D, Q) rank
p (r | D)
= log p (Q | D, r) + log
p (r | D, Q)
p (r | D)

There are two components in this model. The major component p (Q | D, r) can be interpreted as a
“relevant query model” conditioned on a document. That is, p (Q | D, r) is the probability that a user who
likes document D would use Q as a query. The second component p (r | D) is a prior that can be used to
encode a user’s bias on documents.
Models based on query generation have been explored in (Maron and Kuhns, 1960), (Fuhr, 1992) and
(Lafferty and Zhai, 2001b). The probabilistic indexing model proposed in (Maron and Kuhns, 1960) is the
first probabilistic retrieval model, in which the indexing terms assigned to a document are weighted by the
probability that a user who likes the document would use the term in the query. That is, the weight of term
t for document D is p (t | D, r). However, the estimation of the model is based on the user’s feedback,
not the content of D. The Binary Independence Indexing (BII) model proposed in (Fuhr, 1992) is another
1

The required underlying independence assumption for the final retrieval formula is actually weaker (Cooper, 1991).
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special case of the query generation model. It allows the description of a document (with weighted terms)
to be estimated based on arbitrary queries, but the specific parameterization makes it hard to estimate all the
parameters in practice. In (Lafferty and Zhai, 2001b), it has been shown that the recently proposed language
modeling approach to retrieval is also a special probabilistic relevance model when query generation is used
to decompose the generative model. This work provides a relevance-based justification for this new family
of probabilistic models based on statistical language modeling.
The language modeling approach was first introduced in (Ponte and Croft, 1998) and later explored in
(Hiemstra and Kraaij, 1998; Miller et al., 1999; Berger and Lafferty, 1999; Song and Croft, 1999), among
others. The estimation of a language model based on a document (i.e., the estimation of p (. | D, r)) is the
key component in the language modeling approach. Indeed, most work in this direction differs mainly in
the language model used and the method of language model estimation. Smoothing document language
models with some kind of collection language model has been very popular in the existing work. For
example, geometric smoothing was used in (Ponte and Croft, 1998); linear interpolation smoothing was used
in (Hiemstra and Kraaij, 1998; Berger and Lafferty, 1999), and was viewed as a 2-state hidden Markov model
in (Miller et al., 1999). Berger and Lafferty explored “semantic smoothing” by estimating a “translation
model” for mapping a document term to a query term, and reported significant improvements over the
baseline language modeling approach through the use of translation models (Berger and Lafferty, 1999).
The language modeling approach has two important contributions. First, it introduces a new effective
probabilistic ranking function based on query generation. While the earlier query generation models have all
found estimating the parameters difficult, the model proposed in (Ponte and Croft, 1998) explicitly addresses
the estimation problem through the use of statistical language models. Second, it reveals the connection
between the difficult problem of text representation in IR and the language modeling techniques that have
been well-studied in other application areas such as statistical machine translation and speech recognition,
making it possible to exploit various kinds of language modeling techniques to address the representation
problem.2
While based on the same notion of relevance and probabilistically equivalent, the classic document generation probabilistic models and the language modeling approach have several important differences from
an estimation perspective, as they involve different parameters for estimation. When no relevance judgments are available, it is easier to estimate p (Q | D, r) in the language modeling approach than to estimate
