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ABSTRACT
An adaptive information filtering system monitors a docu-
ment stream to identify the documents that match informa-
tion needs specified by user profiles. As the system filters, it
also refines its knowledge about the user’s information needs
based on long-term observations of the document stream and
periodic feedback(training data) from the user. Low vari-
ance profile learning algorithms, such as Rocchio, work well
at the early stage of filtering when the system has very few
training data. Low bias profile learning algorithms, such as
Logistic Regression, work well at the later stage of filtering
when the system has accumulated enough training data.

However, an empirical system needs to works well con-
sistently at all stages of filtering process. This paper ad-
dresses this problem by proposing a new technique to com-
bine different text classification algorithms via a constrained
maximum likelihood Bayesian prior. This technique pro-
vides a trade off between bias and variance, and the com-
bined classifier may achieve a consistent good performance
at different stages of filtering. We implemented the pro-
posed technique to combine two complementary classifica-
tion algorithms: Rocchio and logistic regression. The new
algorithm is shown to compare favorably with Rocchio, Lo-
gistic Regression, and the best methods in the TREC-9 and
TREC-11 adaptive filtering tracks.

1. INTRODUCTION
An information filtering system monitors a document stream

to find the documents that satisfy users’ information needs.
The potentially relevant documents must be delivered im-
mediately, thus the system has no time to accumulate and
rank a set of documents as a traditional retrieval system
does. Instead, a filtering system usually makes a binary de-
cision to accept or reject a newly arrived document for each
user. While filtering, an adaptive information filtering sys-
tem receives periodic feedback from the user about whether
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a delivered document is good, which provides training data
for online learning.

The filtering task is similar to the text classification task
and the ad-hoc retrieval relevance feedback task. Algorithms
used for text classification tasks or the ad-hoc retrieval rele-
vant feedback task, such as SVM, logistic regression, Naive
Bayes, decision tree, language modelling, or Rocchio, can
be used for profile updating1. Although a large literature
about these algorithms exists, there is no conclusion about
which algorithm works best. Because the answer depends on
the data set. In order to understand which algorithm works
better under what kind of situations, we can decompose the
generalization error of a learning algorithm into 3 parts:

• Bias: Measure of how closely the learning algorithm is
able to approximate the best solution.

• Variance: Measure of how sensitive the learning algo-
rithm is to the training sample.

• Noise: Measure of the inherent irreducible uncertainty
of the problem. For example, for a given x there are
more than one possible y.

A high variance means the learning algorithm converges to
its asymptotical classifier very slow. A high bias means the
asymptotical classifier is far from the optimal classifier. For
problems with many training samples, the bias can be the
dominant contributor to the generalization error, while for
problems with very few training samples, the variance may
be a dominant contributor. The purpose of profile learning
is to find a classifier with the least generalization error using
the training data available. One may want to use a learning
algorithm with both low bias and low variance. However,
there is a natural ”bias-variance trade-off” for any learning
algorithm[6].

Bias-Variance Dilemma As the complexity of the learn-
ing algorithm increases, the bias goes down, but the
variance goes up.

Because of this dilemma, some complex learning algorithms,
such as SVM or logistic regression, work well when the num-
ber of training data is big, but some simple algorithms, such
as naive Bayesian or Rocchio, work better when the number
of training data is very small.

1If using ad-hoc retrieval relevance feedback algorithms such
as Rocchio, a thresholding module is needed for a filtering
system to make online binary judgments.



At the early stage of filtering, we have very few training
data, thus a low variance learning algorithm could be a bet-
ter choice. When we have enough training data later based
on long term interaction with the user, a low bias learning
algorithm may work better. However, an adaptive filtering
system needs to work consistently well in the whole filtering
process.

