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Abstract. Implicit acquisition of user preferences makes log-based col-
laborative filtering favorable in practice to accomplish recommendations.
In this paper, we follow a formal approach in text retrieval to re-formulate
the problem. Based on the classic probability ranking principle, we pro-
pose a probabilistic user-item relevance model. Under this formal model,
we show that user-based and item-based approaches are only two differ-
ent factorizations with different independence assumptions. Moreover,
we show that smoothing is an important aspect to estimate the param-
eters of the models due to data sparsity. By adding linear interpolation
smoothing, the proposed model gives a probabilistic justification of us-
ing TFxIDF-like item ranking in collaborative filtering. Besides giving
the insight understanding of the problem of collaborative filtering, we
also show experiments in which the proposed method provides a better
recommendation performance on a music play-list data set.

1 Introduction

Generally, a collaborative filtering algorithm uses a collection of user profiles
to identify interesting “information” for these users. A particular user gets a
recommendation based on the user profiles of other, similar users. User profiles
are commonly obtained by explicitly asking users to rate the items. Collaborative
filtering has often been formulated as a self-contained problem, apart from the
classic information retrieval problem (i.e. ad hoc text retrieval). Research started
with heuristic implementations of “Word of Mouth” (e.g. user-based approaches
[1]), and moved to item-based approaches [17], and, more recently, various model-
based approaches have been introduced ([8, 13]).

Previous research ([3]) has shown that users are very unlikely to provide an
explicit rating. Asking the user to rate items is annoying and should be avoided
when possible. Alternatively, user profiles can also be obtained by implicitly ob-
serving user interactions with the system. For instance, music play-list indicates
the music taste of a user, and web query logs could indicate the interest of a
user for certain web sites. The implicit acquisition of user preferences makes



the so-called “log-based” collaborative filtering more favorable in practice (see
Section 2).

Therefore, this paper focuses on log-based collaborative filtering. We identify
a close relationship between log-based collaborative filtering and text informa-
tion retrieval. We build a user-item relevance model to re-formulate collabora-
tive filtering under the classic probability ranking principle. Given our user-item
relevance models, we also introduce a linear interpolation smoothing into col-
laborative filtering. We show that the smoothing is important to estimate the
model parameters correctly due to the data sparsity. Similar to the situation in
text retrieval, the user-item relevance model provides a probabilistic justification
of using TFXIDF like item weighting in collaborative filtering.

2 Background

2.1 Rating-based Collaborative filtering

The preference information about items can either be based on ratings (explicit
interest functions) or log-archives (implicit interest functions). Their differences
lead, to our view, to two different ways to approach collaborative filtering: rating-
based and log-based. Rating-based collaborative filtering is based on user profiles
that contain rated items. The majority of the literature addresses rating-based
collaborative filtering, which has been studied in depth ([13]). Different rating-
based approaches are often classified as memory-based or model-based. In the
memory-based approach, all rating examples are stored as-is into memory (in
contrast to learning an abstraction). In the prediction phase, similar users or
items are sorted based on the memorized ratings. Based on the ratings of these
similar users or items, a recommendation for the query user can be generated.
Examples of memory-based collaborative filtering include item correlation-based
methods ([17]), user clustering ([20]) and locally weighted regression ([1]). The
advantage of the memory-based methods over their model-based alternatives is
that they have less parameters to be tuned, while the disadvantage is that the
approach cannot deal with data sparsity in a principled manner.

In the model-based approach, training examples are used to generate a model
that is able to predict the ratings for items that a query user has not rated before.
Examples include decision trees ([1]), latent class models ([8]), and factor mod-
els ([2]). The ‘compact’ models in these methods could solve the data sparsity
problem to a certain extent. However, the requirement of tuning an often sig-
nificant number of parameters or hidden variables has prevented these methods
from practical usage.

Recently, to overcome the drawbacks of these approaches to collaborative
filtering, researchers have started to combine both memory-based and model-
based approaches ([14,19]).

