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Ensemble Pruning

6.1 Whatis Ensemble Pruning

Given a set of trained individual learners, rather tlfan combining all of
them, ensemble pruning tries to select a subset ofiindividual learners to
comprise the ensemble.

An apparent advantage of ensemble pruning is to obtain ensembles with
smaller sizes; this reduces the storage resoutrces required for storing the en-
sembles and the computational resources requited for calculating outputs
of individual learners, and thus improvesefficieney,-There is another bene-
fit, that is, the generalization performange of the pruned ensemble may be
even better than the ensemble g0nsisting of all the given individual learn-
ers.

The first study on ensemble pruningis’possibly [Margineantu and Diet-
terich, 1997] which tried to prane boosted ensembles. Tamon and Xiang
[2000], however, showed, that boosting pruning is intractable even to ap-
proximate. Instead of pruning gnsembles generated by sequential meth-
ods, Zhou et al. [2002b] triedto’/prune ensembles generated by parallel meth-
ods such as Bagging, and showed that the pruning can lead to smaller en-
sembles with better generalization performance. Later, most ensemble prun-
ing studies were devoted to parallel ensemble methods. Caruana et al. [2004]
showed that pruning parallel heterogeneous ensembles comprising differ-
ent types of individual learners is better than taking the original heteroge-
neous ensembles. In [Zhou et al., 2002b] the pruning of parallel ensembles
was called selective ensemble; while in [Caruana et al., 2004], the pruning
of parallel heterogeneous ensembles was called ensemble selection. In this
chapter we put all of them under the umbrella of ensemble pruning.

Originally, ensemble pruning was defined for the setting where the indi-
vidual learners have already been generated, and no more individual learn-
ers will be generated from training data during the pruning process. Notice
that traditional sequential ensemble methods will discard some individ-
ual learners during their training process, but that is not ensemble pruning.
These methods typically generate individual learners one by one; once an
individual learner is generated, a sanity check is applied and the individual
learner will be discarded if it can not pass the check. Such a sanity check is
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important to ensure the validity of sequential ensembles and prevent them
from growing infinitely. For example, in AdaBoost an individual learner will
be discarded if its accuracy is below 0.5; however, AdaBoost is not an ensem-
ble pruning method, and boosting pruning [Margineantu and Dietterich,
1997] tries to reduce the number of individual learners after the boosting
procedure has stopped and no more individual learners will be generated.
It is noteworthy that some recent studies have extended ensemble prun-
ing to all steps of ensemble construction, and individual learners may be
pruned even before all individual learners have been generated. Neverthe-
less, an essential difference between ensemble pruning and sequential en-
semble methods remains: for sequential ensemble methods, an individual
learner would not be excluded once it is added into the ensemble; while for
ensemble pruning methods, any individual learners may be excluded, even
for the ones which have been kept in the ensemble fof @long time.

Ensemble pruning can be viewed as a special kindief Stacking. As intro-
duced in Chapter 4, Stacking tries to apply a meta-leatner to combine the
individual learners, while the ensemble pruring procedure can be viewed
as a special meta-learner. Also, recall that asyméntioned in Chapter 4, if
we do not worry about how the individual learners are generated, then dif-
ferent ensemble methods can be regardéd,as difféerent implementations
of weighted combination; from this aspeget, ensemble pruning can be re-
garded as a procedure which sets the weights on some learners to zero.

6.2 Many Could be Better Than All

In order to show that it is possible to get a smaller yet better ensemble
through ensemble pruning, this section introduces Zhou et al. [2002b]’s
analyses.