This paper proposes to solve this problem using a Bayesian
Prior to combine two different models. The combined al-
gorithm may get a good bias variance trade off based on
the size of the training set, thus achieve a consistent good
performance at different stages of filtering. We applied the
proposed technique to combine Rocchio with logistic regres-
sion. An adaptive filtering system using the new algorithm
behaves similar to Rocchio at the early stage of filtering,
and becomes more like logistic regression as more user feed-
back are available. The experimental results show that the
proposed algorithm is significantly better than both Rocchio
and logistic regression, and compare favorably with the best
methods in the TREC-9 and TREC-11 adaptive filtering
tracks.

This paper is organized as follows. Section 2 introduces
the definition of Rocchio algorithm, logistic regression al-
gorithm. A new algorithm Logistic Rocchio that combines
Rocchio and logistic regression is introduced in Section 3.
Section 4 and Section 5 describes our experimental method-
ology and results. Further discussion and some related works
are provided in Section 6. Section 7 concludes.

2. ROCCHIO AND LOGISTIC REGRESSION
FOR FILTERING

At a certain point in the adaptive filtering process, sup-
pose we have t training documents with user feedback Dt =
(X, Y )t = [(x1, y1), (x2, y2), ..., (xt, yt)], where xi (i = 1 to t)2

is a vector that represents the document di in a K dimen-
sional space indexed by K keywords3. y=1 if the document
x is relevant, otherwise y=-1. The core problem in relevancy
filtering is estimating the posterior probability of relevancy
of document x based on the training data: P (y = 1|x, Dt).

As mentioned before, many algorithms can be used for
profile learning. This section introduces two very represen-
tative algorithms: Rocchio algorithm and logistic regression.

2.1 Rocchio algorithm
A widely used profile updating methods in the information

retrieval community are different variations of the incremen-
tal Rocchio algorithm [1][5][23][2], which can be generalized
as:

Q
′

= α · Q + β

∑
xi∈R xi

|R|
− γ

∑
xi∈NR xi

|NR|
(1)

where Q is the initial profile vector, Q
′

= (wr1, .., wrK) is
the new profile vector, R is the set of relevant documents,
and NR is the set of non-relevant documents.

When a document arrives, the Rocchio algorithm only
provides a score indicating how well the document matches

2Through out this paper, we use a symbol in bold font to
represent a vector.
3Any weighting schema, such as TF · IDF , can be used to
convert a document di into its vector representation xi.

each user profile4. The score is calculated by measuring the
distance between the document vector and the user profile

Q
′

. Because an adaptive system needs to make a binary
decision for each incoming document (e.g., choose from ac-
tion “deliver” or “not deliver”), so researchers usually have
to use another module to learn the dissemination thresh-
olds [24][27]. The filtering system will deliver document x

to the user if and only if its score is above the dissemination
threshold. The corresponding decision rule is:

Deliver iff (wr1, .., wrK)T
x >= threshold (2)

Let wr0 = −threshold, wT

R = (wr0, wr1, .., wrK). If we make
x a K+1 dimension vector with the first dimension corre-
sponds to a pseudo feature which is always equal to 1, the
above equation can be rewritten as5

Deliver iff w
T

Rx >= 0 (3)

The Rocchio algorithm is popular for two reasons. First, it
is computationally efficient for online learning [1]. Second,
compared to many other algorithms, it works well empiri-
cally [2][27]. However, the Rocchio algorithm is not based on
a strong probabilistic framework and there is no guarantee
about whether it will provide the optimal decision bound-
ary in the high dimensional document space asymptotically,
with infinite training data. In other words, Rocchio algo-
rithm is a simple algorithm with high bias and low variance.

2.2 Logistic regression
Logistic regression is one widely used statistical algorithm

that can provide a comparatively good estimation of the pos-
terior probability P (y|x) of an unobserved variable y given
an observed variable x. It has been widely used in the sta-
tistical and machine learning community.

A logistic regression model estimates the posterior prob-
ability of y via a log linear function in observed document
x.

P (y = ±1|x,w) = σ(ywT
x) =

1

1 + exp(−ywT x)

where w is the K dimensional logistic regression model pa-
rameter learned from the training data.

