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Abstract

We consider the supervised learning of a binary clas-
sifier from noisy observations. We use smooth boost-
ing to linearly combine abstaining hypotheses, each of
which maps a subcube of the attribute space to one of
the two classes. We introduce a new branch-and-bound
weak learner to maximize the agreement rate of each
hypothesis. Dobkin et al. give an algorithm for maxi-
mizing agreement with real-valued attributes [9]. Our
algorithm improves on the time complexity of Dobkin
et al.’s as long as the data can be binarized so that the
number of binary attributes is o(log of the number of
observations × number of real-valued attributes). Fur-
thermore, we have fine-tuned our branch-and-bound al-
gorithm with a queuing discipline and optimality gap to
make it fast in practice. Finally, since logical patterns in
Hammer et al.’s Logical Analysis of Data (LAD) frame-
work [8, 6] are equivalent to abstaining monomial hy-
potheses, any boosting algorithm can be combined with
our proposed weak learner to construct LAD models.
On various data sets, our method outperforms state-of-
the-art methods that use suboptimal or heuristic weak
learners, such as SLIPPER. It is competitive with other
optimizing classifiers that combine monomials, such as
LAD. Compared to LAD, our method eliminates many
free parameters that restrict the hypothesis space and
require extensive fine-tuning by cross-validation.

1 Introduction

We apply boosting to logical patterns in this paper
to learn a binary classifier from noisy data with n
Boolean attributes. The training input is a set of
observations Ω ⊆ {0, 1}n × {+1,−1}, in which each
observation (x, y) consists of an n-dimensional Boolean
vector of attributes x and a binary classification y.
A logical pattern p is a conjunction of attributes or
their complements. For example, if “male” (x1) and
“married” (x3) are among the n attributes, then “male
and not married” (x1 ∧ x̄3) is a pattern, but not “male
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or not married” (x1 ∨ x̄3). A pattern p is equivalent
to a subcube Cover(p) of the n-dimensional hypercube
{0, 1}n; we say that p covers the Boolean vectors in
Cover(p). For example, the pattern x1 ∧ x̄3 covers
the Boolean vector 110 but not 111 or 011. To be
learned, a pattern p must cover at least one observed
attribute vector; in other words, Cover(p) × {+1,−1}
must intersect Ω.

Logical patterns have been considered as rules
of machine learning algorithms such as RIPPER and
SLIPPER [7]. RIPPER combines logical patterns by
set covering and rule ordering. SLIPPER learns rules
and combines them into a single hypothesis by boosting,
which outputs a linear combination of rules by iterative
coordinate descent.

Logical patterns are also a building block of the
Logical Analysis of Data (LAD) framework. LAD is
a framework for the binary classification of data with
Boolean attributes [8, 6].1 An LAD model specifies
a set of patterns P, partitioned into a set of positive
patterns P+ and a set of negative patterns P−. A
positive pattern should cover attribute vectors whose
correct classification tends to be positive; analogously
for negative patterns. Hence we associate with each
pattern p in the model a weak hypothesis hp : {0, 1}n →
{+1,−1, 0}, defined by

(1.1) hp(x) =


+1 if p ∈ P+ and x ∈ Cover(p),
−1 if p ∈ P− and x ∈ Cover(p),
0 otherwise.

We call p homogeneous if it covers positive observations
only or negative observations only. Whereas the bulk
of the LAD literature [15] requires patterns to be
homogeneous, in practice this requirement is often
relaxed for noisy data.

To classify new data, an LAD model also defines a
discriminant function ∆ : {0, 1}n → [−1, 1] by

(1.2) ∆(x) =
∑
p∈P

αphp(x),

where αp are weights normalized to sum to 1. The

1LAD can also classify general numeric attributes and obser-
vations in Rn by generating attribute-value cut-points [6, 5].



model then classifies each Boolean vector x as positive
or negative according to the sign of ∆(x).