We start from the regression setting on which the analysis is easier. Sup-
pose there are N individual learners h4, ..., hy available, and thus the final
ensemble size T < N. Without loss of generality, assume that the learners
are combined via weighted averaging according to (4.9) and the weights are
constrained by (4.10). For simplicity, assume that equal weights are used,
and thus, from (4.11) we have the generalization error of the ensemble as

N N
err = ZZC’ij/NQ, (6.1)
i=1 j=1

where C;; is defined in (4.12) and measures the correlation between h; and
h;. If the kth individual learner is excluded from the ensemble, the gener-
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alization error of the pruned ensemble is

N N
err’ =33 " Cy/(N —1)% (6.2)
i=1j=1
ik jk
By comparing (6.1) and (6.2), we get the condition under which err is not
smaller than err’, implying that the pruned ensemble is better than the all-
member ensemble, that is,

N N N

2N —1)> > " Cij 2N Cig + N*Cha. (6.3)
i=1 j=1 i=1
ik

(6.3) usually holds in practice since the individual learners are often highly
correlated. For an extreme example, when all thie individual learners are
duplicates, (6.3) indicates that the ensemblesize can be reduced without
sacrificing generalization ability. The simplejanalysis abpve shows that in
regression, given a number of individual learners, ensembling some instead
of all of them may be better.

It is interesting to study the difference bétween ensemble pruning and
sequential ensemble methods based on (6.3). As above, let N denote the
upper bound of the final ensefble size. Suppose the sequential ensemble
method employs the sanity checkdthatthe new individual learner h; (1 <
k < N) will be kept if th€ ensemble consisting of A4, ..., hy is better than
the ensemble consisted,of 44, .5, ht—1 on mean squared error. Then, hy
will be discarded if [Perrone and /Cooper, 1993]

k—1k—1 k—1
2k —1)> "3 Cij <2(k— 1)) Cip + (k — 1)*Ch. (6.4)
i=1 j=1 i=1

Comparing (6.3) and (6.4) it is easy to see the following. Firstly, ensemble
pruning methods consider the correlation among all the individual learn-
ers while sequential ensemble methods consider only the correlation be-
tween the new individual learner and previously generated ones. For exam-
ple, assume N = 100 and k& = 10; sequential ensemble methods consider
only the correlation between h4, .. ., h1p, while ensemble pruning methods
consider the correlations between hy, ..., higo. Secondly, when (6.4) holds,
sequential ensemble methods will only discard &y, but by, . . ., hy_; won't be
discarded; while any classifier in 41, . .., hx may be discarded by ensemble
pruning methods when (6.3) holds.

Notice that the analysis from (6.1) to (6.4) only applies to regression. Since
supervised learning includes regression and classification, analysis of clas-
sification setting is needed for a unified result. Again let N denote the
number of available individual classifiers, and thus the final ensemble size
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T < N. Without loss of generality, consider binary classification with labels
{—1,+1}, and assume that the learners are combined via majority voting
introduced in Section 4.3.1 and ties are broken arbitrarily. Given m training
instances, the expected output on these instances is (f1, ..., fm) " where f;
is the ground-truth of the jth instance, and the prediction made by the ith
classifier h; on these instances is (h;1, . . ., hin) | where h;; is the prediction
on the jth instance. Since f;, h;; € {—1,+1}, it is obvious that h; correctly
classifies the jth instance when h;; f; = +1. Thus, the error of the ith clas-
sifier on these m instances is

m

1
err(hi) = — ; n(his f5) (6.5
where 7)(-) is a function defined as
1 ifoe=-1
nx) =405 ifz=0 (6.6)
0 ifex £1
Lets = (s1,...,8n) " wheres; = Zf\il hi;. Theyoutput of the all-member
ensemble on the jth instance is
Hj — sign(sj) . (67)

It is obvious that H; € {-1,0, +L}¢#¥Ehe prediction of the all-member en-
semble on the jth instape€fgycortect when H;f; = +1 and wrong when
H;f; = —1, while Hjf§ = 0 corresponds to a tie. Thus, the error of the
all-member ensemble is

m

1
e = — ; n(H, f;) . (6.8)

Now, suppose the kth individual classifier is excluded from the ensemble.
The prediction made by the pruned ensemble on the jth instance is