Before filtering, the system usually begins with a certain
prior belief p(w) about the distribution of the logistic re-
gression parameter w. Prior is a very important notion in
Bayesian theory. Using a prior benefits us in two aspects:
1) it provides a tool for introducing human knowledge into
model building; and 2) it acts as a regularizer to control the
model complexity and avoid over fitting.

A Gaussian distribution p(w) = N(w;mw, vw) is often
used as the prior distribution for logistic regression weights,
where mw is the mean of the Gaussian distribution in the K
dimensional parameter space and v−1

w is a (K + 1) · (K + 1)
covariance matrix of the Gaussian distribution.

If there is no obvious correlation between the different di-
mensions of w, or if we can not tell what the correlations
are, the off diagonal values in the matrix v−1

w are usually
set to zero. If we are not very confident about whether the

4The same is true for many other statistical retrieval al-
gorithms that were originally designed for ad-hoc retrieval,
where a ranking of documents is sufficient.
5For convenience, depends on the context, we will use x to
represent K dimensional vector or K+1 dimensional vector
in the paper.



true value of w is mw, the diagonal variables of the ma-
trix v−1

w are usually set to a small number. If all items in
matrix v−1

w are zero, p(w) is a non-informative prior: all val-
ues of w have the same probability. Non-informative prior
may seems objective as it represents the idea of letting the
data speak for themselves. However, classifier learned using
a non-informative prior usually over fits the data. So, v−1

w is
usually set to a diagonal matrix with a small non zero pos-
itive number on the diagonal to act as a regularizer. The
effect is the same as smoothing techniques used while build-
ing language models [26]. [26] is smoothing with priors for
generative models, while we are regularizing with priors for
discriminative models.

At a certain point in the adaptive filtering process, we can
update our belief about the logistic regression parameter w

conditional on the training data Dt using Bayesian theorem.

P (w|Dt) =
P (Dt|w)P (w)∫
w

P (Dt|w)P (w)

=

∏t

i=1
P (yi|w,xi)P (w)∫

w

∏t

i=1
P (yi|w,xi)P (w)

With a Gaussian prior N(w;mw, vw)), the max a posterior
estimation (MAP) of w is:

wMAPt = argmax
w

P (w|Dt)

= argmax
w

t∏

i=1

P (yi|w,xi)P (w)

= argmax
w

t∑

i=1

log(1 + exp(−yiw
T
xi)) − vw(w − mw)2

There is no close form solution for wMAPt , so greedy search
algorithms such as Conjugate gradient descent, are often
used to find it. In most of the cases where we have no prior
knowledge about what the logistic regression parameter is,
we usually set w = (0, ..., 0) and v−1

w to a very small value.
Then, we get a norm-2 regularized logistic regression model:

wMAPt = argmax
w

t∑

i

log(1 + exp(−yiw
T
xi)) − vww

2 (4)

When a new document x arrives, we can estimate the prob-
ability of relevancy for this document:

P (y = 1|x) = P (y = 1|x,wMAPt) (5)

3. LOGISTIC ROCCHIO: COMBINE ROC-
CHIO WITH LOGISTIC REGRESSION
USING A BAYESIAN PRIOR

At the early stage of filtering when the system has very
few training data, a simple profile learning algorithm with
low variance, such as Rocchio, may be a good choice. At the
later stage of filtering when the system has enough training
data, a complex profile learning algorithm with low bias,
such as logistic regression, may be better. How do we get an
algorithm that works well consistently over the whole filter-
ing process? One possible approach is to use Rocchio first,
then switch to logistic regression later when the number of
training data is enough. Another approach is to combine
Rocchio and logistic regression together to get a natural and
smooth trade off between variance and bias. The second ap-
proach, which will be explored further in this section, is the

motivation for the new algorithm, a combination of Rocchio
and logistic regression based on a Bayesian prior.