To build an LAD model, we can weigh the pat-
terns in a variety of ways [6], such as uniformly. Ideally,
given the set of patterns P to use in an LAD model, we
could weight the patterns by solving the linear separa-
tion problem in the pattern space. Unfortunately, there
are many more patterns than there are training obser-
vations, so it may not be tractable both to enumerate
all patterns and to solve the linear separation problem
by linear programming.

We propose to learn an LAD model from the clas-
sified observations Ω using boosting. Our contributions
are:

• To propose a new branch-and-bound algorithm
that finds the optimal maximum-agreement pat-
tern. Section 2.1.1 presents our proposed algorithm
and compares it to Dobkin’s et al’s algorithm.

• To adapt and implement the AdaBoost [13, 20] and
SmoothBoost [21] algorithms in order to iteratively
solve the separation problem in the space of logical
pattern hypotheses. Section 2 describes our learn-
ing method, boosting, and the context where we
suggest using our algorithm as a weak learner.

• To show that our exponential-time algorithm can
learn logical patterns from real-world data. Sec-
tion 3 compares the classification accuracy of our
method to that of other state-of-the-art methods.

2 Boosting Logical Patterns

Boosting is an iterative process that combines a se-
quence of weak hypotheses ht into an ensemble hypothe-
sis of the form f(x) =

∑T
t=1 αtht(x). In each iteration t,

boosting obtains the weak hypothesis ht by invoking an
unspecified weak learner with some weighted observa-
tions dt : Ω → [0, 1]. For any subset O of Ω, we define
dt(O) =

∑
(x,y)∈O dt(x, y). The observation weights are

normalized so that dt(Ω) = 1.
Algorithm 1 is Schapire and Singer’s AdaBoost [20].

Boosting is guaranteed to converge to an ensemble that
classifies all training observations correctly, as long as
the weak hypotheses perform uniformly better than
chance. More precisely, as long as the weak-hypothesis
error εt is at most 1/2−γ for some γ, the ensemble error
is at most exp(−2

∑T
t=1 γ2). Boosting also provides

good separation margins.

2.1 Finding the Optimal Pattern As one might
expect, we apply boosting to weak hypotheses corre-
sponding to positive and negative logical patterns, as
defined in (1.1). In other words, each iteration of our

Algorithm 1 AdaBoost [20]
Input: the observations Ω and the number of itera-
tions T .

Initialize the observation weights d1(x, y) = 1/|Ω|.
for t = 1, . . . , T do

Generate the new weak hypothesis ht = L(dt).
Calculate the weighted training error

εt =
∑

(x,y)∈Ω
dt(x, y)

1− yht(x)
2

.

Set the hypothesis weight αt =
1
2

ln
1− εt

εt
.

Update the observation weights

dt+1(x, y) =
dt(x, y) exp

(
−αtyht(x)

)
Zt

,

where Zt is a constant such that∑
(x,y)∈Ω

dt+1(x, y) = 1.

If εt = 0 or εt ≥ 1/2, then set T to t− 1 and break
out of the loop.

end for
Output: the ensemble hypothesis f(x) =

∑T
t=1 αtht(x).

weak learner chooses a pattern p to place in either P+ or
P−. The original AdaBoost algorithm assumes that the
weak hypotheses never abstain; that is, ht maps each x
to +1 or −1, never 0. In contrast, our weak hypotheses
hp may return 0.

One simple way to interpret the training error εt

when the weak hypothesis ht may abstain is to treat
abstaining as flipping a fair coin to decide whether to
return +1 or −1. This interpretation shows that we
can still use the AdaBoost algorithm presented above.
To do so, we want a weak learner that returns a
weak hypothesis with as low training error as possible.
The agnostic PAC-learning model [9, 17] considers such
error-minimizing hypotheses. Also, the LAD literature
calls the homogeneous pattern with the lowest training
error the maximum [12] or strong pattern [18]. Eckstein
et al. proposed a branch-and-bound algorithm to solve
a similar problem, to find the maximum box in Rn [11].

