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1.1 Introduction

A financial analyst wants to be alerted of any information that may af-
fect the price of the stock he is tracking; an agent working in the Homeland
Security Department wants to be alerted of any information related to po-
tential terror attacks; a customer call center representative wants to answer
customer calls about problems that he can handle; and a student wants to
be alerted of fellowship or financial aid opportunities appropriate for her/his
circumstances.

In these examples, the user preferences are comparatively stable and rep-
resent a long term information need, the information source is dynamic, in-
formation arrives sequentially over time, and the information needs to be
delivered to the user as soon as possible. Traditional ad hoc search engines,
which are designed to help the users to pull out information from a compar-
atively static information source, are inadequate to fulfill the requirements of
these tasks. Instead, a filtering system can better serve the user. A filtering
system is an autonomous agent that delivers good information to the user in
a dynamic environment. As opposed to forming a ranked list, it estimates
whether a piece of information matches the user needs as soon as the infor-
mation arrives and pushes the information to the user if the answer is “yes”,
so a user can be alerted of any important information on time.

A typical information filtering system is shown in Figure 1.1. In this fig-
ure, a piece of information is a document. A user’s information needs are
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FIGURE 1.1: A typical filtering system. A filtering system can serve
many users, although only one user is shown in the figure. Information can
be documents, images, or videos. Without lose of generality, we focus on

text documents in this chapter.
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represented in a user profile. The profile contains one or more classes, such
as “stock” or “music”, and each class corresponds to one information need.
When a user has a new information need, he/she sends to the system an initial
request, such as a query or an example of what he/she wants. The system
then initializes and creates a new online classifier in the user’s profile to serve
this information need. As future documents arrive, the system delivers docu-
ments the classifier considered relevant to the user. The user may then read
the delivered documents and provide explicit feedback, such as identifying a
document as “good” or “bad”. The user also provides some implicit feedback,
such as deleting a document without reading it or saving a document. The
filtering system uses the user feedback accumulated over time to update the
user profile.

Adaptive filtering vs. retrieval: standard ad hoc retrieval systems,
such as search engines, let users use short queries to pull information out of
a repository. These systems treat all users the same given the same query.
Most IR systems return back documents that match a user query. They
assume that a user knows what he/she wants, and what words to use to
describe it whenever he/she has an information need. However, a user often
does not know these or thinks he/she needs to know one thing but actually
needs something else. For example, a financial analyst may search for news
in order to check whether the earnings of a company matches the projected
earnings. However, also relevant to this task is the large number of customer
complaints about the company’s product in the blog space. Another example
is a research scientist often wants to keep up-to-date with what is happening
within a research field, but not looking for a specific answer [12].

If the information need of a user is more or less stable over a long period
of time, a filtering system is a good environment to learn user profiles (also
called user models) from a fair amount of user feedback that can be accu-
mulated over time. In other words, the adaptive filtering system can serve
the user better by learning user profiles while interacting with the user, thus
information delivered to the user can be personalized to an individual user’s
information needs automatically. Even if the user’s interest drifts or changes,
the adaptive filtering system can still adapt to the user’s new interest by
constantly updating the user profile from training data, creating new classes
automatically [30], or letting the user create/delete classes.

Adaptive filtering vs. collaborative filtering: Collaborative filter-
ing is an alternative approach used by push system to provide personalized
recommendations to users. Adaptive filtering, which is also called content
based filtering, assumes what a user will like is similar to what the user liked
before, and thus make recommendations for one user based on the user’s feed-
back about past documents. Collaborative filtering assumes users have similar
tastes on some items may also have similar preferences on other items, and
thus make recommendations for one user based on the feedback from other
users that are similar to this user. Memory-based heuristics and model based
approaches have been used in collaborative filtering task [42] [29] [18] [37] [35]
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[34] [15] [67]. This chapter does not intend to compare adaptive filtering with
collaborative filtering or claim which one is a better. We think each com-
plements the other. Adaptive filtering is extremely useful for handling new
documents/items with little or no user feedback, while collaborative filtering
leverages information from other users with similar tastes and preferences in
the past. Researchers [52] [11] [77], have found that a recommendation system
will be more effective when both techniques are combined. However, this is
beyond the scope of this chapter and thus not discussed here.

Adaptive filtering vs. Topic Detection and Tracking: The super-
vised tracking task at the Topic Detection and Tracking (TDT) Workshops is
a forum closely related to information filtering [1] [79]. TDT research focuses
on discovering topically related material in streams of data. TDT is different
from adaptive filtering in several aspects. In TDT, a topic is user independent
and defined as an event or activity, along with all directly related events and
activities. In adaptive filtering, an information need is user specific and has a
broader definition. A user information needs may be a topic about a specific
subject, such as “2004 presidential election”, or not, such as “weird stories”.
However, TDT-style topic tracking and TREC-style adaptive filtering have
much in common, especially if we treat a topic as a form of user information
need. Since a separate chapter in this book is devoted to TDT, we refer the
readers to that chapter for research on TDT.

