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Abstract

SMILE (Scanning Memory Image LatticE) is a lazy learning
framework based on a memory image lattice scanning tech-
nique. To classify an unseen instance, the instances in the
training set will generate a memory image lattice in terms of
the similarities between the training instances and the un-
seen instance. An exploration algorithm of memory image
lattice is designed to search an appropriate set of images of
training instances to produce the final prediction. SMILE
differs from other lazy learning algorithms in that it utilizes
subsets of attribute values as much as possible. This design
leads to a more flexible model which is less sensitive to data
sparseness.

1 Introduction

We develop a lazy learning framework based on a mem-
ory image lattice that reflects the similarities between
the training instances and the unseen instance. Lazy
learning models [1] do not involve any model construc-
tion before they encounter the unseen instance, imply-
ing that they do not have any processing until they are
requested to predict the class label of an unseen in-
stance. The model and all the intermediate results are
discarded when the learning process for this unseen in-
stance ends. Some lazy learning algorithms are also de-
scribed as “instance-based” or “memory-based” where
“memory” mainly refers to training instances.

Lazy learning algorithms [10, 8, 4] differ from com-
mon eager algorithms, which eagerly compile the train-
ing data into some concept descriptions (e.g. rule sets,
decision trees, networks, graphical model). In general,
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lazy learning algorithms need much less training costs
but more storage and computational resources than ea-
ger algorithms during operation or testing. Many eager
learning algorithms have to work under a particular hy-
pothesis, which covers the entire instance space, while
lazy learning algorithms can make use of a richer hy-
pothesis space by using the characteristics of the unseen
instance to explore different hypotheses during opera-
tion. Thus in many learning tasks, lazy learning algo-
rithms can be a powerful substitute. In fact some lazy
methods such as local methods proposed by [3] outper-
form some eager algorithms.

The family of k-nearest neighbor (kNN) learning
algorithms and its variants [7, 5, 6] is one of the most
classical and widely adopted algorithms among lazy
learning methods. Actually the idea of kNN is quite
simple. It collects k nearest training instances in terms
of similarities between their attribute values and those
of the unseen instance, and then generates the final
output by examining these nearest instances. However,
in many situations, there may not be enough qualified
nearest neighbors.

Unlike many existing lazy learning methods, our
model considers the subsets of attribute values of the
unseen instance rather than the Euclidean distances be-
tween the unseen instance and the training instances.
These subsetts compose a lattice and each joint rep-
resents a node in the lattice. If one training instance
shares the same or similar values with the unseen in-
stance on a joint, the joint will keep a copy of the train-
ing instance called memory image. In this paper, we
refer the term “memory” to the stored information, i.e.,
training instances.

Our model uses the lattice to search an appropriate
set of attribute subsets via an exploration process.
Those attribute subsets are treated as memory pools
to collect all the memory images inside. Rather than
using the training instances directly to combine the
final result, a memory image combination technique
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is developed to produce the final prediction. These
characteristics make our model more flexible and less
sensitive to data sparseness than other instance-based
lazy learning models. When there are enough training
data and complete information for all instances, our
model can perform in the same way as kNN does. When
there are many missing values affecting the reliable
calculation of the Euclidean distance as required by
kNN, our model can still give a fairly satisfactory
performance.

In essence, two strategies are specially designed
to explore the lattice. The first strategy is to ensure
the selected subsets are among the nearest ones to
the summit of the lattice, that is, nearest to the
unseen instance. The second strategy is to ensure that
every selected joint contains enough memory images to
produce reliable learning result no matter which kind
of combining method is used. These strategies will
guide the search on the distribution of memory images
among the lattice for an appropriate set of subsets.
All the memory images contained by those subsets are
combined to make the final prediction.

2 Background of SMILE Framework

In the following discussions, we use capital letters such
as C, D for variable names, and lower-case letters such
as ¢, d for specific values of these variables. The size of
the set X is denoted by | X|.

Consider a classifier learning problem, where an
instance is associated with a set of attributes and a
class label. Suppose F' is the whole set of attributes
consisting of m discrete-valued attribute variables from
Fi to F,. ' C, a discrete-valued variable, represents
the class label. An instance d in the collection will be
represented as F(d) = (Fi(d), Fa(d), ..., Fin(d), C(d) =
¢). F;(d) represents the value of attribute F; for instance
d. To obtain the membership likelihood of class C' for
a new instance t, a likelihood score L(C|F(t)) will be
estimated based on the information represented by F(t).