Given the weighted observations dt, the training
error of a pattern p is

(
1− |d+

t (p)− d−t (p)|
)
/2, where

d+
t (p) = dt

(
Ω ∩ (Cover(p)× {+1})

)
,

d−t (p) = dt

(
Ω ∩ (Cover(p)× {−1})

)(2.3)

are respectively the total weights of positive and nega-
tive observations covered by p. Thus we want the pat-



tern p to maximize

(2.4) |d+
t (p)− d−t (p)|.

We call the latter quantity the score of p. This problem
is known as monomial maximum agreement in machine
learning and maximum bichromatic discrepancy in com-
putational geometry. This problem is NP-hard, as es-
tablished by Kearns et al. [17], Ben-David et al. [2], and
Feldman [12]. In fact, Feldman shows that it is NP-
hard to approximate monomial maximum agreement to
within any factor less than 2. Note that an approxima-
tion ratio of 2 is achieved by a trivial algorithm that
assigns the majority value to the variable of any degree
1 monomial. Dobkin et al. give an exact solution for this
problem by dynamic programming [9]. Their time com-
plexity is O(|Ω|2n′−2 log |Ω|), where n′ is the number of
numeric attributes.

2.1.1 An Exact Search Algorithm We solve
monomial maximum agreement exactly using a branch-
and-bound technique and a best-first-search queuing
discipline to explore candidate patterns. The intuition
behind our algorithm is that a pattern p’s score |d+

t (p)−
d−t (p)| never exceeds its priority max

(
d+

t (p), d−t (p)
)
. To

find the pattern with the highest score, we apply best-
first search to a directed tree of patterns, in which the
children of a pattern p are patterns of the form p∧xi or
p∧x̄i, where xi is any attribute. In this tree, a child pat-
tern never has higher priority than its parent. The root
of the tree is the null pattern, which covers the entire
hypercube and has the highest priority. Theorem 2.1
formalizes the correctness of our algorithm.

Algorithm 2 is our search algorithm. It explores
the 3n candidate patterns in non-ascending priority
order. The best pattern is the best known pattern as
soon as the best known score exceeds the priority of
the candidate patterns left. In particular, because the
score of a homogeneous pattern equals its priority, the
algorithm stops right after it removes a homogeneous
pattern from the queue.

Theorem 2.1. MaximumAgreementPattern finds an
optimal pattern that maximizes any score for which the
priority max

(
d+

t (p), d−t (p)
)

is an upper bound.

Proof. Let p and p′ denote the first two patterns in
the queue Q. We claim the following loop invariant:
either s∗ or the priority max

(
d+

t (p), d−t (p)
)

of p meets
or exceeds the maximum score among all patterns, and
p′ has priority at most that of p.

At initialization this invariant clearly holds since p
is the null pattern and no pattern’s score or priority can
be greater than the total weight of the observation class
with greater total weight.

Algorithm 2 MaximumAgreementPattern
Input: the weighted observations d : Ω→ [0, 1].

Initialize the best-known score s∗ ← 0.
Initialize the best-known pattern p∗ ← none.
Initialize the priority queue of patterns Q to contain
just the null pattern, which covers every attribute vec-
tor. The priority of a pattern p is max

(
d+(p), d−(p)

)
.

while Q is not empty do
Remove the top pattern p from the queue Q.
Compute the pattern’s score s = |d+(p)− d−(p)|.
if s > s∗ then

Record the new best-known score s∗ ← s.
Record the new best-known pattern p∗ ← p.

end if
Break if the priority of p is no more than s∗.
for p′ ∈ { (p ∧ xi), (p ∧ x̄i) | i = 1, . . . , n } do

If the priority of p′ is more than s∗, then add p′

to Q.
end for

end while
Output: the best pattern p∗.

