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ABSTRACT

Diversity of a classifier ensemble has been shown to benedit ov
all classification performance. But most conventional roéthof
training ensembles offer no control on the extent of divgrsind are
meta-learners. We present a method for creating an enseritie
verse maximum entropypMaxEnt) models, which are popular in
speech and language processing. We modify the objectivatifun
for conventional training of a MaxEnt model such that itgootpos-
terior distribution is diverse with respect to a referenaedel. Two
diversity scores are explored — KL divergence and posteriass-
correlation. Experiments on the CoNLL-2003 Named Entitgdte
nition task and the IEMOCAP emotion recognition databasmvsh
the benefits of @MaxEnt ensemble.

Index Terms— Maximum entropy model, classifier diversity

1. INTRODUCTION

Ensembles of multiple experts have out-performed singleers
in many pattern classification tasks. Well-known examphetuide
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error towards zero. AdaBoost can also be viewed as minigittia
exponential loss between the training and predicted label.

As noted in [7], the diversity of classifiers in an ensemble is
crucial for its overall performance. Ueda and Nakano [8]sider
diversity in an ensemble of regressors and derive a bidanas-
covariance decomposition for the average regressor’s sgqaared
error. The mean squared error reduces as the pairwise itjviees
tween individual regressors (accounted for by the covaaarrm)
increases. Tumer and Ghosh [9] extend the analysis to fitag&in
by treating it as regression over the class posteriors. @tiienal
error of the ensemble over the Bayes optimal error is showreto
dependent on the correlation coefficient between clasgpost.

A typical approach to introduce diversity is to use radicadlif-
ferent classifiers and/or feature sets. However, this doesffer ex-
plicit control on the extent of diversity achieved. Baggaryl boost-
ing also suffer from this issue, and require weak/unstaatefrlas-
sifiers for giving a substantial performance gain. Inspftéhe evi-
dence linking diversity and ensemble performance, onlyaserks
deal with explicity creating diverse classifier ensembliiegative
Correlation Learning [10] involves decorrelating erraienfi the in-
dividual neural networks as part of their training. Anotherk is

the Netflix Challenge [1], the 2009 KDD Orange Cup [2] and pECORATE [11], a meta-learner where the ensemble is bugtein

the DARPA GALE program [3]. Dietterich [4] notes three reaso
which can explain this. First, an ensemble can potentiaiyeHower
generalization error as compared to individual classifi&scond,
the training of most state of the art classifiers (e.g. newedlorks)
involves solving a non-convex optimization problem. Thuwile
the individual classifiers can get stuck in local optima,¢heemble
has a better chance to come close to the global optima. ittadi
true decision boundary for the problem at hand may be too tmmp
for a single classifier and an ensemble may better approgiihat
Two popular methods for training classifier ensembles age ba
ging (bootstrap aggregating) [5] and AdaBoost (adaptivesbo
ing) [6]. Consider a training sef’ containing N' pairs of feature
vectors and target variable§(z., y»)}A—,. Bagging proceeds by
sampling7 with replacement and creatiny/ bootstrapped data
setsTi, ..., Tar. Them!™ classifier (or regressor) is then trained
on 7.,. Given a test feature vectar, results from theM experts
are averaged to yield the estimated target variable. Breioszs
a bias-variance decomposition to prove that in case of ssgne,
the mean squared error of the average regressor is lessrtegoal
to the average mean squared error over the individual regres
The second method, AdaBoost, works by sequentially trgitie
classifiers in the ensemble. The training data for:itfé classifier,
Tm., is created by weighted sampling frain, where greater prob-
ability mass is assigned to the instances which are mistiabby

classifiersl, ..., m — 1. Freund and Schapire have derived an upper

bound on the training error of the ensemble, which indicétes
increasing the size of the ensemble in AdaBoost reducesaiméng

*This work was done during a summer internship at IBM.

mentally with each successive classifier trained on a mixtdiaal
and natural data. Artificial training instances are labeledtrary to
the opinion of the current ensemble.

This paper focusses on training diverse maximum entropx{Ma
Ent) models. MaxEnt models are state of the art classifiensany
domains, especially speech and language processing. To®y p
sess several desirable properties such as flexibility inngddew
features, scalable training, easy parameter estimatidmanimal
assumptions about the posteriors. The next section dissuas
approach for training a diverse MaxE@iMaxEnt) ensemble. We
present experiments and analysis on the CONLL-2003 Nam#tyEn
Recognition task and the IEMOCAP emotion recognition dasab
in section 3. Conclusions and scope for future work are pteskein
section 4.