As mentioned before, a Bayesian prior is a widely used
tool for introducing human knowledge into model building;
and it is also a regularizing tools for controlling the model
complexity and avoiding over fitting. An adaptive filtering
task begins with a very small amount of training data, thus
a stable prior that works well with little training data is
very important for building a good filtering system. Since
the Rocchio algorithm is designed by researchers in IR com-
munity and works well empirically in the adaptive filtering
task, using it to set a Bayesian prior of the logistic regression
model parameter may help us to achieve stable performance
at the early stage of filtering.

Usually, a logistic regression prior is a Gaussian distri-
bution N(mw, vw). How to find the prior mean mw from
Rocchio is not straight forward. A new technique is pro-
posed here to solve this problem.

Let wR = (wr0, wr1, wr2, wr3..., wrK) be the profile vector
calculated based on the Rocchio algorithm (Equation 3).

For logistic regression, we use the same representation as
Rocchio for documents: the same set of keywords with the
same weighting schema, plus a pseudo dimension, which is
always 1, as features. The probability of relevancy of a given
document x based on logistic regression model w is:

P (y = 1|x,w) =
1

1 + exp(−wT x)

If the goal is to minimize classification error, a filtering sys-
tem using the logistic regression model will:

Deliver iff w
T
x >= 0 (6)

Equation 3 and Equation 6 looks very similar. If the thresh-
old of Rocchio learner is set to minimize classification er-
ror too, both algorithms are trying to find a linear decision
boundary in the high dimensional space indexed by the set
of keywords for the same objective. The Rocchio algorithm
tends to be more stable at the early stage of filtering, and
the decision boundary find by Rocchio is likely to be better
than the one find by logistic regression. A Gaussian prior
N(w;mw, vw) for logistic regression encodes the belief that
the true decision boundary is around the one defined by
mw. If we set mw so that the decision boundary of it is
the same as the one find by Rocchio, N(w;mw, vw) may
be better than the commonly used non-informative prior or
zero mean Gaussian prior.

A prior mw that encodes Rocchio’s suggestion about de-
cision boundary can be learned via constrained maximum
likelihood estimation:

mw = argmax
w

t∑

i=1

log(
1

1 + exp(−yiwTxi)
) (7)

under the constraint: cos(w,wR) = 0 (8)

The resulting logistic regression parameter mw maximizes
the likelihood of the data (Equation 7) under the constraint
that it corresponds to the same decision boundary as the
Rocchio algorithm (Equation 8). This is an optimization
problem, and the solution is in a simple form that can be
calculated efficiently:

mw = α∗ · wR (9)



where α is a scaler:

α∗ = argmax
α

t∑

i=1

1

1 + exp(−yiαwT

R
xi)

This is a one dimension optimization problem, and the solu-
tion can be find quickly using gradient descent algorithms.

At the early stage of filtering when the number of training
data is small, the prior is very important, thus the influence
of the Rocchio algorithm on the logistic regression model is
strong. When the system gets more and more training data,
the prior is less important, and logistic regression dominates.
This technique automatically manages the trade off between
bias and variance based on the number of training data avail-
able. With the Bayesian prior estimated using Rocchio, the
logistic regression parameter estimated has a higher bias but
lower variance than without a prior. As more and more
training data are available, the bias decreases. Asymptot-
ically, the learned classifier converges to the optimal linear
decision boundary in the high dimensional document space.

4. EXPERIMENTAL METHODOLOGY
Some experiments were carried out to understand the pro-

posed new algorithm and compared it with Rocchio algo-
rithm (Equation 1), Norm 2 regularized logistic regression
algorithm 4, logistic regression with Rocchio weights wr a
mean, and the best methods in TREC-9 and TREC-11 adap-
tive filtering tracks . We set the variance of the prior accord-
ing to our confidence about the prior distribution. For exam-
ple, we feel more confident about the prior mean set by the
scaled Rocchio weight α∗wR, thus we set the variance of the
prior mean to a comparatively smaller number, 10I. While
using other prior means, such as zero used in the Norm 2
regularized logistic regression model, we are less confident
about whether they are close to the optimal or not, thus we
set the variance of the prior mean to a bigger number, 100I.
The Rocchio weights (α, γ, λ) is set to (1, 3.5, 2) as [27].