Each iteration maintains the invariant: If s∗ is al-
ready maximum or if p has the maximum score and
it is assigned to s∗ then the invariant is maintained
(the sequence of pattern scores assigned to s∗ is strictly
increasing). Otherwise, a maximum-score pattern ap-
pears in Q or descends from a pattern in Q (that is,
extends a pattern in Q by conjoining literals). The next
pattern p′ in Q must have priority greater than the max-
imum score, because

1. the priority is an upper bound for the score, and

2. conjoining literals to a pattern never increases its
priority.

By property 2, and since p′ has the highest priority in Q,
the priority of p is at least the priority of p′.

Upon termination the priority of p is less than or
equal to s∗. Since the score of each pattern cannot
exceed its priority, the invariant entails that s∗ must
be the maximum score.

2.1.2 Complexity

Theorem 2.2. The complexity of MaximumAgree-
mentPattern is O(min(3n, 2|Ω|)|Ω|).

Proof. In the worst case (given a fixed Ω), 3n logical
patterns may need to be examined, each of which
corresponds to an iteration of the main loop. Since
we do not explore logical patterns that do not cover
data points, we can bound the number of iterations



by min(3n, 2|Ω|). In each iteration we compute the
cover of each queued pattern. In order to do so we
need to perform a single set-intersection operation2 of
complexity O(|Ω|).

The complexity of Dobkin et al.’s algorithm is
O(|Ω|2n′−2 log |Ω|). Our algorithm is preferable in the
worst case to Dobkin et al.’s algorithm, when our
count n of Boolean attributes is comparable to their
count n′ of real-valued attributes. The latter proviso
holds:

1. either when the original attributes of the training
data are already Boolean;

2. or when the original attributes are real-valued, and
so need to be binarized for our learning algorithm
(following Boros et al.’s procedure [5]), but the final
count of binary attributes is small with respect
to the number of data points and the original
number of real-valued attributes. More specifically,
the proviso holds when the final count of binary
attributes n is less than (2n′ − 3) log3 |Ω|. Thus
n ∈ o(n′ log |Ω|) is sufficient.

This is in fact the case for most real-life data: as seen in
Figure 2, the number of binary variables required does
not approach the upper bound for our datasets.

In practice, our algorithm runs fast enough thanks
to pruning: the algorithm only bothers to queue a
pattern p if its priority exceeds the current best-known
score s∗. As the search gradually discovers better-
scoring patterns p∗, this pruning threshold s∗ improves
and lets the algorithm ignore more patterns p. We
further reduce the amount of time and space consumed
by initializing s∗ not to 0 as shown above but to the
highest score among a few “promising” patterns, which
is a better lower bound on the final best score. Our
implementation gathers promising patterns from three
heuristic sources:

1. every pattern in the current boosting ensemble;

2. a greedy search that starts at the null pattern and
keeps choosing the child with the highest score;3

3. a best-first search with a fixed branching factor.

2This can be done by saving the set intersection so far for each

logical pattern in the queue. In case of a depth-first queueing
discipline this may only require linear space. In case of the

best-first queuing discipline we choose, which performs better

in practice (although with the same worst case complexity),
the memory requirement could be exponential in theory but is

moderate in practice.
3When the score is redefined to be

`p
d+(p) −

p
d−(p)

´2
as

in (2.7), this heuristic corresponds to SLIPPER’s weak learning

algorithm [7].

To further improve performance, our algorithm can
be easily adapted to find an approximate solution. For
any predefined optimality gap g, the algorithm can
ignore any candidate pattern whose priority does not
exceed (1 + g)s∗. For an optimality gap of g the
algorithm is guaranteed to find a solution of at least the
optimal score divided by 1+ g. Relaxing the optimality
requirement by increasing g may allow scalability for
large datasets. For example, for the UCI BUPA dataset
[3], MaximumAgreementPattern terminates in about
15 seconds4 with an optimal solution, given uniform
observation weights. Relaxing the optimality only to
a 5% gap reduces the running time by 15–20%.