Definition An attribute joint A is defined as a subset
of the full attribute set F'. Specifically, A C F.

Definition Given an attribute joint A C F, we say
two instances d and t are similar with respect to A,
denoted by SIM 4(d, ), if and only if for every A; € A;
Ai(d) = Ay(2).

Definition Given A C F and a target instance ¢, a
memory pool S(A,t) can be obtained from the training

TWe only consider discrete values in this papaer and all
continuous values are discretized before processing. The similarity

is simply defined as the equality of discrete values.
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data by selecting those instances similar to ¢ regarding
A as follows: S(A,t) ={d | SIMa(d,t)}

Definition We define S(A,t,c) the memory images in
S(A,t) that have the same class label as C: S(A,t,¢) =
{d| SIMa(d,t) A C(d) =c}

Suppose we wish to predict the class C for a target
unseen instance t. Let the set of attributes we used in
learning be A where A C F. Many learning models
treat A as the full set of attributes F, but models
with feature selection consider A C F. One common
technique for using the instantiation A(t) to predict C
of t is to compute a likelihood score L(C|A(t)) for each
class label:

L(CIA(t)) = P(CIA(t) =

A straightforward method is to make use of S(A4,t) and
S(A,t,C) to estimate P(A(t)) and P(C, A(t)) respec-
tively. For the multi-classification learning task, this
method is actually conducting majority voting in the
memory pool S(A4,t). In practice, it is not easy to find
a good attribute joint A to produce reliable estimations
for classification. If the attribute joint consists of too
many attributes, it will be difficult to collect enough
memory images in S(A,t) to produce reliable classifica-
tion or prediction. kNN attempts to tackle this prob-
lem by choosing k nearest training instances rather than
S(F,t) to conduct majority voting. On the other hand,
if the attribute joint A consists of too few attributes, it
will lose some useful information. Naive Bayesian learn-
ing model attempts to solve this problem by introducing
the conditional independence assumption among all at-
tributes given a class label.

We develop a framework called SMILE (Scanning
Memory Image LatticE) that uses multiple attribute
subsets. Our framework first searches for a proper set
of attribute subsets, denoted by U, which is a subset
of the power set Sp (i.e., U C SF). The technique
of finding U is to avoid the problems occurred when
we use just one attribute joint as mentioned earlier.
To achieve this goal, we consider the memory image
lattice. An exploration algorithm is developed to find
out an appropriate set of attribute subsets by exploring
the memory image lattice.

After a suitable U is obtained, for each attribute
joint U; € U, the corresponding memory pool S(U;,t)
will be constructed. Classifications will be conducted
by combining all the memory images in those memory
pools to produce the final learning result, denoted by

L(CIF(t))-
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3 Memory Image Lattice

3.1 Construction of the Lattice Suppose there are
m attributes, i.e., |F/| = m. Then we have |Sp| = 2™.
The number of possible subsets of S is 22" . Obviously
it is extremely difficult to examine all possible sets of
attribute subsets. To handle this problem, all attribute
subsets in S will be organized into a partially-ordered
lattice. Fig. 1 illustrates such a lattice for a problem
where |F| = 4.

{F1,F2,F3F4}

F={F1,F2,F3,F4}

Figure 1: Lattice composed of attribute subsets

A node in the lattice represents an attribute joint.
Every node A on the lattice will maintain a correspond-
ing memory pool S(A,t). One training instance may
have multiple copies, known as memory images, in dif-
ferent memory pools. This memory image lattice can be
intuitively understood as the human mind that is trying
to perceive a new object. While bearing some charac-
teristics of the object, similar memory images, which
share similar characteristics with the object, will ap-
pear in the mind to help the perceiving process. If we
change the perspective of observing the object, differ-
ent sets of characteristics will produce different memory
images. Human often use a set of low dimensional per-
spectives to help understand a high dimensional object.
Our model is inspired by this process. It selects a set
of attribute subsets to help collect memory images for
predicting the class label.

The link between two nodes denotes the subset
relationship between different attribute subsets. It can
be viewed as a kind of partial order relationship called
cover.