2. TRAINING A OMAXENT ENSEMBLE

We first review the standard MaxEnt model to set up the notatio
Letz € X andy € Y denote the feature vector and class label
respectively. The maximum entropy principle aims to find abar
bility distribution P(y|x) with maximum entropy subject to the fol-
lowing first order moment constraints for training d&ta

N N

> Er{fi(xa,y)} =D filwa,yn) Vie{l,...F} (1)

=1

where f; is thes'" feature - an arbitrary function of andy. Ep
denotes the expectation with respecti(y|z, ). This problem can



be solved by Lagrange’s method, and the resulting distdbus:

exp(iy Aifi(x,y))
Zyey exp(Zf:l Aifi(@,y))

Pa(ylz) = (2

This expression is the same as for a conventional MaxEnt mode
(Eq. 4), except that a linear combination of the feature etgimn
under Py and@,- is taken. Increasing has the effect of increas-
ing the weight on the expectation from the reference mo@al ).
While it seems that KL divergence should succeed in achigslin

where); are the Lagrange multipliers. The log-likelihood function versity between the models, it can be easily shown that thig mot

of the MaxEnt model over training dafais':

8) = S M@ yn) -

n=1 i=1

log Z () ©)

whereZ(x,) is the normalization sum in the denominator of Eq. 2.

We note thatC(A) is concave in\;Vi. Hence a simple gradient

be the case in practice. Let the reference magigl be trained on
data sefl” using featureg f; }/_, by maximizingZ(A’). Upon con-
vergence of its training, the gradient 6fA’) will be zero. Hence:

N N
> Eolfi(wn, )} =Y filwn,yn) Vie{l,...F} (9)

ascent, Newton-Raphson or a quasi-Newton method (such as If P, is trained to be diverse with respect @,, by maximizing
BFGS [12]) can be used to find the maximum likelihood paramete £..:(A) using the same data and feature set, we can substitute the

estimates. The gradient @f{A) is given as:

E)C

Z (fz T, Yn) — EP{fl(mnvy)}) (4)

Our task is to train an ensemble of diverse MaxEnt models. We

first study the simpler case of training a MaxEnt model whité fi
the data well but is diverse with respect to a reference m@uel

A natural way to achieve this is to introduce a diversity ténnthe
log-likelihood function as follows:

Liot(A) = L(A) + aD(Pa, Qar) ®)

wherea > 0 is the diversity weight an®(Pa, Q x-) is the diversity
between the two models. As is noted in [13], there are meltiydys
to capture diversity between two classifiers. We use twatineudi-
versity scores - the Kullback-Leibler (KL) divergence betm pos-
terior distributions and negative posterior cross-catien.

2.1. KL Divergence Diversity

The KL divergence fronQ s (y|x») to Pa(y|zx) is the following
ensemble average:

A (Ylzn)

~(QullF) XS

=3 Quylea) 1o & 6)

yeY

We did not useK L, (Pa||Q4/) due to difficulty in interpreting its
gradient. Adding this expectation over all instances intthaing
data, the modified log-likelihood becomes:

N

)+ Y KLu(@ulIPy)

n=1

Liot(A) = L( O

While £L(A) is concave in\, KL, (Qx||Pa) is convex, attaining

a minimum value of) at A = A’. Thus the overall objective func-
tion is neither concave nor convex and one can only hope trobt
locally optimal estimates of. Furthermore, KL divergence can po-

tentially approachtoco, making the objective function unbounded.

The gradient ofZ;.¢(A) can be written as:

N

= Z (fz‘(l“myn)

n=1

~ (1= )Bp{fi(2n,9)} + aBo{fi(zn,y)}])

OLot(A)
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1penalizing this function by thé; and Ly norms ofA has been empiri-
cally shown to give performance benefits.

above equation in Eq. 8 and arrive at the following result:

N

= (=) Y (filenyn) - Er{fi(en)}) (10)

n=1

8£iot (A)
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Hence the gradients for a MaxEnt affflaxEnt are the same
upto a scalar multiple. At a local optima, the parametemesties
will satisfy the same constraint as in the case of a conveatiglax-
Ent model. This problem with KL divergence can be mitigated t
some extent by using distinct training sets or featureg)foand Px .
However it necessitates the search for another diversiyescThe
next subsection introduces posterior cross-correlatidhis end.