2.1.3 Alternative Scoring Because the priority of
any pattern bounds its score from above, this algorithm
always returns the pattern with the highest score. In
fact, the same search strategy correctly yields the best-
scoring pattern for any scoring function whose range is
upper bounded by the priority. We discuss two such
alternative scoring functions here.

First, following LAD tradition, we can require
the pattern returned to be homogeneous or almost
homogeneous. Define the homogeneity of a pattern p
to be

(2.5) η(p) =
max

(
d+(p), d−(p)

)
d+(p) + d−(p)

∈ [1/2, 1].

In the algorithm above, we can redefine the score s as

(2.6) s =

{
|d+(p)− d−(p)| if η(p) ≥ η0,
−∞ otherwise.

Here η0 is a global parameter for the learning algorithm,
usually set to 1 or slightly less than 1.

The second alternative scoring function that is
relevant to us is defined by

(2.7) s =
(√

d+(p)−
√

d−(p)
)2

.

It is useful as we turn in the next section to a variant
of boosting designed for faster convergence of AdaBoost
with abstaining weak hypotheses in mind.

An obstacle to maximizing both of these alterna-
tive scores is that they are lower than the original score
in (2.4). The greater gap that results between the pri-
ority and score of patterns means that less pruning can
take place. This drawback is striking when we compare
our search algorithm with and without LAD’s restric-
tion on homogeneity: without the artificial restriction,
the search actually considers more candidate patterns

4On a machine with an Intel i686 3.6 GHz CPU and 8960 MB

RAM.



in less time and space. On the other hand, the sec-
ond alternative scoring function, although more diffi-
cult to optimize within the weak learner, usually lets
the AdaBoost algorithm converge faster, as explained
in the sequel. We therefore use scoring function (2.7)
for AdaBoost even though it makes the weak learner
less computationally efficient.

2.2 Boosting with Abstaining Schapire and
Singer introduce weak hypotheses that abstain in the
context of boosting [20]. They propose to minimize the
normalizing constant Zt at each iteration. Because (as
is easy to check)

(2.8) Z = 1− d+(p)− d−(p) + d+(p)e∓α + d−(p)e±α

(where the signs in ∓ and ± depend on whether p
is chosen as a positive or negative pattern), Schapire
and Singer’s proposal amounts to a more aggressive
hypothesis weight:

(2.9) α = ±1
2

ln
d+(p)
d−(p)

.

This choice of α gives Z = 1−
(√

d+(p)−
√

d−(p)
)2 [7],

so the weak learner should maximize (2.7).
In the case of a homogeneous logical pattern, how-

ever, either d+(p) or d−(p) is 0, so α in (2.9) is strictly
speaking undefined. One way to deal with this case is
to add a small smoothing constant to d+(p) and d−(p).

2.3 Handling Noisy Data with SmoothBoost
The AdaBoost algorithm increases the weights of ob-
servations that are hard to classify at each iteration.
When the data is noisy, the increasing weight of those
observations may overly emphasize outliers in the weak
hypotheses and final ensemble.

To handle noisy data, boosting algorithms have
been extended in several ways. First, boosting with
soft margins “mistrusts” observations that influence the
weak learner too much [18]. Alternatively, Servedio’s
SmoothBoost algorithm [21] explicitly constrains the
distribution dt of observation weights not to be too
skewed. Algorithm 3 is SmoothBoost. It is not fully
adaptive since it requires the user to define a desired
error κ and margin θ. In our case we may disregard γ
to be always satisfied since we use an optimizing weak
learner (that is, we assume γ = θ).

3 Empirical Results

We test our algorithms Ada-BOP (which uses Ada-
Boost) and Smooth-BOP (which uses SmoothBooost)
with MaximumAgreementPattern as a weak learner.
We report results for 10-fold cross-validation, 5-fold

Algorithm 3 SmoothBoost [21]
Input: the observations Ω, the desired error κ, the
required edge γ, and the desired margin θ, such that
0 < κ < 1 and 0 ≤ θ ≤ γ ≤ 1/2.