This chapter is organized as follows. Section 1.2 introduces the standard
evaluation measures used in the TREC adaptive filtering task. Section 1.3
introduces commonly used retrieval models and adaptive filtering approaches.
Section 1.4 describes how to solve the “cold start” problem for new users using
Bayesian prior learned from other users. Section 1.5 introduces techniques to
avoid redundant information while filtering. This chapter ends with discussion
and references to other important topics not covered in details in this book.

1.2 Standard evaluation measures

There are large amounts of prior work on information filtering [31]. The
Filtering Track [62] [61] [63] at the Text REtrieval Conference (TREC) is the
best known forum for the evaluation of related research [76].

The TREC conference, co-sponsored by the National Institute of Standards
and Technology (NIST) and the Defense Advanced Research Projects Agency
(DARPA), was started in 1992 and held annually to support research within
the information retrieval community by “providing the infrastructure neces-
sary for large-scale evaluation of text retrieval methodologies”.

A TREC conference consists of a set of tracks. Each track is an area of
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focus in which particular retrieval tasks are defined. The Filtering Track1 is
one of them. In the Filtering Track, the most important research task is the
adaptive filtering task, which is designed to model the text filtering process
from the moment of profile construction. In this task, the user’s information
need is stable while the incoming new document stream is dynamic. For
each user profile, a random sample of a small amount (2 or 3) of known
relevant documents were given to the participating systems, and no relevance
judgments for other documents in the training set were available. When a new
document arrives, the system needs to decide whether to deliver it to the user
or not. If the document is delivered, the user’s relevance judgment for it will
be released to the system immediately to simulate the scenario that an explicit
user feedback is provided to the filtering system by the user. If the document
is not delivered, the relevance judgment will never be released to the system.
Once the system makes the decision of whether to deliver the document or
not, the decision is final [62]. This is strict and not always necessary in a
real filtering system, however it is a simple, reasonable and implementable
scenario where comparison of the performance between laboratory systems is
possible. The goal is to mimic realistic situations where an adaptive filteirng
would be used.

In each Filtering Track, NIST provides a test set of documents and relevance
judgments. The judgement of relevance is based on topical relevance only.
Participants run their own filtering systems on the data, and return to NIST
their results. Thus different systems’ performance on the set of standard
Filtering Track evaluation data sets are publicly available for cross system
comparison.

In the information retrieval community, the performance of an ad hoc re-
trieval system is typically evaluated using relevance-based recall and precision
at a certain cut-off of the ranked result. Taking a 20-document cut-off as an
example:

precision =
the number of relevant documents among the top 20

20
(1.1)

recall =
the number of relevant documents in the top 20

all relevant documents in the corpus
(1.2)

What is a good cut off number is unknown. In order to compare different
algorithms without a specific cut off, the mean of the precision scores after
each relevant document is retrieved, which is called Mean Average Precision
(MAP), is often used.

However, the above evaluation measures are not appropriate for filtering.
Instead of a ranking list, a filtering system makes an explicit binary decision
of whether accept or reject a document for each profile. A utility function

1The Filtering Track was last run in TREC 2002
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FIGURE 1.1: The values assigned to relevant and non-relevant
documents that the filtering system did and did not deliver. R−, R+, N+

and N− correspond to the number of documents that fall into the
corresponding category. AR, AN , BR and BN correspond to the

credit/penalty for each element in the category.
Relevant Non-Relevant

Delivered R+, AR N+, AN
Not Delivered R−, BR N−, BN

is usually used to model user satisfaction and evaluate a system. A general
form of the linear utility function used in the recent TREC Filtering Track is
shown below [59].

U = AR ·R+ +AN ·N+ +BR ·R− +BN ·N− (1.3)

This model corresponds to assigning a positive or negative value to each el-
ement in the categories of Table 1.1, where R−, R+, N+ and N− corre-
spond to the number of documents that fall into the corresponding category,
AR, AN , BR and BN correspond to the credit/penalty for each element in the
category. Usually, AR is positive, and AN is negative. Assigning a negative
weight for a non-relevant document delivered is reasonable considering the
fact that retrieving non-relevant documents have a much worse impact than
not retrieving relevant ones [13]. BN and BR are set to zero in TREC to
avoid the dominance of undelivered documents on the final evaluation results,
because the number of undelivered documents is usually extremely large and
a user’s satisfaction is mostly influenced by what the user has seen. The total
number of relevant documents R+ +R− is a constant for a user profile. Thus
a non-zero AR ·R+ already implicitly encodes the influence of R− undelivered
relevant documents in the final evaluation measure.2

In the TREC-9, TREC-10 and TREC-11 Filtering Tracks, the following
utility function was used:

T11U = T10U = T9U = 2R+ −N+ (1.4)

If we use the T11U utility measure directly and get the final result by
averaging across user profiles, profiles with many delivered documents will
dominate the final result. So a normalized version T11SU was also used in
TREC-11:

T11SU =
max( T11U

MaxU ,MinNU)−MinNU

1−MinNU
(1.5)

2Some other evaluation measures, such as the normalized utility measure described in the
following paragraphs, also consider N+ implicitly.
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whereMaxU = 2∗(R++R−) is the maximum possible utility,3 andMinNU =
−0.5. If the score is below MinNU , the MinNU is used, which simulates
the scenario that the users stop using the system when the performance is too
poor.4

In general, when we average across user profiles to evaluate a filtering sys-
tem, we can view T11U as micro average measures, while the normalized
utility T11SU as macro average measures.