Hj'- = sign(s; — hij) , (6.9)

and the error of the pruned ensemble is

m

,_ 1 ,
err’ = — > n(Hjf;) . (6.10)

j=1

Then, by comparing (6.8) and (6.10), we get the condition under which err
is not smaller than err’, implying that the pruned ensemble is better than
the all-member ensemble; that is,

m

(1 (sign(s;) f;) —n (sign(s; — hxj) f5)) = 0. (6.11)

j=1
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Since the exclusion of the kth individual classifier will not change the out-
put of the ensemble if |s;| > 1, and based on the property that

1
n(sign(z)) — n(sign(z —y)) = —gsign(z +y), (6.12)
the condition for the kth individual classifier to be pruned is

> sign((s;+huy)fy) 0. (6.13)
je{arg; |s;1<1}

(6.13) usually holds in practice since the individual classifiers are often highly
correlated. For an extreme example, when all the individual classifiers are
duplicates, (6.13) indicates that the ensemble size can be reduced without
sacrificing generalization ability.

Through combining the analyses on both regressien and classification
(i.e., (6.3) and (6.13)), we get the theorem of MCBTAL" many could be better
than all”) [Zhou et al., 2002b], which indicates thdt forsupervised learning,
given a set of individual learners, it may be bettérto ensemble some instead
of all these individual learners.

6.3 Categorization of Pruning Methods

Notice that, simply prédningjindividual learners with poor performance
may not lead to a goed,pruned ensemble. Generally, it is better to keep
some accurate individuals, together with some not-that-good but comple-
mentary individuals. Furthermore, notice that neither (6.3) nor (6.13) pro-
vides practical solutions to ensemble pruning since the required computa-
tion is usually intractable even when there is only one output in regression
and two classes in classification. Indeed, the central problem of ensemble
pruning research is how to design practical algorithms leading to smaller
ensembles without sacrificing or even improving the generalization perfor-
mance contrasting to all-member ensembles.

During the past decade, many effective ensemble pruning methods have
been proposed. Roughly speaking, those methods can be classified into
three categories [Tsoumakas et al., 2009]:

e Ordering-based pruning. Those methods try to order the individ-
ual learners according to some criterion, and only the learners in the
front-part will be put into the final ensemble. Though they work in a
sequential style, it is noteworthy that they are quite different from se-
quential ensemble methods (e.g., AdaBoost) since all the available in-
dividual learners are given in advance and no more individual learn-
ers will be generated in the pruning process; moreover, any individual
learner, not just the latest generated one, may be pruned.
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¢ Clustering-based pruning. Those methods try to identify a number
of representative prototype individual learners to constitute the final
ensemble. Usually, a clustering process is employed to partition the
individual learners into a number of groups, where individual learn-
ers in the same group behave similarly while different groups have
large diversity. Then, the prototypes of clusters are put into the final
ensemble.

e Optimization-based pruning. Those methods formulate the ensem-
ble pruning problem as an optimization problem which aims to find
the subset of individual learners that maximizes or minimizes an ob-
jective related to the generalization ability of the final ensemble. Many
optimization techniques have been used, e.g., heuristic optimization
methods, mathematical programming methodssetc.

It is obvious that the boundaries between different categories are not
crisp, and there are methods that can be put ifito more‘than one category.
In particular, though there are many early studiesion pure ordering-based
or clustering-based pruning methods, along with the explosively increas-
ing exploitation of optimization techniques in machine learning, recent
ordering-based and clustering-based pruning,methods become closer to
optimization-based methods.

6.4 Ordering-Based Pruning

Ordering-based pruning originated from Margineantu and Dietterich [1997]’s
work on boosting pruning. Later, most efforts were devoted to pruning en-
sembles generated by parallel ensemble methods.

Given N individual learners hq, ..., hy, suppose they are combined se-
quentially in a random order, the generalization error of the ensemble gen-
erally decreases monotonically as the ensemble size increases, and approaches
an asymptotic constant error. It has been found that [Martinez-Mufioz and
Sudrez, 2006], however, if an appropriate ordering is devised, the ensem-
ble error generally reaches a minimum with intermediate ensemble size
and this minimum is often lower than the asymptotic error, as shown in
Figure 6.1. Hence, ensemble pruning can be realized by ordering the N in-
dividual learners and then putting the front T individual learners into the
final ensemble.