2.2 Log-based Collaborative filtering

Implicit interest functions usually generate binary-valued preferences. That is a
one indicates as a “file is downloaded”, or a “web-site is visited”. Few log-based



collaborative filtering approaches that deal with such data have been developed
thus far. Two examples are the item-based Top-N collaborative filtering approach
([4,10]) and Amazon’s item-based collaborative filtering ([12]).

The following characteristics make log-based collaborative filtering more sim-
ilar to the problem of text retrieval than the rating-based approaches:

— Log-based user profiles, e.g., play-lists, are usually binary-valued. Usually,
one means ‘relevance’ or ‘likeness’, and zero indicates ‘non-relevance’ or ‘non-
likeness’. Moreover, in most of the situations, non-relevance and non-likeness
are hardly observed. This is similar to the concept of ‘relevance’ in text
retrieval.

— The goal for rating-based collaborative filtering is to predict the rating of
users, while the goal for the log-based algorithms is to rank the items to
the user in order of decreasing relevance. As a result, evaluation is different.
In rating-based collaborative filtering, the mean square error (MSE) of the
predicted rating is used, while in log-based collaborative filtering, recall and
precision are employed.

Therefore, this paper proposes to apply the probabilistic framework devel-
oped for text retrieval to log-based collaborative filtering. We consider the follow-
ing formal setting. The information that has to be filtered, e.g., images, movies
or audio files, is represented as a set of items. We introduce discrete random
variables U€ {uq,...,ux} and I€ {i1,...,ip} to represent a user and an item
in the collection, respectively. K is the number of users while M is the number
of items in the collection. Let L,, denote a user profile list for user ux € U.
L, is a set of items that user u has previously shown interest in. Ly, (i) =1
(or im € Ly, ) indicates that item i,, € I, is in the list while L,, (i) = 0 (or
I, ¢ L,, ) otherwise. The number of items in the list is denoted as | L, |-

The purpose of log-based collaborative filtering is to rank the relevance of
a target item to a user. This could be represented by the retrieval status value
(RSV) of a target item towards a user, denoted as: RSV, (im). Heuristic im-
plementations of ‘Word of Mouth’ introduced in [4, 6] give the following basic
item-based and user-based approaches to calculate the RSV when we consider
the binary case:

User-based : RSV, (iy,) = Z su (ug, up) L, (7m)

Top-N similar ug

Ttem-based : RSV, (iy) = Z S1(ipyim)

Viy iy € L,

(1)

where s; and sy are the two similarity measures between two items and two
users, respectively. The two commonly used similarity measures are the Pearson
Correlation and the Cosine similarity ([1]). Alternatively, frequency counting
has been used as a basis for similarity measures in ([4,10]). To suppress the
influence of items that are being purchased frequently, they have introduced a



TF xIDF-like weighting (similarity) function:

iy, im)/c(im)
c(ip)®

(2)

S](ib, im) =

K
where c(ip, im) = Y Lu, (¢m) N Ly, (Ip)) is the number of user profiles in which
k=1

both items i, and 4,, exist (i.e., items they co-occur); and ¢(7) is the number of
user profiles containing item 4. « is a tuning parameter.

3 A User-Item Relevance Model

In log-based collaborative filtering, users want to know which items fit their
interests best. This section adopts the probabilistic relevance model proposed in
text retrieval domain ([11,15]) to measure the relevance between user interests
and items. We intend to answer the following basic question:

— What is the probability that this item is relevant to this user, given his or

her profile.

To answer this question, we first define the sample space of relevance: @g. It
has two values: ‘relevant’ r and ‘non-relevant’ 7. Let R be a random variable
over the sample space @r. Likewise, let U be a discrete random variable over
the sample space of user id’s: &y = {u1, ..., ux } and let I be a random variable
over the sample space of item id’s: @1 = {iy,...,ia}, where K is the number of
users and M the number of items in the collection. In other words, U refers to
the user identifiers and I refers to the item identifiers.

We then denote P as a probability function on the joint sample space @y x
®; x &r. In a probability framework, we can answer the above basic question
by estimating the probability of relevance P(R = r|U,I). The relevance rank
of items in the collection @5 for a given user U = uy, (i.e. retrieval status value
(RSV) of a given target item toward a user) can be formulated as the odds of
the relevance:

_log P(r|ug,im)

RSVy, (im,) (3)

For simplicity, R =r, R =7, U = ug, and I = i,, are denoted as r, 7, uy, and
im, respectively.