Notice that in a real scenario, we could define user-specific utility functions
to model user satisfaction and evaluate filtering systems. A better choice of
AR, AN , BR and BN would depend on the user, the task, and the context.
For example, when a user is reading news with a wireless phone, he may
have less tolerance for non-relevant documents delivered and prefer higher
precision, and thus use a utility function with larger penalty for non-relevant
documents delivered, such as Uwireless = R+ − 3N+. When a user is doing
research about a certain topic, he may have a high tolerance for non-relevant
documents delivered and prefer high recall, and thus use a utility function with
less penalty for non-relevant documents delivered, such as Uresearch = R+ −
0.5N+. When monitoring potential terrorist activities, missing information
might be crucial and BR may be a big non-zero negative value.

In addition to the linear utility measure, other measures such as F-beta [62]
defined by van Rijsbergen and DET curves [50], are also used in the research
community. Measures that consider novelty or properties of a document have
also been proposed by researchers [84].

This section focused on standard evaluation measures used in the TREC
adaptive filtering task [62], because they were selected by researchers working
in adaptive filtering area over the last several years. Also, the benchmark
performance of different systems on several standard filtering data sets are
publicly available at http://trec.nist.gov. When a new filtering algorithm is
developed to work in a scenario similar to TREC adaptive filtering task, it
is often a good practise to evaluate the empirical performance of the new
algorithm on the benchmark data sets. As a tradition of the information
retrieval community, this becomes a very important method to evaluate the
contribution of a new algorithm.

3Notice the normalized version does take into consideration undelivered relevant documents.
Therefore, it also provides some information about the recall of the system implicitly.
4This is not exactly the same, since in TREC the system is evaluated at the very end of
filtering process.
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1.3 Standard retrieval models and filtering approaches

In this section, we first review some existing information retrieval models
since most of them have been adapted, or can be adapted, for the information
filtering task. Then we review three common filtering approaches for learning
user profiles from explicit user feedback.

We introduce these existing approaches and their drawbacks here, so that
the readers can get a better understanding of the common practises in adap-
tive filtering. This section also provides the context and motivation of the
research work described in the following sections. As there is a large amount
of literature about standard retrieval models and filtering approaches, we will
only review them concisely. For more detail about these models, the readers
are referred to other chapters of the book as well as [3] [8] [19] [38] [27] [45]
[80] [20] [60] [5] [58] [9] [69] [74] [48] [26] [71] [31] [62] [71] [51] [43].

1.3.1 Existing retrieval models

Information filtering has a long history dating back to the 1970s. It was
created as a subfield of the more general information retrieval field, which
was originally established to solve the ad hoc retrieval task.5 For this reason,
early work tended to view filtering and retrieval as “two sides of the same
coin” [14]. The duality argument is based on the assumptions that docu-
ments and queries are interchangeable. This dual view has been questioned
[65] [19] by challenging the interchangeability of documents and queries due
to their asymmetries of representation, ranking, evaluation, iteration, history
and statistics. However, the influence of retrieval models on filtering is still
large, because the retrieval models were comparatively well studied and the
two tasks share many common issues, such as how to handle words and to-
kens, how to represent a document, how to represent a user query, how to
understand relevance, and how to use relevance feedback. So it is worthwhile
to look at various models used in IR and how relevance feedback is used in
these models.

In the last several decades, many different retrieval models have been de-
veloped to solve the ad hoc retrieval task. In general, there are three major
classes of IR models:

5Historically, information retrieval was first used to refer to the ad hoc retrieval task,
and then was expanded to refer to the broader information seeking scenario that includes
filtering, text classification, question answering and more.
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1.3.1.1 Boolean models

The Boolean model is the simplest retrieval model based on Boolean algebra
and set theory. The concept is very simple and intuitive. The drawbacks
of the Boolean model are in two aspects: 1) The users may have difficulty
to express their information needs using Boolean expressions; and 2) The
retrieval system can hardly rank documents since a document is predicted to
be either relevant or non relevant without any notion of degree of relevance.
Nevertheless, the Boolean model is widely used in commercial search engines
because of its simplicity and efficiency. How to use relevance feedback from
the user to refine a Boolean query is not straightforward, so the Boolean model
was extended for this purposes [47].

1.3.1.2 Vector space models

The vector model is a widely implemented IR model, most famously built
in the SMART system [69]. It represents documents and user queries in a
high dimensional space indexed by “indexing terms”, and assumes that the
relevance of a document can be measured by the similarity between it and
the query in the high dimensional space [68]. In the vector space framework,
relevance feedback is used to reformulate a query vector so that it is closer to
the relevant documents, or for query expansion so that additional terms from
the relevant documents are added to the original query. The most famous
algorithm is the Rocchio algorithm [66], which represents a user query using
a linear combination of the original query vector, the relevant documents
centroid, and the non-relevant documents centroid.