The experiments follow the requirements specified by TREC
adaptive filtering track[18][19]. The whole task models the
text filtering process from the moment user arrives with a
small amount of identified relevant documents and a natural
language description of the information need. Documents
arrive before user profile construction, among which only 2
or 3 are labelled, can be used as training data, to learn word
occurrence (e.g., idf) statistics, corpus statistics (e.g., aver-
age document length), and the initial profile representation.
Remaining documents in the incoming documents stream
are testing data. As soon as a new document arrives, the
system makes a binary decision about whether or not de-
liver it to the user. If it is delivered, relevance judgment for
that document is released to the system and added to the
training data set for profile updating.

The system treats the initial user profile description, which
includes the title and description fields of the correspond-
ing topic provided by NIST, as a relevant document while
training logistic regression models. Because TREC adap-
tive filtering runs begin with no non-relevant documents,
our system randomly sampled a small number (<= 3) doc-
uments and uses them as non-relevant documents to train
logistic regression and Logistic Rocchio models. Documents
are represented as vectors using a variation of INQUERY’s
TF · IDF weighting [1] 6

6We set xi,d = tfbeli,d · idfi, where tfbeli,d =

Table 1: The values assigned to relevant and non-

relevant documents that the filtering system did and

did not deliver.
Relevant Non-Relevant

Delivered R+, AR N+, AN

Not Delivered R−, BR N−, BN

4.1 Data sets
Two different text corpora were used to evaluated the pro-

posed algorithms in our experiments: the OHSUMED data
set used in the TREC-9 Filtering Track, and the Reuters
2001 data set used in the TREC-11 Filtering Track.

4.2 TREC9 OHSUMED Data
The OHSUMED data set is a collection from the US Na-

tional Library of Medicine’s bibliographic database [7]. It
was used by the TREC-9 filtering track [18]. It consists
of 348,566 articles from a subset of 270 journals covering
the years 1987 to 1991. 63 OHSUMED queries were used
to simulate user profiles. The relevance judgments for the
OHSUMED queries were made by medical librarians and
physicians based on the results of interactive searches. In
the TREC-9 adaptive filtering track it is assumed that the
user profile descriptions arrive at the beginning of 1988. The
average numbers of relevant articles per profile in the test-
ing data are 51 for the OHSUMED topics. However, only
two relevant documents and zero non-relevant documents
are given as labelled training data for a filtering to begin
with.

4.3 TREC11 Reuters 2001 Data
The Reuters 2001 data(also called the RCV1 corpus) pro-

vided by Reuters is a collection of about 800,000 news sto-
ries. It covers a time period of 1996 to 1997. This corpus
was used by TREC-11 filtering tracks [19].

50 topics created by TREC assessors were used to simulate
user profiles. The relevance judgments for these queries were
collected using extensive searches with multiple rounds of
multiple retrieval systems after an initial definition of the
topics. Two sets of relevance judgments on this data set are
available. The first set is used by the official TREC runs.
The second set is released after official TREC runs, and is a
modified version of the first set. We will show experiments
using both sets of relevance judgements

The overall number of relevant articles in the testing data
is about 9 to 599 documents per profile. The documents
from 20 August through 20 September 1996 are used as ini-
tial training data, however, only 3 documents that are rel-
evant for the user topic are labeled, while other documents
in the training set are unlabeled.

4.4 Evaluation measures
A linear utility function is usually used to model user sat-

isfaction and evaluate a filtering system. A general form of

tfi,d

tfi,d+0.5+1.5
lend

avgDocLen

, idfi = log(N+0.5
dfi

/ log(N +1)), tfi,d is

the number of times term i occurs in document d, lend is the
length of document d, avgDocLen is the average length of
documents processed, N is the number of documents pro-
cessed, and dfi is the number of documents that contain
term i.



