Efficiently Learning Trends in User Preferences

Max Crane
17922192
maxc@berkeley.edu

December 12, 2006

1 Introduction

Many websites encounter the problem of recommending content to users
based on what they have shown interest in in the past. They must find
correlation in what the user in question and other users have purchased or
looked at to make these recommendations. This is one common example of a
collaborative filtering problem. The goal of this project is to develop a very
efficient method for solving this sort of problem.

Researchers have applied many different techniques to the collaborative
filtering problem and have interpreted the problem in different ways. It can
be interpreted as a classification problem, a clustering problem, a regression
problem, or a searching problem. It is a common problem for online stores,
such as amazon.com, but it has also been solved for other purposes, such
as in the categorization of Usenet news. The problem is not limited to user
systems; it deals with general prediction of missing data scenarios. [7][5][4]

2 Problem Formulation

There is a system with M users and N items. Each user gives a response
to a random collection of R of the N items. This response is a real number.
The response is greater than zero if the user likes the item and negative if
the user dislikes the item. Typically, M will be much greater than N and R
will be much less than N. The algorithm must classify for each user whether
each item would be liked or disliked.



The random collection of responses per user is assumed to be deter-
mined completely at random. That is, data is missing completely at random
(MCAR) as opposed to missing at random (MAR) or worse. This may not
be a valid assumption for many potential applications. For example, in a
web-based store, a user is very unlikely to buy or even look at an item in a
category that he or she is not interested in. So, the missingness of these items
would be related to the user’s preference for them. This algorithm makes no
attempt to include the missingness of item responses in the predictions for
the user preference toward them. However, this could be accomplished in
some sort, of post-processing step.

Another assumption made about the data is that every item has a suitable
collection of responses. Consider the graph with a vertex for each item and an
edge connecting a pair of items when and only when some user has provided
responses for both items. For good results to be found, this graph must
be made of only one connected component. For example, if there is a user
who supplies responses to some items that no other users supply responses
to, there is clearly no way to predict how that user would respond to other
items or how other users would respond to the items this first user responded
to. Beyond the requirement that the entire graph is connected, it is also
important that the graph is fairly well connected. Consider the case where
two well connected portions of the graph are connected to each other by
only one edge (one user). If this single user changed his response to one
of the items that resulted in this connecting edge, a large portion of the
solution would be changed because that item is the only piece of information
correlating the two portions of the solution. Here the problem is that the
system is very chaotic, meaning a small change in the initial input has a
great effect on the final solution. If that user is atypical, then large parts of
solution will be incorrect.

It is not a strict requirement that each user provides exactly R responses.
The algorithm will work with a variable number of responses per user. We
will suppose instead that each user supplies an average of R responses, and
that each user supplies at least one response.

The variance of the response data for each item is of some significance.
For most applications, this variance can expected to be relatively uniform.
If the variance in responses for one item is significantly different from that
of another item, an extra normalization step is required at some point in the
algorithm. This can be done at the beginning, but if the number of users
is much greater than the number of items, it is slightly more efficient to do



this at a later stage. There is also another restriction related to this and the
connectedness of the data. The variance of the subset of responses for an
item ¢ all connected to an item j must be approximately equal to the variance
of the complete set of responses to item i. The reasons for this restriction
become apparent in the formulation of the algorithm.

3 Algorithm

Each item is modeled in terms of the other items in the system using a
perceptron classifier.

[ liked w;-X; > b
O(%g) - { disliked w;-x; < b

x; is the vector of response values for user ¢. z; ; is the unknown jth response
value for user ¢ that is being classified. w; is a parameter learned for item j.
The elements of w; are the correlation values between item j and each other
item. Note that w; and x; both contain values for the jth item. This value
in x; will be set to zero so the computation isn’t affected.

3.1 Computing w;

Computation of w; is the main learning component of this algorithm. This
involves taking the weighted sum of the item preferences of each user. The
basic intuition for the weights is that we want to give greater sway to those
preferences of users that gave strong negative or positive responses to item
j. This leads us to the following sum.

M
Wj = Z ZEijXk
k=1

When this vector is dotted with x; in the classification of x; ;, items with
strong positive correlation in w; and with strong positive responses in x;
will push the result in the positive direction. Similarly, items with strong
negative correlation and negative responses in x; will push the result in the
positive direction. Items with opposite correlation and response in x; will
push the result of the dot product in the negative direction.

These correlation values computed for w; are not normalized, but they
do not need to be for the classification to work properly in the case where the



different items in the system have uniform response variance. In the other
case, the entire vector must be scaled by the inverse standard deviation
of the response values for item j, and each element n of the vector must
be multiplied by the inverse standard deviation of a subset of the response
values for item n. This subset is those response values that were actually
used in the computation of this nth element. These are the values for which
the user has supplied a response value for both item j and item n. If these
extra steps are taken, the w; values will be properly normalized and are the
actual Pearson product-moment correlation values for the item with each
other item.

3.2 Handling Missing Values

The equations above use vectors x;, the response values for each item from
each user i. Not all of these values are defined because any given user ¢ has
only provided responses to, on average, R of the N items. We deal with
this by imputating values of zero for missing responses, meaning we leave the
missing response values in the computations, but define them as zero.

In these computations, the zero values essentially have no effect on the
results. For wj, clearly each nth value is only affected by those x; vectors
with nonzero values for both x; ; and xj,. So, a user who doesn’t provide
responses for both item j and item n will not affect the nth correlation value
in w;. During classification, since the operation being performed is a dot
product, zero values in x; will have no effect on the final result.

3.3 Formulation as Matrix Multiplication

These computations can be formulated as matrix multiplications. We will
define the M x N matrix X as the matrix with rows of response values for
each user. As described above, missing values will be filled in with zeros.