A major criticism for the vector space model is that its performance depends
highly on the representation, while the choice of representation is heuristic
because the vector space model itself does not provide a theoretical framework
on how to select key terms and how to set weights of terms.

1.3.1.3 Probabilistic models

Probabilistic models, such as the Binary Independence Model (BIM) ([60]),
provide direct guidance on term weighting and term selection based on proba-
bility theory. In these probabilistic models, the probability of a document d is
relevant to a user query q is modelled explicitly [57] [60] [32]. Using relevance
feedback to improve parameter estimation in probabilistic models is straight-
forward according to the definition of the models, because they presuppose
relevance information.

In recent decades many researchers proposed IR models that are more gen-
eral, while also explaining already existing IR models. For example, Inference
networks have been successfully implemented in the well known INQUERY
retrieval system [74]. Bayesian networks extend the view of inference net-
works. Both models represent documents and queries using acyclic graphs.
Unfortunately, both models do not provide a sound theoretical framework to



10 DRAFT

learn the structure of the graph or to estimate the conditional probabilities de-
fined on the graphs, and thus the model structure and parameter estimations
are rather ad hoc [33]. Another example is the language modeling approach,
which is a statistical approach that models the document generation process.
This approach is a very active research area in the IR community since late
90’s [27].

1.3.2 Existing adaptive filtering approaches

The key component of an adaptive filtering system is the user profile used by
the system to make the decision of whether to deliver a document to the user
or not. In the early research work as well as some recent commercial filtering
systems, a user profile is represented as Boolean logic [36]. With the growing
computation power and the advance of research in the information retrieval
community in the last 20 years, filtering systems have gone beyond simple
Boolean queries and represent a user profile as either a vector, a statistical
distribution of words or something else. Much of the research on adaptive
filtering is focused on learning a user profile from explicit user feedback on
whether the user likes a document or not while interacting with the user. In
general, there are two major approaches.

1.3.2.1 Filtering as Retrieval + thresholding

A typical retrieval system has a static information source, and the task is
to return a ranking of documents in response to a short-term user request.
Because of the influence of the retrieval models, some existing filtering systems
use “retrieval scoring+thresholding” approach for filtering and build adaptive
filtering based on algorithms originally designed for the retrieval task. A
filtering system uses a retrieval algorithm to score each incoming document
and delivers the document to the user if and only if the score is above a
dissemination threshold. Some examples of retrieval models that have been
applied to the adaptive filtering task are: Rocchio, language models, Okapi,
and pseudo relevance feedback [3] [19] [48] [5] [26] [71].

A threshold is not needed in a retrieval task, because the system only needs
to return a ranked list of documents. A major research topic in the adaptive
filtering community is on how to set dissemination thresholds [64] [7] [82] [6]
[91] [8] [17] [87]. The criteria of thresholds are often expressed in an easy
to understand way, such as the utility function described in Section 1.2. At
each time point, the system learns a threshold from the relevance judgements
collected so far. For example, one direct utility optimization technique is
to compute the utility on the training data for each candidate threshold,
and choose the threshold that gives the maximum utility. Score distribution
based approach assumes generative models of scores for relevant documents
and non relevant documents. For example, one can assume the scores of
relevant documents follow a Gaussian distribution, and the scores for none
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relevant documents follow an exponential distribution. Training data can be
used to estimate the model parameters, and the threshold can be found by
optimizing the expected utility under the estimated model [7]. However, an
adaptive filtering system only receives feedback for documents delivered/rated
by the user, thus model estimation techniques based on random sampling
assumption usually lead to biased estimation and should be avoided [91].

1.3.2.2 Filtering as text classification

Text classification is another well studied area. A typical classification
system learns a classifier from a labeled training data set, and then classifies
unlabeled testing documents into different classes. A popular approach is to
treat filtering as a text classification task by defining two classes: relevant
vs. non-relevant. The filtering system learns a user profile as a classifier
and delivers a document to the user if the classifier thinks it is relevant or
the probability of relevance is high. The state of the art text classification
algorithms, such as support vector machines (SVM), K nearest neighbors (K-
NN), neural networks, logistic regression and Winnow, have been used to solve
this binary classification task [45] [20] [8] [62] [83] [90][71] [51] [80] [43] [72].

Instead of minimizing classification error, an adaptive filtering system needs
to optimize the standard evaluation measure, such as a user utility. For ex-
ample, in order to optimize the utility measure T11U = 2R+−N+ (Equation
1.4), a filtering system usually delivers a document to the user if the prob-
ability of relevance is above 67% [61]. Some machine learning approaches,
such as logistic regression or neural networks, estimate the probability of rel-
evance directly, which makes it easier to make the binary decision of whether
to deliver a document.

Many standard text classification algorithms do not work well for a new
user, which usually means no or few training data points. Some new ap-
proaches have been developed for initialization. For example, researchers have
found that retrieval techniques, such as Rocchio, work well at the early stage
of filtering when the system has very few training data. Statistical text classi-
fication techniques, such as logistic regression, work well at the later stage of
filtering when the system has accumulated enough training data. Techniques
have been developed to combine different algorithms, and their results are
promising [90]. Yet another example discussed in the following section is to
initialize the profile of a new user based on training data from existing users.