Table 2: A comparison of different algorithms on

the TREC-9 OHSUMED data set.
Rocchio LR1 LR2 LR Rocchio

Prior Mean NA 0 wR α∗wR

T11SU 0.37 0.36 0.12 0.39

T9U 11.38 10.43 -24.54 15.03

Precision 0.37 0.30 0.10 0.37
Recall 0.19 0.21 0.20 0.23

Doc/Profile 20.10 24.67 62.87 23.78

the linear utility function used in the recent TREC Filtering
track is shown below [18].

Utility = AR · R+ + AN · N+ + BR · R− + BN · N− (10)

This model corresponds to assigning a positive or nega-
tive value to each element in the categories of Table 1,
where R−, R+, N−, and N+ correspond to the number of
documents that fall into the corresponding category, and
AR, AN , BR and BN correspond to the credit/penalty for
each element in the category.

In the TREC-9, TREC-10 and TREC-11 filtering tracks,
the following utility function was used:

T9U = T10U = T11U = 2R+ − N+ (11)

A normalized version of T11SU was also used in TREC-
11:

T11SU =
max( T11U

MaxU
, MinNU) − MinNU

1 − MinNU
(12)

where MaxU = 2 ∗ (R+ + R−) is the maximum possible
utility and MinNU = −0.5.

T11U measure (Equation 11) and T11SU measure (Equa-
tion 10) are used for evaluation in the experiments reported
here. In order to optimize the utility defined by Equation
11, the filtering system delivers a document if and only if

P (rel|document) > 0.33

.

5. EXPERIMENTAL RESULTS
The experimental results on the OHSUMED data set are

in Table 2. The Rocchio algorithm has a reasonable perfor-
mance, among the best compared to other filtering systems
that participated in the TREC-9 adaptive filtering track
[18]7. Logistic regression with a prior N(w; 0, 100I) is a
little worse, but still good. Logistic regression using the
prior N(w;wR, 10I) is bad. This indicates using wR di-
rectly estimated by Rocchio algorithm as the prior mean is
very misleading. However, after scaling using Equation 9
and set the prior to N(w; α∗wR, 10I), we get a significant
improvement. This confirmed our hypothesis that combin-
ing Rocchio with logistic regression will work well. This is
not surprising since using a low variance classifier to set the
prior for a low bias classifier may provide a nice trade off
between variance and bias.

7The T9U values of the top 3 TREC participants on this
data set are: 17.3, 10.7 and 10.1.

Table 3: A comparison of different algorithms on

the TREC-11 Reuters data set.
Rocchio LR1 LR2 LR Rocchio

Prior Mean NA 0 wR α∗wR

T11SU 0.46 0.49 0.16 0.52

T11U 63.06 76.60 -25.86 83.10

Precision 0.53 0.48 0.20 0.56
Recall 0.33 0.41 0.46 0.41

Doc/Profile 69.36 88.28 223.32 84.12

Table 4: A comparison of different algorithms on the

TREC-11 Reuters data set using the old relevance

judgments.

Rocchio LR1 LR2 LR Rocchio
Prior Mean NA 0 wR α∗wR

T11SU 0.46 0.49 0.11 0.54

T11U 40.20 54.66 -32.38 61.68

Precision 0.51 0.46 0.18 0.54
Recall 0.35 0.49 0.50 0.50

Doc/Profile 47.22 69.96 165.04 66.18

The experimental results on Reuters data set are in Table
3 and Table 48. The Rocchio algorithm gets reasonable per-
formance. Logistic regression with the prior with zero mean
is a little better. Logistic regression using the Gaussian prior
with wR as the mean performs poorly. Using scaled Rocchio
weight (Equation 9) as the prior performs the best.