Initialize M1 : Ω→ R to M1(x, y) = 1.
Initialize N0 : Ω→ R to N0(x, y) = 0.
for t = 1, . . . do

Break if |Mt|/|Ω| < κ.
Using the observation weights dt(x, y) =
Mt(x, y)/|Mt|, generate the new weak hypothesis
ht = L(dt).
Update Nt,Mt+1 : Ω→ R to

Nt(x, y) = Nt−1(x, y) + yht(x)− θ,

Mt+1(x, y) =

{
1 if Nt(x, y) < 0,
(1− γ)Nt(x,y)/2 if Nt(x, y) ≥ 0.

end for
Output: the ensemble hypothesis f(x) =

∑
t ht(x).

cross-validation, or a fixed partition of the data into
training and test sets, as indicated in Table 2. We com-
pare these results to those reported for SLIPPER [7]
and for LAD [6].

The LAD implementation [6] generates a large ini-
tial set of logical patterns up to a certain degree where
each pattern must satisfy a desired level of homogene-
ity and coverage. It then solves a set covering prob-
lem to find a smaller set of patterns that covers the
observations. It finally uses linear programming to com-
pute the discriminant function that maximizes the mar-
gin of separation. These restrictions on the hypoth-
esis space—in terms of pattern degree, pattern cover-
age, and homogeneity—are determined by both compu-
tational efficiency and test accuracy. Determining the
exact parameter values to improve test accuracy can re-
quire extensive cross-validation. Moreover, we are un-
aware of any algorithm in the LAD literature for deter-
mining the best parameter values, so searching for these
values may involve significant trial and error.

Table 1 shows the datasets that we use in our experi-
mental study. We take our datasets from the UCI repos-
itory [3]. The datasets are the Wisconsin Breast Cancer
(BCW), Congressional Voting (VOTE), Liver-disorders
(BUPA), Cleveland Heart Disease (CLHEART), Hun-
garian Heart Disease (HUHEART), and Mushroom
(MUSHR). We remove observations with missing at-
tribute values, except in the VOTE dataset, where we
treat missing values as an additional attribute value



Dataset Observations Attributes

Positive Negative Original Binarized

BCW 239 444 9 12
VOTE 268 167 16 11
BUPA 200 145 6 20
CLHEART 137 160 13 12
HUHEART 106 188 13 16

Table 1: Size and main characteristics of datasets used in the empirical study.

“did not vote”.5

To give a sense of the complexity of the data and
the binarization step, the columns in Table 1 show
the original and the binarized number of variables.
The original number of variables may include both
binary and real-valued variables. The number of binary
variables is the number of variables in the support
set obtained by the minimum set cover approximation
separating each pair of training data points [6, 5]. In
the actual test runs the number of binary variables used
may be slightly less than the number indicated since less
training data is used than the entire dataset.

The SmoothBoost algorithm requires the user to
select the parameters of desired error rate κ and desired
margin θ. How to set these parameters depends on how
the observations and the noise are distributed in each
specific problem. To capture these properties, we use a
smoothness parameter [14] defined by

(3.10) β = sup
(x,y)∈Ω

d(x, y)
D(x, y)

,

where d(x, y) is the weight of the observation (x, y), and
D(x, y) is the probability of the data point (x, y) accord-
ing to the target distribution. Examining the histogram
of boosting data weights, we find that most data points
are concentrated around the uniform weighting with an
additional peak of significantly heavier weights. This is
evident in Figure 1 even after 400 boosting iterations;
such behavior is typical for most datasets we encounter.
Accordingly we assume that the target distribution is
uniform across observations (that is, D(x, y) equal for
all (x, y) in Ω). The smoothness parameter can be used
to derive an upper bound on the weight of data points.
Imposing a limit on the data weights in boosting deem-
phasizes the effect of outliers in determining the weights
(or separating hyperplane) of the hypotheses. The final
data weights of AdaBoost along with our fixed smooth-
ness parameter can be used to determine the outliers