Hence, the evidence for the relevance of an item towards a user is based
on both the positive evidence (indicating the relevance) as well as the negative
evidence (indicating the non-relevance). Once we know, for a given user, the RSV
of each item I in the collection (excluding the items that the user has already
expressed interest in), we sort these items in decreasing order. The highest ranked
items are recommended to the user.

In order to estimate the conditional probabilities in Eq. 3, i.e. the relevance
and non-relevance between the user and the item, we need to factorize the equa-
tion along the item or the user dimension. We propose to consider both item-
based generation (i.e., using items as features to represent the user) and user-
based generation (i.e., treating users as features to represent an item). Since the

~ log P(T|ug,im)



two generative models are very similar to each other, for readability, the remain-
der of the paper presents our results using the item-based generation model; the
analogous model based on user-based generation is given in Appendix A.

3.1 Item-Based Generation

Uk |im, @) P(®]im)

By factorizing P(e|uy, i) with L& Plurlin) , the following log-odds ratio

can be obtained from Eq. (3):

P(r|im, ur) _ P(ug|im,r)

P(q P
RSV, (im) = log 5 4 log (im|r)P(r)

i)~ 8 Pluglin,?) T Plimro(r) D

Without explicit evidence for non-relevance, and following the language mod-
elling approach to information retrieval ([11]), we now assume that: 1) inde-
pendence between uy and iy in the non-relevance case (7), i.e., P(uk, |im,T) =
P(ug|7); and, 2) equal priors for both ug and 4,,, given that the item is non-
relevant. Then the two non-relevance terms can be removed and the RSV be-
comes:

RSV, (im) = log P(ug|im,r) + log P(im|r) (5)

Note that the two negative terms in Eq. (4) can always be added to the model,
when the negative evidences are captured.

To estimate the conditional probability P(ug|im,r) in Eq. (5), consider the
following: Instead of placing users in the sample space of user id’s, we can also
use the set of items that the user likes (L,, ) to represent the user (uy). This
step is similar to using a ‘bag-of-words’ representation of queries or documents
in the text retrieval domain ([16]). This implies: P(ug|im, ) = P(Ly, |im, 7). We
call these representing items as query items. Note that, different with the target
item 4,,, the query items do not need to be ranked since the user has already
expressed interest in them.

Further, we assume that the items in the user profile list L,, (query items)
are conditionally independent from each other. Although this naive Bayes as-
sumption does not hold in many real situations, it has been empirically shown
to be a competitive approach (e.g., in text classification ([5,18]). Under this
assumption, Eq. (5) becomes:

RSV, (im) = log P(Ly, |im, r) + log P(im|r)
= > log Piplim,r) +log P(in|r) (6)
Vip:ip € Ly,

The conditional probability P(ip|im,,r) corresponds to the relevance of an item
1y, given that another item i, is relevant. This probability can be estimated by
counting the number of user profiles that contain both items 4, and i,,, divided
by the total number of user profiles in which 4, exists (see also, [10]):

P(ib,im"/’) _ C(ib,im)
P(imlr) c(im)

(7)

Pml(ib‘im) T) =



3.2 Probability Estimation and Smoothing

Using the frequency count in Eq. (7) to estimate the above probability corre-
sponds to using its maximum likelihood estimator. However, many item-to-item
co-occurrence counts will be zero, due to the sparseness of the user-item matrix.
Therefore, we apply a smoothing technique to adjust the maximum likelihood
estimation ([18]).