It is worth mentioning that when adapting a text classification technique
to the adaptive filtering task, one needs to pay attention that the classes are
extremely unbalanced, because most documents are not relevant. The fact
that the training data are not sampled randomly is also a problem that has
not been well studied.
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1.4 Collaborative adaptive filtering

One major challenge of building a recommendation or personalization sys-
tem is that the profile learned for a particular user is usually of low quality
when the amount of data from that particular user is small. This is known as
the “cold start” problem. This means that any new user must endure poor
initial performance until sufficient feedback from that user is provided to learn
a reliable user profile.

There has been much research on improving classification accuracy when
the amount of labeled training data is small. The semi-supervised learning
approach combines unlabeled and labeled data together to achieve this goal
[95]. Another approach is using domain knowledge. Researchers have modi-
fied different learning algorithms, such as Näıve-Bayes [46], logistic regression
[28], and SVMs [81], to integrate domain knowledge into a text classifier.
The third approach is borrowing training data from other resources [23] [28].
The effectiveness of these different approaches is mixed, due to how well the
underlying model assumption fits the data.

This section introduces one well-received approach to improve recommen-
dation system performance for a particular user is borrowing information from
other users through a Bayesian hierarchical modeling approach. Several re-
searchers have demonstrated that this approach effectively trades off between
shared and user-specific information, thus alleviating poor initial performance
for each user [96] [86] [93].

Assume there are M users in the adaptive filtering system. The task of
the system is to deliver documents that are relevant to each user. For each
user, the system learns a user model from the user’s history. In the rest of
this section, the following notations are used to represent the variables in the
system.

m = 1, 2, ...,M : The index for each individual user. M is the total number of
users.

wm: The user model parameter associated with user m. wm is a K dimen-
sional vector.

j = 1, 2, ..., Jm: The index for a set of data for user m. Jm is the number of
training data for user m.

Dm = {(xm,j , ym,j)}: A set of data associated with user m. xm,j is a K di-
mensional vector that represents the mth user’s jth training document.6

ym,j is a scalar that represents the label of document xm,j .

6The first dimension of x is a dummy variable that always equals to 1.
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FIGURE 1.2: Illustration of dependencies of variables in the hierarchical
model. The rating, y, for a document, x, is conditioned on the document

and the user model, wm, associated with the user m. Users share
information about their models through the prior, Φ = (µ,Σ).

k = 1, 2, ...,K: The dimensional index of input variable x.

The Bayesian hierarchical modeling approach has been widely used in real-
world information retrieval applications. Generalized Bayesian hierarchical
linear models, a simple Bayesian hierarchical models, are commonly used and
have achieved good performance on collaborative filtering [86] and content-
based adaptive filtering [96] [93] tasks. Figure 1.2 shows the graphical rep-
resentation of a Bayesian hierarchical model. In this graph, each user model
is represented by a random vector wm. Assume a user model is sampled ran-
domly from a prior distribution P (w|Φ). The system can predict the user
label y of a document x given an estimation of wm (or wm’s distribution)
using a function y = f(x,w). The model is called generalized Bayesian hier-
archical linear model when y = f(wTx) is any generalized linear model such
as logistic regression, SVM, and linear regression. To reliably estimate the
user model wm, the system can borrow information from other users through
the prior Φ = (µ,Σ).

Now we look at one commonly used model where y = wTx + ε, where
ε ∼ N(0, σ2

ε ) is a random noise [86] [96]. Assume that each user model wm
is an independent draw from a population distribution P (w|Φ), which is gov-
erned by some unknown hyperparameter Φ. Let the prior distribution of user
model w be a Gaussian distribution with parameter Φ = (µ,Σ), which is the
commonly used prior for linear models. µ = (µ1, µ2, ..., µK) is aK dimensional
vector that represents the mean of the Gaussian distribution, and Σ is the co-
variance matrix of the Gaussian. Usually, a Normal distribution N(0, aI) and
an Inverse Wishart distribution P (Σ) ∝ |Σ|− 1

2 b exp(− 1
2ctr(Σ

−1)) are used as
hyperprior to model the prior distribution of µ and Σ respectively. I is the K
dimensional identity matrix, and a, b, and c are real numbers.

With these settings, we have the following model for the system:

1. µ and Σ are sampled from N(0, aI) and IWν(aI), respectively.

2. For each user m, wm is sampled randomly from a Normal distribution:
wm ∼ N(µ,Σ2)

3. For each item xm,j , ym,j is sampled randomly from a Normal distribu-
tion: ym,j ∼ N(wTmxm,j , σ

2
ε ).

Let θ = (Φ, w1, w2, ..., wM ) represent the parameters of this system that
needs to be estimated. The joint likelihood for all the variables in the proba-
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bilistic model, which includes the data and the parameters, is:

P (D, θ) = P (Φ)
∏
m

P (wm|Φ)
∏
j

P (ym,j |xm,j , wm) (1.6)

For simplicity, we assume a, b, c, and σε are provided to the system.
Researchers have shown that the Bayesian hierarchical modeling approach

has a statistical significant improvement over the regularized linear regression
model on several real world data sets. They observed a negative correlation
between the number of training data for a user and the improvement the
system gets. This suggests that the borrowing information from other users
has more significant improvements for users with less training data, which is as
expected. However, the strength of the correlation differs over data sets, and
the amount of training data is not the only characteristics that will influence
the final performance.