Figures 1 and Figure 2 compare the performance of the
new algorithm with the Rocchio and logistic regression al-
gorithms on each individual profile using T11U measure to
get an idea of how significant the improvement is on a query
by query basis. We can see that for most of the profiles, the
new algorithm works better (above the horizontal line). A
statistical test (sign test) indicates that the new algorithm
is significant better than Rocchio algorithm and logistic al-
gorithm.

Figure 3 compares the performance of our system with
other systems participated in the TREC11 adaptive filter-
ing track9. In TREC11, each participant submitted 1-4 runs
to NIST, and the best run of each individual participant
is reported here. A system that delivers nothing will get
T11SU=0.33, and some TREC-11 participating systems are
lower than that. The logistic regression and the Rocchio al-
gorithm are among the best of TREC participants, while the
proposed algorithm (Logistic Rocchio) is much better than
the best runs submitted by the TREC-11 adaptive filtering
track participants.

We also compared the accumulated performance of differ-
ent profile learning algorithms over time on the TREC-11
adaptive filtering task (Figure 4). Rocchio works better than
logistic regression at the early stage of filtering, but worse
at later stages. Logistic regression with a Rocchio prior is
the best at any time. This is not surprising based on the

8The final relevance judgments used in Table 3 are a little
better than the old relevance judgements used in Table 4
(Section 4.3.).
9Our results and the results of TREC-11 participants are not
directly comparable, because we have had greater experience
with the dataset. Figure 3 is provided only to give context
for the results reported in this paper.



0 10 20 30 40 50

−
4

0
−

2
0

0
2

0
4

0
6

0

Difference of Utility between logistic regression Rocchio with logistic regression

topics

U
ti
li
ty

L
R

R
 −

 U
ti
li
ty

L
R

Figure 1: A comparison of the performance on dif-

ferent profiles: T11U of Logistic Rocchio - T11U of

LogisticRegression.

0 10 20 30 40 50

−
5

0
0

5
0

1
0

0
1

5
0

2
0

0
2

5
0

Difference of Utility between logistic regression Rocchio with Rocchio

topics

U
ti
li
ty

L
R

R
 −

 U
ti
li
ty

R
o

c
c
h

io

Figure 2: A comparison of the performance on dif-

ferent profiles: T11U of Logistic Rocchio - T11U of

Rocchio

0

0.1

0.2

0.3

0.4

0.5

0.6

T11SU

Logistic_Rocchio
Logistic Regression
Chinese Academy of Science
Rocchio
KerMIT
Microsoft
Clips-Image Lab
Fudan Univ.
IRIT
JHU
Lewis
CUNY
Logistic_UnscaledRocchio

Figure 3: A comparison of our runs using T11SU

evaluation measure on the TREC-11 adaptive filter-

ing task with other TREC participants. Systems in

the legend from top to bottom correspond to bars

from left to right.

bias variance analysis in Section 1. The new algorithm Lo-
gistic Rocchio, is consistently much better than the other
two.

6. RELATED WORK AND FURTHER DIS-
CUSSION

Although our detailed analysis is focused on combining
Rocchio and logistic regression, the proposed technique can
also be applied to combining other learning algorithms. One
may ask, how can we tell which algorithms we should com-
bine? In other words, how can we tell which algorithm has
a lower bias, and which algorithm has a lower variance?

We do not have a good answer to this question. The
Bias-Variance Dilemma tells us that the complexity of the
learning algorithm grows, the bias goes down, while the vari-
ance goes up. Unfortunately the complexity of classification
algorithms are difficulty to measure, thus it is hard to use
this dilemma empirically. In order to get a better answer
to this question, we can compare the following two more
general probabilistic approaches.

Discriminant approach: The posterior distribution P (y|x)
is modelled directly. For example, SVM [10] and lo-
gistic regression are popular discriminative models. In
this approach, systems directly model the boundary
between classes.