In information retrieval ([21]), most smoothing methods apply two different
distributions: one for the words that occur in the document, and one for the
words that do not. Here, we also adopt this formulation. To estimate P (ip iy, ),
we use Ps(ip|im,r), when c(ip,im) > 0, while when ¢(ip, i) = 0 (ie., i and
im do not co-occur in any of the user profiles), we assume the probability is
proportional to the general frequency of ¢, for the whole user profile set. That is
P(iplim,r) = ay,, P(ip|r), where «; , depends on item i,,. Then, the conditional
probability between a user and an item can be formulated as follows:

log P(ug|im,r) = log P(Ly, |im,T)
— > log P; (i |im, ) + > log cv;, P(iy|r)

Viytib € Ly, Ne(ip,im) >0 Wiy tip € Ly, Ne(i,im)=0

= Z log =2 (thm’) Z log a;,,, P(ip|r) (8)

o o (o7 (Zblr)
Vzb:zbELukﬁc(zb,zm)>0 Vipiip€La,

1p|tm, T .
= Z log Py( b|(m| )) + | Ly, |log o, + Z log P (ip|r)
Vib:ibeLukﬁC(ib,im)>0 Vip:ip ELy, up

Since the last term is independent from the target item i,,, it can be dropped
when we calculate the RSV of item 4,,. Combining Eq. (6) and Eq. (8), we obtain
the following:

RSVy, (im)

= log Pa(iplim, ) + |Lu, | log a;,,, + log P(im|r) (9)
DD SPN w2 o
105 € Luyy, N (ip,8m ) >0

Eq. (9) gives a generative ranking formula. Next, we consider a special case: a
linear interpolation smoothing.

The linear interpolation smoothing A linear interpolation smoothing can
be defined as a linear interpolation between the maximum likelihood estimation
and background model. To use it, if we define:

Py (iplim, ) = (1 = N) P (ip|im, ) + AP (3|7)

10
ar = A (10)

where Py, (ip|im, ) is the maximum likelihood estimation as given in Eq. (7).
The item prior probability P(ip|r) is used as background model. Furthermore,



the parameter A € [0, 1] is a parameter that balances the maximum likelihood
estimation and background model (a larger A means more smoothing). Usually,
the best value for A is found from a training data. The linear interpolation
smoothing leads to the following RSV:

RSVy, (im)

o (1 — /\)Pml(ib|im, T’) . 11
= Z log(1 + NP (io]r) ) + log P(im|r) (11)

Vip i € Ly NC(ibyim ) >0

3.3 Discussion

IDF The usage of TFxIDF-like ranking shown in Eq. 2 was studied in [4] and
has been shown to have the best performance. However, [4] does not provide the
justification about the usage of the inverse item frequency (1/P(ip|r)) by proba-
bility theory. By considering the log-based collaborative filtering probabilistically
and proposing the linear interpolation smoothing, our user-item relevance model
in Eq. 11 provides a probabilistic justification. Our ranking formula can directly
be interpreted as TF xIDF-like ranking, since:

Pt (ip|im, ) o< c(ipy im)/c(im) and P(iy|r) o< c(ip) (12)

Also, Eq. 11 allows a very intuitive understanding of the statistical ranking
mechanisms that play a role in log-based collaborative filtering:

— The relevance rank of a target item 4, is the sum of both its popularity
(prior probability P(i,,|r)) and its co-occurrence (first term in Eq. 11) with
the items (i) in the profile list of the target user. The co-occurrence is
higher if more user expresses interest in target item (i,,) as well as item iy.
However, the co-occurrence should be suppressed more when the popularity
of the item in the profile of the target user (P(ip|r)) is higher.

— When A approaches 0, smoothing from the background model is minimal.
It emphasizes the co-occurrence count, and the ranking becomes equivalent
to coordination level matching ([7]), which is simply counting the number of
times for which ¢(p, %) > 0. When the A is equal to 0, the model reduces
to the traditional item-based approach ([12]). When the A approaches 1, the
model is more smooth, emphasizing the background model.

Two representations Traditionally, collaborative filtering makes a distinction
between user-based and item-based approaches. Our probabilistic user-item rele-
vance model, derived with an information retrieval view on collaborative filtering,
demonstrates that the user-based (Eq. 16) and item-based (Eq. 11) models are
equivalent from the probabilistic point of view, since they have actually been
derived from the same generative relevance model (Eq. 3). The only difference
in derivation corresponds to the choice of independence assumptions, leading to
the two different factorizations.
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Consequently, this formula gives a much better understanding of the un-
derlying statistical assumptions that are made in these two approaches. In the
user-based approach, a target item is assumed to be judged or rated indepen-
dently (see the Appendix A) while in the item-based approach, a target user is
assumed to independently judge or rate each query item. Besides the differences
in the number of users (K) and the number of items (M), we believe that these
underlying assumptions are the major factors to influence the performances of
these two approaches in practice.
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Fig. 1. Performance of the linear interpolation smoothing.