It is generally hard to decide the best T" value, but fortunately there are
usually many 7" values that will lead to better performance than the all-
member ensemble, and at least the 7" value can be tuned on training data.

A more crucial problem is how to order the individual learners appropri-
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original ensemble
ordered ensemble = = = =

—_—

ensemble error
—_— —_—

number of individual learners

FIGURE 6.1: Illustration of error curves of the original ensemble (aggre-
gated in random order) and ordered ensemble.

ately. During the past decade, many ordering strategies have been pro-
posed. Most of them consider both the acCuracy/and diversity of individ-
ual learners, and a validation data set V with size |V| is usually used (when
there are not sufficient data, the trainingsdata setW.or its sub-samples can
be used as validation data). In the following We,introduce some represen-
tative ordering-based pruning m€thods.

Reduce-Error Pruning [Margineantu,and’Dietterich, 1997]. This method
starts with the individual*leasnertwhose validation error is the smallest.
Then, the remaining iddividual\learfiers are sequentially put into the en-
semble, such that the validationjerror of the resulting ensemble is as small
as possible in each round®This procedure is greedy, and therefore, after
obtaining the top T individual learners, Margineantu and Dietterich [1997]
used Backfitting [Freidman and Stuetzle, 1981] search to improve the en-
semble. In each round, it tries to replace one of the already-selected indi-
vidual learners with an unselected individual learner which could reduce
the ensemble error. This process repeats until none of the individual learn-
ers can be replaced, or the pre-set maximum number of learning rounds is
reached. It is easy to see that Backfitting is time-consuming. Moreover, it
was reported [Martinez-Mufioz and Sudrez, 2006] that Backfitting could not
improve the generalization ability significantly for parallel ensemble meth-
ods such as Bagging.

Kappa Pruning [Margineantu and Dietterich, 1997]. This method assumes
that all the individual learners have similar performance, and uses the «,
diversity measure introduced in Section 5.3.1 to calculate the diversity of
every pair of individual learners on the validation set. It starts with the pair
with the smallest «, (i.e., the largest diversity among the given individual
learners), and then selects pairs of learners in ascending order of «,,. Fi-
nally, the top T individual learners are put into the ensemble. A variant
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method was proposed by Martinez-Muifoz et al. [2009] later, through re-
placing the pairwise «,, diversity measure by the interrater agreement diver-
sity measure « introduced in Section 5.3.2. The variant method still starts
with the pair of individual learners that are with the smallest « value. Then,
at the ¢th round, it calculates the « value between each unselected individ-
ual learner and the current ensemble H;_1, and takes the individual learner
with the smallest «x value to construct the ensemble H, of size t. The variant
method often leads to smaller ensemble error. However, it is computation-
ally much more expensive than the original Kappa pruning. Banfield et al.
[2005] proposed another variant method that starts with the all-member
ensemble and iteratively removes the individual learner with the largest av-
erage x value.

Kappa-Error Diagram Pruning [Margineantu and Dijgtterich, 1997]. This
method is based on the kappa-error diagram introduced in Section 5.3.3.
It constructs the convex hull of the points in thé diagram, which can be
regarded as a summary of the entire diagram,and includes both the most
accurate and the most diverse pairs of individual learners”The pruned en-
semble consists of any individual learner that appears in a pair correspond-
ing to a point on the convex hull. From the definition of the kappa-error di-
agram it is easy to see that this pruningimethod simultaneously considers
the accuracy as well as diversity ofiindividdal learners.

Complementariness Pruning {Martinez-Mufioz and Suérez, 2004]. This
method favors the inclusionsof individdallearners that are complementary
to the current ensemblg! It starts with-the individual learner whose valida-
tion error is the smallest, Then,\at the ¢th round, given the ensemble H;_;
of size t — 1, the complementariness pruning method adds the individual
learner i, which satisfies

hy = arg max Z I(hg(x) =yand Hy_1(x) #vy), (6.14)
hi
(z,y)EV

where V is the validation data set, and &y, is picked up from unselected in-
dividual learners.