5The LAD implementation we compare against [6] handles

missing attribute values in a more sophisticated way.

in the data as those points which take on values much
larger than the uniform weight value. In particular, in
our example (Figure 1) of training data with 267 ob-
servations, uniform weights D(x, y) should take on the
value 1/267 ≈ 0.004. Requiring a smoothness value of
3.75 implies that no observation should get a weight
greater than 0.014. The value of 3.75 can be justified in
Figure 1 by the fact that the distribution tail and ad-
ditional peak of the distribution centered at 0.015 shall
be considered as outliers. Consequently imposing the
limit on weight would alleviate the skewness of the dis-
tribution depicted in the diagram. We adopt this value
for all datasets so that we enforce β ≤ 3.75. Finally
we set κ and θ in SmoothBoost as follows: We first run
AdaBoost and treat those observations whose weights
end up greater than 3.75/|Ω| as outliers. Then, we set
the desired error rate κ to the proportion of observa-
tions that are outliers. We also set the desired margin θ
to the minimum margin that AdaBoost attained on the
non-outlier observations.

Table 2 shows the preliminary results of our exper-
imental study. First we note that the Smooth-BOP
provides a substantial improvement in generalization
over Ada-BOP. This may serve as evidence to the fact
that AdaBoost is sensitive to the existence of outliers
and noise (it is important to note that we allow weak
hypotheses that could overfit e.g. monomials of high
degree). Particularly, Ada-BOP performs even more
poorly on datasets for which the best known classifica-
tion accuracies tend to be lower, such as CLHEART and
BUPA. The low classification accuracy of many different
classification methods may suggest that these datasets
are noisy. Also important, the results suggest that our
algorithm (Smooth-BOP) outperforms SLIPPER on all
of the datasets6. LAD outperforms Smooth-BOP and

6Although this claim cannot be supported at a high level of

confidence we expect that running additional k-fold experiments

shall increase the level of confidence of this claim with respect to

the variability of the classification accuracy of our method. We use
the accuracies for the other methods as reported in the literature.

In the case of SLIPPER no standard deviation is reported.
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Figure 1: Histogram of CLHEART dataset boosting
data weights after 50 (top) and 400 (bottom) iterations

SLIPPER. The relatively small advantage of LAD in
terms of classification accuracy comes at the expense of
greater computational effort involved in enumeration of
all patterns and linear programming as well as exten-
sive fine tuning in order to adjust the free parameters,
as discussed in the above.

4 Conclusion

Our branch-and-bound (best-first search) algorithm
solves the maximum agreement problem in a hypercube
of arbitrary dimension. Used as the weak learner in
boosting, the algorithm performs well in practice despite
the worst-case exponential time and space complexity.

When boosting our optimizing weak learner,
SmoothBoost improves significantly over AdaBoost in
the face of noisy data. The combination of Smooth-
Boost and our weak learner outperforms other state-
of-the-art learning algorithms that combine abstaining
logical patterns, such as SLIPPER. Our algorithm is
fairly competitive with optimizing learning algorithms
such as LAD. Nevertheless, the only free parameter in
our method is the number of boosting iterations, an ad-
vantage over the several free parameters in LAD.

Finally, we give additional insight by suggesting
that any boosting algorithm can be used with our pro-
posed weak learner to generate LAD models more effi-
ciently. For example, using LP boosting [10] along with
our weak learner, would correspond to a column genera-
tion approach to solving the LAD margin maximization
linear program. In any case we propose that using our

weak learner one can construct an optimal ensemble of
logical patterns without having to enumerate all, and
with good run time performance in practice, as tested
on a number UCI datasets [3].
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Figure 2: The number of binary variables required as a function of the sample size used for the BUPA (top), BCW
(middle) and CLHEART (bottom) datasets. The solid line is the actual number of binary variables, whereas the
dotted line is the upper bound.