4 Experiments

The standard data set used in the evaluation of collaborative filtering algorithms
(MovieLens) is rating-based, which is not suitable for testing our method using
log-based user profiles. The user logs we used were collected from the Audioscrob-
bler3 community. The audioscrobbler data set is collected from the play-lists of
the users in the community by using a plug-in in the users’ media players (for
instance, Winamp, iTunes, XMMS etc). Plug-ins send the title (song name and
artist name) of every song users play to the Audioscrobbler server, which up-
dates the user’s musical profile with the new song. That is, when a user plays a
song in a certain time, this transaction is recorded as a form of {userID, itemID,
t} tuple in the database.

For computational reasons, we randomly sampled the data set to limit the
number of users to 428 users and the number of items to 516. The sparsity
(percentage of zero values in the user-item matrix) is 96.86% .

For cross-validation, we randomly divided this data set into a training set
(80% of the users) and a test set (20% of the users). Results are obtains by
averaging 5 different runs (sampling of training/test set). The training set was

3 Audioscrobbler is found at http://www.audioscrobbler.com/.



used to estimate the model. The test set was used for evaluating the accuracy of
the recommendations on the new users, whose user profiles are not in the training
set. For each test user, 50% of the items of a test user were put into the user
profile list. The other 50% of the items were used to test the recommendations.
By doing so, the number of items in the user profiles reflects the distribution in
the overall data set.

The effectiveness of the log-based collaborative filtering experiments can be
measured using the precision and recall of the recommendations. Precision mea-
sures the proportion of recommended items that are ground truth items (only
partially known, by the half of the user profiles). The recall measures the pro-
portion of the ground truth items that are recommended. Note that the items in
the profiles of the test user represent only a fraction of the items that the user
truly liked. Therefore, the measured precision underestimates the true precision
([9])- In the case of making recommendations, precision seems more important
than recall. However, to analyze the behavior of our method, we report both
metrics on our experimental results.

We first studied the behavior of the linear interpolation smoothing. For this,
we plotted the average precision and recall rate for the different values of the
smoothing parameter A. This is shown in Fig. 1.

Fig. 1 (a) and (b) show that both precision and recall drop when A reaches
its extreme values zero and one. The precision is sensitive to A, especially the
early precision (when only a small number of items are recommended). Recall
is less sensitive to the actual value of this parameter, having its optimum at a
wide range of values. Effectiveness tends to be higher on both metrics when A
is large; when A is approximately 0.9, the precision seems optimal. An optimal
range of A near one can be explained by the sparsity of user profiles, causing
the prior probability P(ip|r) to be much smaller than the conditional probability
Py (ip|im, 7). The background model is therefore only emphasized for values of
A closer to one. In combination with the experimental results that we obtained,
this suggests that smoothing the co-occurrence probabilities with the background
model (prior probability P(iy|r)) improves recommendation performance.

Next, we compared our user-item relevance model to other log-based collab-
orative filtering approaches. Our goal here is to see, using our user-item rele-
vance model, whether the smoothing and inverse item frequency should improve
recommendation performance with respect to the other methods. For this, we
focused on the item-based generation (denoted as UIR-Item). We set A to the
optimal value 0.9. We compared our results to those obtained with the Top-N-
suggest recommendation engine, a well-known log-based collaborative filtering
implementation ([10]).* This engine implements a variety of log-based recom-
mendation algorithms. We compared our own results to both the item-based
TF xIDF-like version (denoted as ITEM-TFIDF) as well the user-based cosine
similarity method (denoted as User-CosSim), setting the parameters to the opti-
mal ones according to the user manual. Additionally, for item-based approaches,
we also used other similarity measures: the commonly used cosine similarity

4 http://www-users.cs.umn.edu/” karypis/suggest/
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(denoted as Item-CosSim) and Pearson correlation (denoted as Item-CorSim).
Results are shown in Table 1. For the precision, our user-item relevance model