Margin Distance Pruning [Martinez-Mufioz and Suérez, 2004]. This method
defines a signature vector for each individual learner. For example, the sig-
nature vector c*) of the kth individual learner &y, is a |V|-dimensional vec-
tor where the ith element is

P =2l (hy () = i) — 1, (6.15)

where (x;,y;) € V. Obviously, cgk) = lifand only if i, classifies x; correctly
and —1 otherwise. The performance of the ensemble can be characterized
by the average of ¢*)’s, i.e., @ = L 31 | ¢¥). The ith instance is correctly
classified by the ensemble if the ith element of ¢ is positive, and the value
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of |¢;| is the margin on the ith instance. If an ensemble correctly classi-
fies all the instances in V, the vector ¢ will lie in the first-quadrant of the
|V'|-dimensional hyperspace, that is, every element of ¢ is positive. Conse-
quently, the goal is to select the ensemble whose signature vector is near an
objective position in the first-quadrant. Suppose the objective position is
the point o with equal elements, i.e., 0; = p (i = 1,...,|V[;0 < p < 1). In
practice, the value of p is usually a small value (e.g., p € (0.05,0.25)). The
individual learner to be selected is the one which can reduce the distance
between ¢ and o to the most.

Orientation Pruning [Martinez-Mufioz and Sudrez, 2006]. This method
uses the signature vector defined as above. It orders the individual learners
increasingly according to the angles between the corresponding signature
vectors and the reference direction, denoted as c,.. ¢, which is the projection
of the first-quadrant diagonal onto the hyperplane défined by the signature
vector ¢ of the all-member ensemble.

Boosting-Based Pruning [Martinez-Mufoz,atd Suarez, 2007]. This method
uses AdaBoost to determine the order of the individual learners. It is sim-
ilar to the AdaBoost algorithm except that in each round, rather than gen-
erating a base learner from the training data, the’individual learner with
the lowest weighted validation error is seléctedfrom the given individual
learners. When the weighted£€rrot is latger than 0.5, the Boosting with
restart strategy is used, that is, the weightsidre reset and another individual
learner is selected. Noticethat, theweights are used in the ordering process,
while Martinez-Mufiozéand Suarez [2007] reported that there is no signifi-
cant difference for the ptuned ensemble to make prediction with/without
the weights.

Reinforcement Learning Pruning [Partalas et al., 2009]. This method mod-
els the ensemble pruning problem as an episodic task. Given N individual
learners, it assumes that there is an agent which takes N sequential actions
each corresponding to either including the individual learner /y, in the final
ensemble or not. Then, the Q-learning algorithm [Watkins and Dayan, 1992],
a famous reinforcement learning technique, is applied to solve an optimal
policy of choosing the individual learners.

6.5 Clustering-Based Pruning

An intuitive idea to ensemble pruning is to identify some prototype indi-
vidual learners that are representative yet diverse among the given individ-
ual learners, and then use only these prototypes to constitute the ensem-
ble. This category of methods is called as clustering-based pruning because
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the most straightforward way to identify the prototypes is to use clustering
techniques.

Generally, clustering-based pruning methods work in two steps. In the
first step, the individual learners are grouped into a number of clusters.
Different clustering techniques have been exploited for this purpose. For
example, Giacinto et al. [2000] used hierarchical agglomerative clustering
and regarded the probability that the individual learners do not make co-
incident validation errors as the distance; Lazarevic and Obradovic [2001]
used k-means clustering based on Euclidean distance; Bakker and Heskes
[2003] used deterministic annealing for clustering; etc.