Generative approach: The distributions P (x|y) and P (y)
are modelled, and the posterior distribution P (y|x) is
derived using the Bayes rule:

P (y = 1|x) =
P (y = 1,x)

P (x)
=

P (y = 1,x)∑
y

P (x|y)
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For example, language models [13], Naive Bayes [15],
and BIM [20] are popular generative models used in
IR. In this approach, systems first model the charac-
teristics of each classes, and then derive the boundary
between classes. The non-probabilistic Rocchio algo-
rithm has some generative model flavor in the sense
that the centroid of relevant and non-relevant docu-
ments are estimated [9][21].

Some early work suggests that the generative models may
have a low variance and work well with few training data,
and comparable discriminative models may have a low bias
and work better when the number of training data is big
[16] [22]. This suggests combining comparable generative-
discriminative models using the technique proposed in this
paper may give a good performance in adaptive filtering
system.

Because Rocchio has some generative flavor, and logistic
regression is a comparable discriminative model, the com-
parison between the two more general approaches may be
applied to Rocchio and logistic regression as well. This ex-
plains why Rocchio is likely to work well when training data
is few, while logistic regression is likely to work well when
the system has enough training data. Thus a filtering sys-
tem using a Rocchio prior for logistic regression performs
well.

The technique proposed in this paper has the flavor of a
Bayesian analysis, but it is not a strict Bayesian approach,
because the prior is estimated using the data. This is similar
to Empirical Bayes methods[14].

There has been much research on combining different text
classification algorithms or retrieval algorithms in the IR
community[11] [25][8] [3] [12]. [11] picks up different clas-
sifiers for different categories using categorical features; [8]

[25] [3] combine the output, or transformation of the output,
of different classifiers using linear combinations; [4] com-
bines out put of classifiers with probabilistic learning based
on some reliability indicators.

In contrast to the previous research on text classification
or retrieval task, our work is different in three aspects

• The focus of this paper is adaptive filtering task, where
the number of training data changes over time.

• The previous work combines the output of various text
classifiers, while the proposed techniques combines the
classifiers based on better understanding of the vari-
ance, bias properties of the classifiers to be combined

• By using a low variance classifier to set the prior for
a low bias classifier, the proposed technique automat-
ically gets a nice trade off between variance and bias
based on the size of training data set. The combined
classifier has a low variance when the number of train-
ing data is small, and has a low bias when the number
of training data is big.

We also noticed a recent independent work that combines
generative/discriminative models [17] for bias variance trade
off. However, they are focused on text classification instead
of the adaptive filtering task. The combining technique and
the effect of their algorithm are very different from ours.
For example, their classifier does not converge to logistic
regression’s optimal estimation when the number of training
data goes to infinity.

7. CONCLUSION
In this paper, we proposed a new technique to combine

two classifiers, using constrained maximum Likelihood ap-
proach to learn a Bayesian prior for one classifier from an-
other classifier. If the classifier used to learn the prior has
a low variance, and if the classifier that uses the prior has
a low bias, the proposed approach will provide a reasonable
trade off between variance and bias based on the number of
training data, so the combined algorithm will work well at
different stages of filtering.

We developed a new algorithm to incorporate the Rocchio
algorithm into logistic regression models using the proposed
technique. We evaluated this new algorithm on the stan-
dard TREC adaptive filtering data sets. The performance
is much better than both the Rocchio algorithm and logistic
regression algorithm, comparable to the best in the TREC-9
adaptive filtering track, and much better than the best in
the TREC-11 adaptive filtering track.

This work is important because it shows how to satisfy
conflicting user requirements, i.e., learn the information need
quickly, and continue to improve over time. Previous so-
lutions required users to choose between rapid learning or
long-term accuracy; now they can have both.

Although we are focusing on combining Rocchio with lo-
gistic regression, the proposed technique can also be applied
to combine other classifiers. Early research work that com-
pares generative models and discriminative models[16][22]
suggests that generative models may have lower bias and
higher variance than their discriminative counterparts. So
using a generative model to set a Bayesian prior for its dis-
criminative counterpart may get a good performance.
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