Top-1 Item|Top-10 Item|Top-20 Item|Top-40 Item

UIR-Item 0.62 0.52 0.44 0.35
Item-TFIDF 0.55 0.47 0.40 0.31
Item-CosSim 0.56 0.46 0.38 0.31
Item-CorSim 0.50 0.38 0.33 0.27
User-CosSim 0.55 0.42 0.34 0.27

(a) Precision

Top-1 Item|Top-10 Item|Top-20 Item|Top-40 Item

UIR-Item 0.02 0.15 0.25 0.40

Item-TFIDF 0.02 0.15 0.26 0.41

Item-CosSim 0.02 0.13 0.22 0.35

Item-CorSim 0.01 0.11 0.19 0.31

User-CosSim 0.02 0.15 0.25 0.39
(b) Recall

Table 1. Comparison of Recommendation Performance.

with the item-based generation (UIR-Item) outperforms other log-based col-
laborative filtering approaches for all four different number of returned items.
Overall, TFxIDF-like ranking ranks second. The obtained experimental results
demonstrate that smoothing contributes to a better recommendation precision
in the two ways also found by [21]. On the one hand, smoothing compensates
for missing data in the user-item matrix, and on the other hand, it plays the
role of inverse item frequency to emphasize the weight of the items with the best
discriminative power. With respect to recall, all four algorithms perform almost
identically. This is consistent to our first experiment that recommendation pre-
cision is sensitive to the smoothing parameters while the recommendation recall
is not.

5 Conclusions

This paper identified a close relationship between log-based collaborative filter-
ing and the methods developed for text information retrieval. We have built a
user-item relevance model to re-formulate the collaborative filtering problem un-
der the classic probability ranking principle. Using this probabilistic framework
of user-item relevance models, we introduced a linear interpolation smoothing
in collaborative filtering. We showed that smoothing is an important aspect to
estimate models due to the data sparsity. Similar to the situation in text re-
trieval, the user-item relevance model provides a probabilistic justification of
using TFxIDF-like item weighting in collaborative filtering.

Our further research aims to introduce relevance feedback into collaborative
filtering. One of the powerful characteristics of linear interpolation smoothing is
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that we can vary smoothing parameter: A — A(ip) for the different items 4, in the
user profile. It can then be treated as the importance of the query item. In the
beginning, all the items in the user profile are treated equally. From relevance
feedback, the importance value for different query items can be updated by using
EM algorithm ([7]).
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A User-Based Generation

By factorizing P(e|ug,iy,) with P(i,,|ug, ®)P(e|ux)/P(im|ux), the following log-
odds ratio can be obtained from Eq. 3 :

RSV, (im) = log 7P(r|’m’ k)

G
Plilusr)  Pluglr)P(r)

= loB B+ 18 B 1 B (13)
P(Zm|uk7 )

18 B, g )

When the non-relevance evidence is absent, and following the language model
([11]), we now assume equal priors for i,, in the non-relevant case. Then, the
non-relevance term can be removed and the RSV becomes:

RSVy, (i) = log P(im|uk, r) (14)

Instead of using the item list to represent the user, we use each user’s judgment
as a feature to represent an item. For this, we introduce a list L; , for each item
im, where m = {1,..., M}. This list enumerates the users who have expressed
interest in the item 4,,. L;  (ur) = 1 (or uy € L;, ) denotes that user uy is in
the list, while L;  (ur) = 0 (or uy ¢ L;,,) otherwise. The number of users in the
list corresponds to |L;,|.
Replacing 4,, with L, , after we assume each user’s judgment to a particular
item is independent, we have:

RSVy, (im) = log P(im|uk, r) = Z log P(up|ug, )
Yup:up €Ly, (15)

Similar to the item-based generation, when we use linear interpolation smoothing
to estimate P(up|ug,r), we obtain the final ranking formula:

RSV, (im) = E log P(up|ug, )
Yup:up €Ly, ( )
16
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Yuy:up €L, Ne(up,ug) >0

where X\ € [0, 1] is the smoothing parameter.