In the second step, prototype individual learners are selected from the
clusters. Different strategies have been developed. For example, Giacinto
et al. [2000] selected from each cluster the learner which is the most distant
to other clusters; Lazarevic and Obradovic [2001] itefatively removed indi-
vidual learners from the least to the most accuratefinside each cluster until
the accuracy of the ensemble starts to decreasepBakkenand Heskes [2003]
selected the centroid of each cluster; etc.

6.6 Optimization-Based\Pruning

Optimization-based prining originated from [Zhou et al., 2002b] which
employs a genetic algorithm [Goldberg, 1989] to select individual learn-
ers for the pruned ensemble. Later, many other optimization techniques,
including heuristic optimizatioh, mathematical programming and proba-
bilistic methods have been exploited. This section introduces several rep-
resentative methods.

6.6.1 Heuristic Optimization Pruning

Recognizing that the theoretically optimal solution to weighted combi-
nation in (4.14) is infeasible in practice, Zhou et al. [2002b] regarded the
ensemble pruning problem as an optimization task and proposed a practi-
cal method GASEN.

The basic idea is to associate each individual learner with a weight that
could characterize the goodness of including the individual learner in the
final ensemble. Given N individual learners, the weights can be organized
as an N-dimensional weight vector, where small elements in the weight
vector suggest that the corresponding individual learners should be excluded.
Thus, one weight vector corresponds to one solution to ensemble pruning.
In GASEN, a set of weight vectors are randomly initialized at first. Then, a
genetic algorithm is applied to the population of weight vectors, where the
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fitness of each weight vector is calculated based on the corresponding en-
semble performance on validation data. The pruned ensemble is obtained
by decoding the optimal weight vector evolved from the genetic algorithm,
and excluding individual learners associated with small weights.

There are different GASEN implementations, by using different coding
schemes or different genetic operators. For example, Zhou et al. [2002b]
used a floating coding scheme, while Zhou and Tang [2003] used a bit cod-
ing scheme which directly takes 0-1 weights and avoids the problem of set-
ting an appropriate threshold to decide which individual learner should be
excluded.

In addition to genetic algorithms [Coelho et al., 2003], many other heuris-
tic optimization techniques have been used in ensemble pruning. For ex-
ample, greedy hill-climbing [Caruana et al., 2004], artificial immune algo-
rithms [Castro et al., 2005, Zhang et al., 2005], case simhilarity search [Coyle
and Smyth, 2006], etc.

6.6.2 Mathematical Programming Pruning

One deficiency of heuristic optimization is the lack of solid theoretical
foundations. Along with the great succes$wef usinggynmathematical program-
ming in machine learning, ensemble prunpingwnethods based on mathe-
matical programming optimizationjhave been proposed.

6.6.2.1 SDP Relaxation

Zhang et al. [2006] formulated enseémble pruning as a quadratic integer
programming problem. Since finding the optimal solution is computation-
ally infeasible, they provided an approximate solution by Semi-Definite
Programming (SDP).

First, given N individual classifiers and m training instances, Zhang et al.
[2006] recorded the errors in the matrix P as

P — { 0 if h; classifies x; correctly (6.16)

1 otherwise.

Let G = PTP. Then, the diagonal element G;; is the number of mistakes
made by h;, and the off-diagonal element G;; is the number of co-occurred
mistakes of h; and h;. The matrix elements are normalized according to

Gij Py
Gij = 1m Gij G“ . j (6.17)
2 (G + GTJ) i

Thus, 3., Gi; measures the overall performance of the individual classi-
fiers, Zivj:u;s y G,; measures the diversity, and a combination of these two
terms Z?_/j:l G is a good approximation of the ensemble error.
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Consequently, the ensemble pruning problem is formulated as the quadratic
integer programming problem

N
min z' Gz s.t. Z’Z‘ =T, z;,€{0,1}, (6.18)
=1
where the binary variable z; represents whether the ith classifier h; is in-
cluded in the ensemble, and T is the size of the pruned ensemble.
(6.18) is a standard 0-1 optimization problem, which is generally NP-
hard. However, let v; = 2z; — 1 € {-1,1},