Definition For any nonempty element A and B in Sp,
A covers Bif BC A.
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If A covers B, then the following expressions hold:
SIM4(d,t) = SIMp(d,t);
S(At) C S(B,t)

(3.2)
(3.3)

3.2 Strategies for Exploring the Lattice On av-
erage, given A covers B, the memory images in S(A,t)
are believed to be more similar to ¢ than those in S(B, t)
because memory images in S(A4, t) may share more iden-
tical attributes with ¢. So the memory images from
S(A,t) are more valuable in learning. In the learning
process, if S(A,t) is used and |S(A, )| is large enough,
then S(B,t) can be ignored.

The first strategy is to explore the large lattice
efficiently, and utilize the information underlying the
attribute value subsets as much as possible. It scans
the whole lattice in a descending top-down sequence as
described by the following steps:

1. Try to add to U the attribute subsets containing as
many attributes as possible.

2. Once an attribute joint in the memory image lattice
is selected and added to U, all the attribute subsets
covered by that joint can be trimmed from the
lattice to avoid being selected into U.

This strategy can be intuitively understood as sim-
ulating the thinking process of the human. When one
person needs to make a decision under a particular cir-
cumstance, one will attempt to recall some similar sce-
narios. If there are many scenarios that are very similar
with the current situation, other less similar scenarios
will be suppressed in his mind. This strategy can ac-
celerate the processing of memory image lattice. Hence
any two elements of U should not cover each other as
described in the following property:

V(Ui cU A€ %F);AfUi/\((Ui CA)U(AC Ul)) :>A¢ U
(3.4)

The second strategy for exploring the lattice is to
avoid the root node or other nodes close to the top of
the lattice being improperly selected in view of data
sparseness. It imposes a threshold a on the number
of memory images for any node that is going to be
added to U. Otherwise this model will degenerate to
Eqn. 2.1 with A = F, and suffer from the problem of
data sparseness. Therefore the following constraint is
imposed on U:

U={UiU; €3p A [S(Ust)| >a}  (3.5)

U should make use of the information offered by F
as much as possible. So U should cover every F; € F:

VFiEF, dU; € U sothat F; € U;
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VAQF,|S(A,t)|>Oé:>E|Ul€U,A§Ul (36)

Note that, in general, the final set U of attribute
subsets can be overlapping or non-overlapping. The
non-overlapping case forms a partitioning of attributes.

As mentioned earlier, one characteristic about
memory image collection for U is that it will keep multi-
ple copies of a training instance. Different A; may have
the same copy of a training instance. If A ¢ U and
JU; € UU; C A, all memory images of A should still
be found in the memory image collection of U. The
reason is that all U; covered by A will have a copy
of these more useful memory images. The number of
copies of a training instance appearing in the memory
image collection of U becomes a weight which measures
the similarity between that training instance and t¢.

The time complexity of SMILE has a upper bound
of O(zlog ) where x is the number of training instances
having at least one identical attribute value with the
unseen instance to be classified.

3.3 Lattice Exploration Process In order to ob-
tain a suitable U satisfying the properties discussed
above, we develop a top-down breadth-first search pro-
cess to explore the memory image lattice. The search
is guided by pruning based on the property of cover
and the size of memory pools. The discussions on U in
the previous subsection already provide a strategy for
pruning the nodes, which remain to be explored in the
memory image lattice. However, the storage and com-
putational cost are still very high even for moderate
number of attributes. To solve this problem, we make
use of memory pools in the search process. We define a
concept maximal overlap attribute joint.

Definition Let d be a training instance and ¢ be an
instance to be classified. The maximal overlap attribute
joint M(d,t) is the maximal attribute subset on which
d and t agree.

We maintain an active memory pool E which
initially contains all the training instances satisfying
|M(d,t)] > 0. In the search process, this active mem-
ory pool is dynamically maintained to support both the
pruning in memory image lattice and the construction
of U. The whole memory image lattice structure need
not be explicitly constructed during the search process.
When the search is conducted at the ith level of the
memory image lattice in top-down manner, we only need
to consider the nodes as follows:

(M(d,t)|d € E A |M(d,t)| =1} (3.7)

Attribute joint A will be recorded and added into
U only when [S(A,t)| > a. After A is added to U,
all the attribute subsets covered by A are eliminated
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by removing the following instances from the active
memory pool E:

{d|M(d,t) CA AN de€E} (3.8)
This process continues until all the valid attribute

subsets have been removed or selected. In other words,
no instances remain in FE.