1.4.1 Computational consideration

One major concern about the hierarchical Bayesian modeling approach is
the computation complexity. This problem has been addressed by exploiting
the sparsity of the data space. A fast learning algorithm has been developed
and tested on a real world data set (480,189 users, 159,836 features, and 100
million ratings). All the user models can be learned in about 4 hours using
a single CPU PC(2GB memory, P4 3GHz) [93]. This demonstrates that the
hierarchical Bayesian modeling technique can efficiently handle a large number
of users and used in a large-scale commercial system.

1.5 Novelty and redundancy detection

Although there is an extensive body of research on adaptive information
filtering, most of it is focused on identifying relevant documents. A common
complaint about information filtering systems is that they do not distinguish
between documents that contain new relevant information and documents
that contain information that is relevant but already known. This is a serious
problem, since a practical filtering system usually handles multiple document
sources with significant amounts of redundant information. For example, a
financial analyst only wants news stories that may affect the stock market, a
market research analyst only wants new complaints about the product, and
a news paper subscriber does not have time to read hundreds of similar news
stories from different agencies about the same topic. In all these scenarios,
topical relevancy is not enough because the users want new information. An
information filtering system would provide better service to its users if it can
filter out relevant documents that do not contain any new information.
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The decision about whether a document contains new information depends
on whether the relevant information in a document is covered by information
in documents delivered previously. This complicates the filtering problem.
The relevance of a document is traditionally a stateless Boolean value. A
document either is or is not relevant, without regard as to where the document
appears in the stream of documents. Decisions about redundancy and novelty
depend very much on where in the stream a document appears.

Relevance and redundancy are significantly different concepts that require
different solutions. A system that delivers documents that are novel and rele-
vant must identify documents that are similar to previously delivered relevant
documents in the sense of having a same topic, but also dissimilar to the pre-
viously delivered documents in the sense of containing new information. If the
task is to deliver relevant documents, the learning algorithm will try to recog-
nize documents similar to the delivered relevant documents (training data).
Indeed, traditional evaluation of filtering systems (e.g., the TREC Adaptive
Filtering track [63] [61] [62]) actually rewards systems for delivering redun-
dant documents. If the task is to deliver only documents containing novel
information, the learning algorithm must avoid documents that are similar to
those already delivered. These two goals are in some sense contradictory, and
it may be unrealistic to expect a single component to satisfy them both.

This suggests the redundancy problem needs a solution that’s very different
from the traditional adaptive information filtering models. We discuss some
possible solutions in this section. We use the following notation throughout
this section. All notation is defined with respect to a particular user profile.

• A, B: sets of documents

• dt: a document that arrives at time t and that is being evaluated for
redundancy.

• Dt: the set of all documents delivered for the profile by the time dt
arrives, not including dt.

• dj : usually refers to a relevant document that was delivered before
dt arrived.

When acquiring redundancy judgements and developing algorithms, we as-
sume the redundancy of a new document dt depends on the documents the
user saw before dt arrived. We also assume the documents the user saw before
dt arrived are the set of all documents delivered to the user profile by the time
dt arrives. We use R(dt) = R(dt|Dt) to measure the redundancy of dt.

One approach to novelty/redundancy detection is to cluster all previously
delivered documents Dt, and then to measure the redundancy of the current
document dt by its distance to each cluster. This approach would be similar
to solutions for the TDT First Story Detection problem [2]. This approach
is sensitive to clustering accuracy, and is based on strong assumptions about
the nature of redundancy.
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Another approach is to measure redundancy based on the distance be-
tween the new document and each previously delivered document (document-
document distance). This approach was developed by some researchers who
argue that it may be more robust than clustering, and may be a better match
to how users view redundancy. Because they found that it is easiest for user
to identify a new document as being redundant with a single previously seen
document, and harder to identify it as being redundant with a set of previ-
ously seen documents. The calculation of R(dt|Dt) is simplified by setting it
equal to the value of the maximally similar value in all R(dt|dj).

R(dt|Dt) = maxdj∈Dt
R(dt|dj)

In the extreme case when dt and dj are exact duplicates (dt = dj), it is
obvious that R(dt|dj) should have a high value since a duplicate document is
maximally redundant. One natural way to measure R(dt|dj) is using measures
of similarity/distance/difference between dt and dj .

One practical concern of redundancy estimation is the size of Dt could be
very large. To reduce the computation cost during redundancy decisions, Dt

can be truncated to the most recent documents delivered for a profile.
One possibly subtle problem characteristic is that redundancy is not a sym-

metric metric. dj may cause dk to be viewed as redundant, but if the presen-
tation order is reversed, dk and dj may both be viewed as containing novel
information. A simple example is a document dk that is a subset (e.g., a
paragraph) of a longer document dj . This problem characteristic motivates
exploration of asymmetric forms of traditional similarity/distance/difference
measures.