T O T O T
V=uovv', H:(lé(l;l IGG),andD:Cf 11), (6.19)

where 1 is all-one column vector and I is identify m@atrix, then (6.18) can be
rewritten as the equivalent formulation [Zhangetal., 2006]

H{i]ﬂ HoV (6.20)

st. DRV =4T, diag(V) =1, V =0
rank(V) =1,

where A @ B = . A;; B;;. Ahen, by dtopping the rank constraint, it is
relaxed to the following convex SDP¥problem which can be solved in poly-
nomial time [Zhang et al4#2006]

min H@ V (6.21)
st. DOWZAT, diag(V) =1, V= 0.

6.6.2.2 (;-Norm Regularization

Li and Zhou [2009] proposed a regularized selective ensemble method
RSE which reduces the ensemble pruning task to a Quadratic Program-
ming (QP) problem.

Given N individual classifiers and considering weighted combination,
RSE determines the weight vector w = [wy,...,wy]" by minimizing the
regularized risk function

R(w) = A\V(w) + Q(w) , (6.22)

where V(w) is the empirical loss which measures the misclassification on
training data D = {(z1,v1),-- -, (Tm, ym)}, Q(w) is the regularization term
which tries to make the final classifier smooth and simple, and A is a regu-
larization parameter which trades off the minimization of V' (w) and Q(w).

By using the hinge loss and graph Laplacian regularizer as the empirical
loss and regularization term, respectively, the problem is formulated as [Li
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and Zhou, 2009]

min w' PLP w + \ Z max(0, 1 — y;p; w) (6.23)
e i=1
st. 1Tw=1, w>0

where p; = (hi(z;),...,hn(z;)) " encodes the predictions of individual clas-
sifiers on z;, P € {—1, +1}V*™ is the prediction matrix which collects pre-
dictions of all individual classifiers on all training instances, where P;; =
hi(x;). L is the normalized graph Laplacian of the neighborhood graph
G of the training data. Denote the weighted adjacency matrix of G by W,
and D is a diagonal matrix where D;; = Z;”Zl Wi;. Then, L = D~'/2(D —
W)D-1/2,

By introducing slack variables ¢ = (¢1,...,&,,) #46.23) can be rewritten
as

min w' PLP w+ A\ 17¢ (6.24)
w

S.t. yip;—w—&—fiZl, 1=10..,m
1MTw=1, w0/ %=>0.

Obviously, (6.24) is a standardQP problem that can be efficiently solved by
existing optimization packages.

Notice that 1Tw = L/w > Q,is a¢,-norm constraint on the weights w.
The ¢;-norm is a sparsity—inducing constraint which will force some w;’s to
be zero, and thus, RSE favers ensemble with small sizes and only a subset
of the given individual learners’will be included in the final ensemble.

Another advantage of RSE is that it naturally fits the semi-supervised
learning setting due to the use of the graph Laplacian regularizer, hence
it can exploit unlabeled data to improve ensemble performance. More in-
formation on semi-supervised learning will be introduced in Chapter 8.

6.6.3 Probabilistic Pruning

Chen et al. [2006, 2009] proposed a probabilistic pruning method under
the Bayesian framework by introducing a sparsity-inducing prior over the
combination weights, where the maximum a posteriori (MAP) estimation
of the weights is obtained by Expectation Maximization (EM) [Chen et al.,
2006] and Expectation Propagation (EP) [Chen et al., 2009], respectively.
Due to the sparsity-inducing prior, many of the posteriors of the weights are
sharply distributed at zero, and thus many individual learners are excluded
from the final ensemble.

Given N individual learners hq, ..., hy, the output vector of the individ-
ual learners on the instance x is h(x) = (h1(x), ..., hy(x)) . The output of
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the all-member ensemble is H(z) = w " h(z), where w = [wy, ..., wy]
non-negative weight vector, w; > 0.