X1
X2
X =

XM

This matrix is the input to the algorithm.



Reconsider the sum used to calculate w;.

M
W; = Z Lk, j Xk
k=1

This is equivalent to multiplying the transpose of X with the jth column of
X.
w; =X"X,;

So, the w vectors can all be calculated at once by multiplying X with its
transpose.
W =X"X

The w vectors are the columns of this N x N matrix W. We notice that
the matrix is symmetric due to the way it is computed. This knowledge
can be used to accelerate the computations. We also observe that W is
similar in structure to the item to item correlation matrix for the system.
W, ; is a large positive value when the ith and the jth items are strongly
correlated and a large negative value when they are strongly anticorrelated.
The values are not normalized with respect to one another as they would be
in a typical correlation calculation. This could be done with some additional
computations, but if we can expect the data to have fairly even variance, this
is unnecessary.

In the case that the variance in the response values was not normalized
to begin with, we now need to modify the values of W. We first calculate
a N-vector s with elements equal to the inverse standard deviations of the
supplied responses of each item. Each row and column of W is then multiplied
element-wise with s.

W;j = WZ‘JSZ‘S]‘

This is subtly different from the normalization process described in the sec-
tion on calculating w;. In that process, the variance of only a subset of the
response values are used in some of the adjustments. That is the proper way
to do the normalization, but would take much more time to compute than
this method. The difference between the two should be negligible for most
applications, however. This is the reason for the restriction mentioned in the
formulation of the problem.

Classification can be simplified as well. The dot product between each x
vector and each w vector is computed by multiplying X with W.

Q = XW



This M x N matrix Q has a similar arrangement to X and has each of the
response values filled in with the dot products used for classification. All
that remains is to compare these values to the bias parameter to get the
classification for each user and each item.

4 Efficiency

The algorithm can essentially be simplified to two matrix multiplications
and the normalization step, which may or may not be necessary. This is
a useful result because the algorithm can be very easily implemented using
various math libraries. A simple implementation like this will instantly be
able to leverage research being done to optimize matrix multiplication. An
important consideration is that the matrices being operated on are fairly
sparse. Depending on the application, there may be major performance
benefits to be gained by taking advantage of this sparsity. The reader is
referred to the literature on fast matrix multiplication techniques.|2][6]

5 Accuracy

While accuracy is not the main focus of this project, it is still an important
part of any learning system. Due to a lack of suitable real data, I have
attempted to evaluate the accuracy of the algorithm on synthetic data. The
danger of this approach is that the data the algorithm may encounter in the
real-world is likely to be significantly different from the data generated for
testing purposes. Since I developed this method with no specific application
in mind, whatever data is used to test this would be inadequate for evaluation
with respect to some other use. Researchers have used a variety of synthetic
data generation techniques to test collaborative filtering algorithms, but the
datasets used to test some algorithms are inappropriate for evaluation of
others. [1][3]

The data generated to evaluate this algorithm is based on simple features.
Some number of features F' is chosen. Each item is assigned random values
in range [0, 1] for each feature. Users are then assigned random preference
values in range [—1, 1] for each feature. A user’s preference for a given item
is then determined by dotting the user’s feature preference vector with the
item’s feature vector. This method is intended to generate a dataset with
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patterns that the learning algorithm should be able to deal with.

Test results are shown here as ROC plots with a varying bias classification
parameter. Results on two different datasets are shown in each plot. In all
but the last case, only one parameter was changed in the generation of the
two different datasets. The ROC plots show several things about the algo-
rithm. The first plot shows an interesting result about the effect of response
density on the classification. The pointy curve yielded in the run against
data with many supplied responses per user shows that the classification is
very accurate with a neutral bias parameter, and adjusting it will not result
in more or fewer true positive classifications. The concave sections are hard
to explain, however. In the second plot, the number of users is varied with
respect to the number of items. The algorithm is slightly more successful
with more users to learn trends from. The third plot has a varied feature
count parameter, which is only used for generation of the data. The hope is
that varying the means of data generation do not wildly change the classifi-
cation results. The two curves are acceptably similar. The final plot shows
a larger dataset. The curve for this one is also slightly concave as in the first
example. The classifier does seem to achieve better accuracy with bias values
close to zero for the larger dataset.
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6 Incremental Updating

Thus far, the assumption has been that the application requires the entire
solution to be solved at once. However, most recommendation systems ac-
tually have users entering the system and providing responses to items very
gradually. The formulation of the solution as a matrix product makes it
simple to express methods to incrementally update the system as new users
and item responses enter.

One obvious improvement when data is gradually entering the system is to
store the computed W matrix. When a user or item response is added, the W
matrix is immediately made invalid. However, it will not be far from correct,
assuming the system is not chaotic as discussed in the problem formulation.
A website making recommendations could simply use the same W for the
day, then recompute everything at night when there is extra processing time
available due to the decreased number of users. This is one good method,
and very simple to implement.

A useful property of the matrices the algorithm works with is that a
single row, column, or element of the overall product can be computed in
proportionally smaller time. Also observe that updating the solution matrix
a row or even a single element at a time never leaves the solution in an



invalid state. This is because none of the previously learned data is used
by the algorithm; it is limited to the response values supplied by the users.
A website could therefore update needed values just-in-time as people are
using the site. This solves the problem of time being wasted computing
recommendations for old users that no longer visit the website.

7 Conclusion

I developed an algorithm to solve a general collaborative filtering problem.
The main focus of this project was producing a very efficient process. I feel
that in this aspect, the algorithm is a success. Its accuracy is not especially
impressive, but this is to be expected for an algorithm that strives for good
efficiency. Future work will involve an actual real-world application of this
algorithm on real data.
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