4 Memory Image Combination

In the Naive Bayesian learning model, the likelihood
score is calculated by the multiplication of the proba-
bilistic parameters of all individual attributes F;. In
our SMILE framework, we do not assume conditional
independence among different attributes and propose
another combination technique to trade the precision
for robustness. Rather than intersection, we consider
the union of all attribute sets U;, i.e., U(t) = JU;(¢).
We use |S(U;, t)| to estimate P(U;(t)), and |S(U;, ¢, C)]
to estimate P(C,U;(t)).

According to the probability theory, for any n
events, suppose EJ’c is the jth set composed of k events.
Then we have:

PUL E) = i(—l)k’lz Ej

k=1 i

(4.9)

Apply Eqn. 4.9 to U (n = |U)):

n

P(UyUs(1) = Y (=D 'Y (AL Uf(H) - (4.10)

k=1
According to the properties of U, we have:

VU, Uj e U; U;U U;j ¢ U (4.11)
For any (A U;(t)), P(A Ui(t)) = P(A(t)) where A =
(U U;). Eqn. 4.11 shows that A ¢ U and S(A,t) must
be smaller than « otherwise A should be selected rather
than all of U; C A . Hence only the first order items in
Eqn. 4.10 need to be considered:

Similarly we have:

P(C,U(t)) = P(C,U;(Us(t)) = > P(C,Ui(t))
(4.13)
The likelihood score computed by the union of at-
tribute sets is more robust than that of the intersec-
tion of attribute sets. We make use of |S(U;,t)| and
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|S(Us,t,C)| to estimate P(Us(t)) and P(C,U;(t)) re-
spectively. As a result:

o P(C U (1)

S PU(1)

SIS, 0)

Z‘U‘ IS(Us, b))

S (s niLciuiw))
PR EI(]

L(CIF(#))

(4.14)

1 For every instance ¢ to be classified
2 Initialize U to empty
//Build an active memory pool E
For every training instance d;
If |M(d;,t)| >0
Add d; to E
EMAX = MAX(|M(d;,t)|)
//Search process
For j = EMAX to 1 do
For every |M(d;,t)| =34,V d; € E
If |S(M(d;,t),t)| > «
Add M(d;,t) to U
//Prune nodes
For every dy, € E
If M(dg,t) C M(d;,t)
Remove dj from FE.

O U W

= © 00

0

11
12
13

Figure 2: Exploration process of the memory image
lattice

In fact (Y17 (1S(U, )| L(CIU(0)))/(Z1Z) 1S, 1))
is a weighted summation. The weight is the size of
S(U;,t). The set with more instances will be assigned
larger weight because its parameter estimation is more
reliable.

5 Preliminary Experiments

We have conducted preliminary experiments on 5 bench-
mark data sets from the UCI repository of machine
learning database [2]. They are either classical or with
extreme number of attributes or instances. We par-
titioned each data set into 10 even portions and then
conducted 10-fold cross-validation. The mean and the
standard deviation of the accuracies of 10-fold cross-
validation are used to measure the performance. For
comparison, we also investigate the performance of
Naive Bayesian, SVM, kNN, and J48, which are from
the Weka-3-2-2 machine learning software [9]. The re-
sults indicate that SMILE has superior or at least com-
parable performance on most of the data sets in com-
parison with other classical learning models. For data
sets with large size and large attribute set, SMILE work
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efficiently due to the efficient lattice exploration design.
SMILE also shows benefits on small data sets in terms
of accuracy. The intelligent search process and the in-
troduction of memory images enable SMILE to handle
data sparseness effectively.

[ Data Set [ SMILE [ kNN [ Naive Bayesian [ J48 [ SVM ]
Iris 94.0 96.0 96.0 95.3 | 85.3
Letter 86.8 94.8 64.2 87.8 | 81.7
Sonar 84.6 73.0 | 65.9 74.1 | 77.8
Weather 80.0 70.0 70.0 65.0 | 40.0
Zoo 98.1 88.2 95.2 92.1 | 92.1

Table 1: Classification performance of SMILE and

other classifiers. The performance is measured by
classification accuracy (in percentage) and standard
deviation of 10-fold cross validation.
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