2.2. Posterior Cross-Correlation (PCC) Diversity

Making a simplistic assumption, consider independentosemdari-
ablesyp ~ P(y|z) andyg ~ Qa/(y|z). The conditional proba-
bility of them being unequal is:

Pr{yr # yolz} =1- 3 Pa(yle)Qa (ylo)

yey

(€]

Thus, negative cross-correlation between the two postdistribu-
tions is a natural diversity score. The modified log-likeld func-
tion can be written as follows:

A) -« Z Z Pa(y|zn)Quar (y|zn)

n=1yey

Liot(A) =L (12)

This objective function is again neither convex nor concavew-
ever, unlike KL divergence, it has the following finite bognd

S Palylen)Qu(ylen) < masx Qu (yln)

min Qa (y|zn) <
yey ey

The gradient can be shown to be equal to:

Z fl mnvyn

N zmun)aEm{ﬁEmn, )]

wherePQx as (y|zx) is the normalized product distribution:

Qar (Yl7n) Pa(y|zn)
Zpq(wn)

andZpq(zn) = >, cy Qar (y|zn) Pa(y|zs) is the normalization
constant. The above gradient is similar to the one for KL idjeace

acm =11 = Zpo(zn)e) Ep{ fi(zn,y)}

13)

PQun (ylzn) =

(14)



except for two modifications — expectation with respect ®ophod-
uct distribution is used instead 6}, and the linear combination
weights become dependent on the instange Thus, for instances

whereZpq (z,) is high (i.e. the current and reference model poste-

riors are highly correlated), more weight is given to theestption
with respect to the product distribution. In effect, the ralodeviates
more from the ML estimate in these instances. Also, in casdeni
tical training sets and features for the two models, theigradloes
not reduce to the standard MaxEnt model’s gradient. Till ,noe
have discussed a method to train a MaxEnt mddeto be diverse
with respect to another MaxEnt mod@l,.. The next subsection
discusses one possible method in which an ensembie of 2
oMaxEnt models can be trained.

2.3. Sequential Training of adMaxEnt Ensemble

Consider the training of an ensemble df MaxEnt classifiers
Pa,, ..., Pa,, with corresponding training sefg, ..., Tas. A sim-
ple strategy is to train the ensemble sequentially. Let MeKE)
denote a function which trains a conventional MaxEnt moaefo
and returns the parameteks Let OMaxEnt(T,Q »/,«,A%) denote a
function which trains &@MaxEnt model on7” with respect taQ 5
using o as the diversity weight and® as the initial value of the
parameters. The sequential training process is as follows:

e Train modell: A; = Maxent(/1).
e Form=2—-M
— Initialize: A%, = Maxent(T;,.).
— Interpolate models, ..., m — 1:
Qylzn) = 755 X015 Pa, (ylza)
VyeY,ne{l,..,|Tnl}
— Train modelm: A, = OMaxEnt(T,,,Q,a,AS,)

| Identical training sets | Dev set| Eval set|

1 MaxEnt model 91.22 86.75

5 KL-OMaxEnt (g = 1.66) 91.31 86.73
(e = 1.58) - 86.77

5 PCCOMaxEnt (g = 1.46) 91.70 87.05
(e = 1.27) - 87.25

Bagged training sets

5 MaxEnt models 90.49 85.98

5 KL-OMaxEnt (g = 0.24) 90.62 86.15
(e = 0.13) - 86.34

5 PCCOMaxEnt (g = 1.45) 91.21 86.74
(e = 1.45) - 86.74

Table 1. NER F1 scores for 5 MaxEnt an@MaxEnt models us-
ing KL/PCC diversity.a,y anda. denote the best values aftuned

on the development and evaluation set respectively. Vatubsld

indicate a statistically significant improvement over thaxXint en-
semble at the 5% level using McNemar's test.