p (D | Q, r) in the classic probabilistic models. Intuitively, it is easier to estimate a model for “relevant
queries” based on a document than to estimate a model for relevant documents based on a query. Indeed,
the BIR model has encountered difficulties in estimating p (t | Q, r) and p (t | Q, r) when no explicit relevance information is available. Typically, p (t | Q, r) is set to a constant and p (t | Q, r) is estimated under
the assumption that the whole collection of documents is non-relevant (Croft and Harper, 1979; Robertson
and Walker, 1997). Recently, Lavrenko and Croft made progress in estimating the relevance model without relevance judgments by exploiting language modeling techniques (Lavrenko and Croft, 2001). When
explicit relevance judgments are available, the classic models, being based on document generation, have
the advantage of being able to improve the estimation of the component probabilistic models naturally by
exploiting such explicit relevance information. This is because the relevance judgments from a user provide
direct training data for estimating p (t | Q, r) and p (t | Q, r), which can then be applied to new documents.
The same relevance judgments can also provide direct training data for improving the estimate of p (t | D, r)
in the language modeling approach, but only for those judged relevant documents. Thus, the directly improved models can not be expected to improve our ranking of other un-judged documents. Interestingly,
2
The use of a multinomial model for documents was actually first introduced in (Wong and Yao, 1989), but was not exploited
as a language model.
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such improved models can potentially be beneficial for new queries – a feature unavailable in document
generation models.
The difficulty in doing feedback for the query-generation probabilistic models has motivated the development of a more general family of probabilistic similarity models as discussed in the end of Section 2.
It can be shown that the Kullback-Leibler (KL) divergence retrieval can cover the simple query generation
model as a special case (Lafferty and Zhai, 2001a). Moreover, with the KL-divergence model, feedback can
be achieved through improving the estimation of the query language model (Lafferty and Zhai, 2001a) (also
called relevance model (Lavrenko and Croft, 2001)). In general, retrieval performance can be improved
through improving the estimation of both the query language model (Zhai and Lafferty, 2001a; Lavrenko
and Croft, 2001; Shen et al., 2005; Tao and Zhai, 2006) and the document language model (Liu and Croft,
2004; Kurland and Lee, 2004; Tao et al., ).
Instead of imposing a strict document generation or query generation decomposition of p (D, Q | R),
one can also “generate” a document-query pair simultaneously. Mittendorf & Schauble explored a passagebased generative model using the Hidden Markov Model (HMM), which can be regarded as such a case
(Mittendorf and Schauble, 1994). In this work, a document query pair is represented as a sequence of
symbols, each corresponding to a term in a particular position of the document. All term tokens are clustered
in terms of the similarity between the token and the query. In this way, a term token in a particular position
of a document can be mapped to a symbol that represents the cluster the token belongs to. Such symbol
sequences are modeled as the output from an HMM with two states, one corresponding to relevant passage
and the other the background noise. The relevance value is then computed based on the likelihood ratio of
the sequence given the passage HMM model and the background model.
Empirically, probabilistic relevance models have shown good performance. Indeed, a simple approximation of the 2-Poisson probabilistic model, which has led to the BM25 retrieval formula used in the Okapi
system, has been very effective (Robertson and Walker, 1994; Robertson et al., 1995). The language modeling approaches have also been shown to perform very well (Ponte and Croft, 1998; Hiemstra and Kraaij,
1998; Miller et al., 1999). The BM25 formula is shown below, following the notations used in (Singhal,
2001):
X