Several different approaches to redundancy detection have been proposed
and evaluated [92][4]. The simple set distance measure is designed for a
Boolean, set based document models. The geometric distance (cosine sim-
ilarity) measure is a simple metric designed for vector space document mod-
els. Several variations of KL divergence and related smoothing algorithms are
more complex metrics designed to measure differences in probabilistic docu-
ment models.

1.5.1 Set Difference

If each document is represented as a set of words, the set difference measure
can be used to measure the redundancy of a new document. The novelty of a
new document dt is measured by the number of new words in the smoothed
set representation of dt. If a word wk occurred frequently in document dt but
less frequently in an old document dj , it is likely that new information not
covered by dj is covered by dt.

Thus we can have the following measure for the novelty of the current
document dt with respect to an old document dj .

R(dt|dj) = ‖dt
⋂
dj‖ (1.7)
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We are not using the true difference between two sets

‖dt
⋂
dj‖+ ‖dt

⋂
dj‖

here because the words in
‖dt

⋂
dj‖

shouldn’t contribute to the novelty of dt.
Different variations of the set represent of a document has been proposed.

The simplest approach is to include a word in a set dj if and only if the
document contains the word. An alternative approach is to include a word
in a set representation if an only if the number of times the word occurs in
a document is larger than a threshold. However, some words are expected
to be frequent in a new document because they tend to be frequent in the
corpus, or because they tend to be frequent in all relevant documents. Stop
words such as “the”, “a”, and “and” are examples of words that tend to
be frequent in a corpus. There may also be topic-related stopwords, which
are words that behave like stopwords in relevant documents, even if they are
not stopwords in the corpus as a whole. To compensate for stop words, a
third approach is to smooth a new document’s word frequencies with word
counts from all previously seen documents and word counts from all delivered
(presumed relevant) documents [92].

1.5.2 Geometric Distance

If each document is represented as a vector, several different geometric
distance measure, such as Manhattan distance and Cosine distance [44], can
be used to measure the redundancy of a new document.

For example, prior research show that cosine distance, a symmetric mea-
sure related to the angle between two vectors [39], works reasonably well for
redundancy detection. Represent d as a vector d = (w1(d), w2(d), .., wK(d))T ,
then:

R(dt|dj) = cosine(dt, dj) (1.8)

=
dt • dj
| dt || dj |

(1.9)

=
∑K
k=1 wk,twk,j√∑K

k=1 w
2
k,t

√∑K
k=1 w

2
k,j

(1.10)

If we use tf ∗ idf score as the weight of each dimension of the document
vector, we have wk,j = tfwk,dj

∗ idfwk
,

Where:

• idfwk
=

log( C+0.5
dfwk

)

log(C+1.0)
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• tfwk,dj
: the number of times word wk occurs in document dj

• dfwk
: the number of times word wk occurs in documents the system

processed

• C : the total number of document the system processed

1.5.3 Distributional Similarity

If each document is represented as a probabilistic document model, distri-
bution similarity can be used to measure the redundancy of a new document.
Probabilistic language models, which are widely used in speech recognition,
have been very popular in information retrieval community over the last 10
years (e.g., [27]). The strong theoretical foundation of language models en-
ables a variety of new capabilities, including redundancy detection. In the
language model approach, a document is represented by a word distribution.
Kullback-Leibler divergence, a distributional similarity measure, is a natural
way to measure the redundancy of one document given another.

Representing document d as a unigram language model θd

R(dt|dj) = −KL(θdt , θdj ) (1.11)

= −
∑
wk

P (wk|θdt)log(
P (wk|θdj

)
P (wk|θdt

)
(1.12)

where θd is the language model for document d, and is a multinomial distri-
bution.
θd can be found based on maximum likelihood estimation (MLE):

P (wk|d) =
tfwk,d∑
wk
tfwk,d

The problem with using MLE is that if a word never occurs in document d,
it will get a zero probability (P (wk|d) = 0). Thus a word in dt but not in dj
will make KL(θdt

, θdj
) =∞.

Smoothing techniques are necessary to adjust the maximum likelihood es-
timation so that the KL-based measure is more appropriate. Research shows
that retrieval and filtering performance is highly sensitive to smoothing pa-
rameters when using language models. Several smoothing methods have been
applied to ad-hoc information retrieval, text classification problems, and nov-
elty detection [88][92].

1.5.4 Summary of novelty detection

The work described above is focused on the redundancy measure, and it is
somewhat user independent in the sense that our redundancy measures only
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calculate a score indicating the degree of redundancy in a document given a
history of delivered documents. They do not actually make a decision as to
whether a document is considered redundant or novel.