To make the weight vector w sparse and nonnegative, a left-truncated
Gaussian prior is introduced to each weight w; [Chen et al., 2006], that is,

N N
plw | o) = Hp(wl | i) = H/\ft(wl |0,a; 1), (6.25)
i=1 i=1
where a = [ay,...,ay]" is the inverse variance of weight vector w and

Ni(w; | 0,0; ") is aleft-truncated Gaussian distribution defined as

; 1Y ifws
Nt(wi|o,ai1):{2N(wz|0,al ) ifw; >0,

0 otherwise . (6.26)

For regression, it is assumed that the ensemble output is corrupted by a
Gaussian noise ¢; ~ N(0,0?) with mean zero and vdriance o2. That is, for
each training instance (x;, y;), it holds that

yi = w' h(z;) + e (6.27)

Assuming i.i.d. training data, the likelihood can be expressed as
1
Hy | 0.X,0%) = (2n0®) e P Y wTHI L 629
0

where y = [y1,...,ym] ' is the gfound-truth output vector, and H = [h(x;),
..., h(xy)] is an N xm matrix which‘eollectsall the predictions of individual
learners on all the training-ifstances. Consequently, the posterior of w can
be written as
N m
p(w | X, y, &) o [ [ p(w: | i) [ [ py: | i w) . (6.29)
=1 =1
As defined in (6.26), the prior over w is a left-truncated Gaussian, and there-
fore, exact Bayesian inference is intractable. However, the EM algorithm or
EP algorithm can be employed to generate an MAP solution, leading to an
approximation of the sparse weight vector [Chen et al., 2006, 2009].
For classification, the ensemble output is formulated as

H(z) =2 (w'h(z)), (6.30)
where ®(z) = [*_N(t | 0,1)dt is the Gaussian cumulative distribution

function. The class label of  is +1 if H(x) > 1/2 and 0 otherwise. As above,
the posterior of w can be derived as

N m
plw | X,y, ) o [[p(wi | i) [T @(wiw " h(z:)), (6.31)
i=1 =1
where both the prior p(w; | «;) and the likelihood ®(y;w " h(z;)) are non-

Gaussian, and thus, the EM algorithm or the EP algorithm is used to obtain
an MAP estimation of the sparse weight vector [Chen et al., 2006, 2009].
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6.7 Further Readings

Tsoumakas et al. [2009] provided a brief review on ensemble pruning
methods. Herndndez-Lobato et al. [2011] reported a recent empirical study
which shows that optimization-based and ordering-based pruning meth-
ods, at least for pruning parallel regression ensembles, generally outper-
form ensembles generated by AdaBoost.R2, Negative Correlation and several
other approaches.

In addition to clustering, there are also other approaches for selecting
the prototype individual learners, e.g., Tsoumakas et al. [2004, 2005] picked
prototype individual learners by using statistical tests to compare their in-
dividual performance. Hernandez-Lobato et al. [2009] proposed the instance-
based pruning method, where the individual learnefs selected for making
prediction are determined for each instance sepdarately. Soto et al. [2010]
applied the instance-based pruning to pruned.énsembles generated by other
ensemble pruning methods, yielding the dowble piuning piethod. A similar
idea has been described by Fan et al. [2002].

Ifeach individual learner is viewed astafancy feature extractor [Kuncheva,
2008, Brown, 2010], it is obvious that ensemble pruning has close relation
to feature selection [Guyon and Elisseeff}2003]/and new ensemble pruning
methods can get inspiration fr@m feéaturei\selection techniques. It is worth
noting, however, that the different natures of ensemble pruning and fea-
ture selection must be cofisideredyFor example, in ensemble pruning the
individual learners predict the same target and thus have the same physical
meaning, while in featureiselection the features usually have different phys-
ical meanings; the individual learners are usually highly correlated, while
this may not be the case for features in feature selection. A breakthrough in
computer vision of the last decade, i.e., the Viola-jones face detector [Viola
and Jones, 2004], actually can be viewed as a pruning of Harr-feature-based
decision stump ensemble, or selection of Harr features by AdaBoost with a
cascade architecture.