t∈Q,D

ln

(k1 + 1)tf
(k3 + 1)qtf
N − df + 0.5
×
×
dl
df + 0.5
k3 + qtf
(k1 (1 − b) + b avdl ) + tf

where, k1 ∈ [1.0, 2.0], b (usually 0.75), and k 3 ∈ [0, 1000] are parameters, and other variables have the same
meaning as in the vector space retrieval formula described in the previous section.
Also, most language model-based retrieval models, especially the KL-divergence retrieval model with
Dirichlet prior smoothing (Zhai and Lafferty, 2001b), perform very well empirically.

4 Probabilistic Inference Models
In a probabilistic inference model, the relevance uncertainty of a document with respect to a query is modeled by the uncertainty associated with inferring/proving the query from the document. Depending on how
one defines what it means by “proving a query from a document,” different inference models are possible.
van Rijsbergen introduced a logic-based probabilistic inference model for text retrieval (van Rijsbergen,
1986), in which, a document is relevant to a query if and only if the query can be proved from the document.
The Boolean retrieval model can be regarded as a simple case of this model. To cope with the inherent uncertainty in relevance, van Rijsbergen introduced a logic for probabilistic inference, in which the probability
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of a conditional, such as p → q, can be estimated based on the notion of possible worlds. In (Wong and
Yao, 1995), Wong and Yao extended the probabilistic inference model and developed a general probabilistic inference model which subsumes several other retrieval models such as Boolean, vector space, and the
classic probabilistic models. Fuhr shows that some particular form of the language modeling approach can
also be derived as a special case of the general probabilistic inference model (Fuhr, 2001).
While theoretically interesting, the probabilistic inference models all must rely on further assumptions
about the representation of documents and queries in order to obtain an operational retrieval formula. The
choice of such representations is in a way outside the model, so there is little guidance on how to choose or
how to improve a representation.
The inference network model is also based on probabilistic inference (Turtle and Croft, 1991). It is
essentially a Bayesian belief network that models the dependency between the satisfaction of a query and
the observation of documents. The estimation of relevance is based on the computation of the conditional
probability that the query is satisfied given that the document is observed. Other similar uses of the Bayesian
belief network in retrieval are presented in (Fung and Favero, 1995; Ribeiro and Muntz, 1996; Ribeiro-Neto
et al., 2000). The inference network model is a much more general formalism than most of the models that
we have discussed above. With different ways to realize the probabilistic relationship between the observation of documents and the satisfaction of the user’s information need, one can obtain many different existing
specific retrieval models, such as Boolean, extended Boolean, vector space, and conventional probabilistic
models. More importantly, the inference network model can potentially go beyond the traditional notion of
topical relevance; indeed, the goal of inference is a very general one, and at its highest level, the framework
is so general that it can accommodate almost any probabilistic model. The generality makes it possible to
combine multiple evidence, including different formulations of the same query. The query language based
directly on the model has been an important and practical contribution to IR technology.
However, despite its generality, the inference network framework says little about how one can further
decompose the general probabilistic model. As a result, operationally, one usually has to set probabilities
based on heuristics, as was done in the Inquery system (Callan et al., 1992).
Kwok’s network model may also be considered as performing a probabilistic inference (Kwok, 1995),
though it is based on spread activation.
In general, the probabilistic inference models address the issue of relevance in a very general way. In
some sense, the lack of a commitment to specific assumptions in these general models has helped to maintain
their generality as retrieval models. But this also deprives them of “predictive power” as a theory. As a result,
they generally provide little guidance on how to refine the general notion of relevance.

5 Recent Trends
A large number of different retrieval approaches have been proposed and studied, and a tremendous amount
of effort has been devoted to the evaluation of various kinds of approaches, especially in the context of TREC
evaluation (Voorhees and Harman, 2001). There has been a lot of progress in both developing a retrieval
theory and improving empirical performance. Among all, the following three basic retrieval functions are
generally regarded as most effective: (1) pivoted normalization vector space model (Singhal et al., 1996); (2)
Okapi/BM25 probabilistic retrieval model (Robertson and Walker, 1994); and (3) Dirichlet prior language
model (Zhai and Lafferty, 2001b). When optimized, they generally have similar performance. Moreover,
each of them can be further improve through techniques such as pseudo feedback.
A main weakness in all the work is that the integration of theory and practice has so far been quite weak
in the sense that theoretical guidance and formal principles have rarely led to good performance directly; a
8

lot of heuristic parameter tuning must be used in order to achieve good performance. Parameter tuning is
generally difficult due to the fact that the optimal setting of parameters is often collection/query dependent
and the parameters may interact with each other in a complicated way.
To address these long-standing challenges, two lines of work have been done recently: (1) general retrieval frameworks such as risk minimization (Zhai and Lafferty, 2006) and generative relevance (Lavrenko,
2004) have been developed. These statistically well-founded frameworks can provide a roadmap for applying statistical language models to retrieval. (2) a new axiomatic approach to developing retrieval models
has been proposed and explored (Fang et al., 2004; Fang and Zhai, 2005; Fang and Zhai, 2006). This new
approach attempts to model relevance more directly with term-level heuristic constraints. As a result, it
provides several important benefits, including making it possible to analytically predict the performance of
a retrieval function without relying on labor-intensive experiments, determining optimal parameter ranges
analytically, and providing guidance on developing new retrieval models.
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