A redundancy threshold is needed in order to classify a document as
redundant or novel. When human assessors are asked to make redundancy
decisions given the same topics and document streams, they sometimes dis-
agreed. In some cases the disagreement was based on differences in the as-
sessors’ internal definition of redundancy. However, more often one assessor
might feel that a document dt should be considered redundant if a previously
seen document dj covered 80% of dt; the other assessor might not consider
it redundant unless the coverage was more than 95%. A person’s tolerance
for redundancy can be modeled with a user-dependent threshold that con-
verts a redundancy score into a redundancy decision. User feedback about
which documents are redundant can serve as training data. Over time the
system can learn to estimate the probability that a new document with a
given redundancy score would be considered redundant. This probability can
be expressed as P (user j thinks dt is redundant|R(dt|Dt)).

1.6 Other adaptive filtering topics

While learning user profiles is an advantage of a filtering system, it is also a
major research challenge in the adaptive filtering research community. Com-
mon learning algorithms require a significant amount of training data. How-
ever, a real-world filtering system must work as soon as the user uses the sys-
tem, when the amount of training is extremely small or zero.7 How should a
good filtering system learn user profiles efficiently and effectively with limited
user supervision while filtering? In order to solve this problem, researchers
working on adaptive filtering have tried to develop robust learning algorithm
that can work reasonably well when the amount of training data is small and
more effective with more training data [85] [90]. Some filtering systems ex-
plore what the user likes while satisfying a user immediate information need
and trade off exploration and exploitation [94] [22]. Some filtering systems
consider many aspects of a document besides relevance, such as novelty, read-
ability and authority [89] [84]. Some filtering systems use multiple forms of
evidence, such as user context and implicit feedback from the user, while
interacting with a user [89] [55].

This chapter does not cover all adaptive filtering topics in details due to
the space limit and also because they are less “text” oriented. To finish this

7It is possible the system needs to begin working given a short user query and no positive
instance.
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section, some missed important topics are listed as follows, and the readers
are referred to the papers cited for more details

1.6.1 Beyond bag of words

Most of the existing adaptive filtering approaches are focused on identify-
ing relevant documents using distance measures defined in a document space
indexed by text features such as keywords. This is a very simple and limited
view of user modeling, without considering user context or other property of a
document, such as whether a document is authoritative or whether it is novel
to the user. However, even this simplest filtering task is still very hard, and
existing filtering systems do not work effectively. Bayesian graphical model-
ing, a complex data driven user modeling approach, has been used to learn
from implicit and explicit user feedback and to satisfy complex user criteria
[89].

1.6.2 Using implicit feedback

For most of adaptive filtering work described in this section, we assume the
system learns from explicit user feedback on whether a document delivered
is relevant or not. There is much related work on using implicit feedback in
the information retrieval community and the user modeling community. The
work in these areas can be categorized according to the behavior category and
minimum scope and have been reviewed recently [40]. There are many possible
behaviors (view, listen, scroll, find, query, print, copy, paste, quote, mark
up, type and edit) on different scope (segment, object and class) for system
designers to choose from. Implicit feedback has also been explored for the
task of filtering [54] [16] [53] [56] [89]. [54] suggested a list of potential implicit
feedbacks. [16] build a personal news agent that used time-coded feedback
from the user to learn a user profile. [53] investigated implicit feedback for
filtering newsgroup articles.

1.6.3 Exploration and exploitation trade off

Most of the filtering systems deliver a document if and only if the expected
immediate utility of delivering it is greater than the expected utility of not
delivering it. However, delivering a document to the user has two effects: 1)
it satisfies the user’s information need immediately, and 2) it helps the system
better satisfy the user in the future by learning from the relevance feedback
about this document provided by the user. An adaptive information filtering
approach is not optimal if it fails to recognize and model this second effect.
Some researchers have followed this direction. [22] considers exploration ben-
efit while filtering and carried out exploration and exploitation trade-off. [94]
studies the second aspect and model the long term benefit of delivering a
document as expected utility improvement as a result of improved model.
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However, exploration and exploitation trade off is a problem far from being
solved.

1.6.4 Evaluation beyond topical relevance

Utility is an approximation of the user’s criteria of a good document. Given
a utility measure, a system can achieve the objective of maximizing the user’s
satisfaction through utility maximization using mathematical or statistical
techniques. A good utility measure is critical, because no system can do well
with an inappropriate objective. In the IR community, utility is usually de-
fined over relevance. Relevance was meant to represent a document’s ability
to satisfy the needs of a user. However, this concept is very abstract and hard
to model, thus usually reduced to a narrow definition of “topical relevance”
or “related to the matter at hand (aboutness)” [61] [76]. On the other hand,
“presenting the documents in order of estimated relevance” without consid-
ering the incremental value of a piece of information is not appropriate [75].
Researchers have studied criteria such as information-novelty for retrieval [24],
summarization [21], filtering [92] and topic detection and tracking [4]. Prior
research on what is a user’s perception/criteria have found that a wide range
of factors (such as personal knowledge, topicality, quality, novelty, recency,
authority and author qualitatively) affect human judgments of relevance [10]
[49] [73] [78] [70]. We also discussed how to estimate novelty in this chapter,
which is just an example of many of the important criteria for the user besides
relevance, such readability [25] and authority [41]. How to build and evaluate
a filtering system to optimize a more complex user criteria that goes beyond
“topical relevance” or “aboutness” is still a challenging research problem for
the adaptive filtering community.
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