88

&— 0 MaxEnt Ensemble (c(d)

9 MaxEnt Ensemble (c(e)
875

—©— Bagged Ensemble

Eval set F1 score

i i i i i
5 10 15 20 25
Number of models

Since the objective function is no longer concave, we train a )
dMaxEnt model in two passes. The first pass finds the ML esFig. 1. F1 score on the NER evaluation set for PGMaxEnt and

timates of the parameters. The second pass perfaiutexEnt
training using the ML parameters as the starting point. €hsures
that L-BFGS converges at a local maxima which is not too famfr

bagged ensembles of increasing sizg.was tuned on the develop-
ment set andv. on the evaluation set.

the ML estimate while ensuring diversity is tuned based on F1 models give an appreciable increase in performance. Inadbke ¢

score on a development set.
all classifiers in the ensemble are fused by simple pluralitpre
sophisticated ways of classifier fusion were not experiegntith
since they are not the focus of this paper.

3. EXPERIMENTS AND RESULTS

During the test phase, labets froof bagged training sets, KL divergence is able to achieveigstt

cally insignificant performance gain over 5 MaxEnt modelgwH
ever, PCC-basedMaxEnt models still perform significantly better.
We note that in [16], gradient boosting with 10000 2-leveatid®n
trees and Newton-Raphson optimization of the exponertsa Was
shown to give a similar gain over a MaxEnt model.

Since PCC performs significantly better than KL divergemee,

The CoNLL-2003 Named Entity Recognition (NER) Task has fouranalyse it further. Figure 1 shows the F1 score on the evatuaét

types of named entities - persons, locations, organizao mis-
cellaneous [14]. The English task consists of news wirgetdrom

with an increasing number of models (1 to 25). The perforraafc
bagging saturates much earlier than thdaxEnt ensemble. Thus

the Reuters corpus between August 1996 and August 1997. &tle usthe relative performance improvement of thdaxEnt ensemble in-
binary features from Stanford’s NER system which includedvo creases as the number of models is increased. The perfoerfamc

identity, POS tags, word character N-grams etc [15]. Oabjirain-
ing, development and evaluation sets were used. Perfoenaas
measured in terms of the F1 score for named entity detectidh [

a. indicates an upper bound on the performance foralaxEnt
ensemble. As a final analysis of tiddaxEnt model with PCC
diversity, Figure 2 shows the variation of the developmesitFsl

Table 1 shows the F1 scores for ensembles of 5 conventionaicore and average log-likelihood for an ensemble of 5 moaliths
MaxEnt andoMaxEnt models using the two diversity scores. Two increasingx. The F1 score increases withuntil arounda = 1.45,

cases are considered — when the 5 training sets are ideatidal
when they are created by bagging. We can observed that fatigee
training sets, KL divergence gives almost the same perfocamas 1
MaxEnt model. The minute difference is due to deliberateatimo
ing of the posterior distributions to prevent KL divergeriiaam be-
coming indeterminate. On the other hand, PCC-ba#ddxEnt

after which it starts decreasing again. Furthermore, itabeur
becomes more variable with increasiag)ecause the optimization
problem is become more non-concave. It is interesting te it
the log-likelihood remains practically constant until= 1, while
the F1 score increases significantly over the same range dibipe
in log-likelihood froma = 1 to 1.45 does not adversely impact the
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for optimization. We need to explore ways to train diversedeis
while retaining concavity. Second, since gradient bogssinows a
similar gain over a MaxEnt model (albeit with thousands ofdmo
els in the ensemble), the link between popular variants oktiog
and ensemble diversity needs to be explored. Finally, msigo
the choice of diversity scores for a given ensemble and datals
required.

[1]
(2]

Fig. 2. F1 score and average log-likelihood for the NER develop-

ment set with increasing diversity weight Five 9MaxEnt models
were used with PCC diversity on bagged data.

Identical training sets Dev set| Eval set
1 MaxEnt model 43.79 44.64
5 PCCHMaxEnt (@g = 0.33) | 48.73 48.10
(e =0.33) - 48.10

Bagged training sets

5 MaxEnt models 43.01 43.65
5 PCCOMaxEnt (og = 0.52) | 46.74 | 46.09
(e =0.68) - 47.09

Table 2. Weighted F1 scores for emotion classification with 5 mod-

els on the IEMOCAP database.

performance.

Next, we conducted emotion classification experiments en th
It is an acted, multimodal and multi-

IEMOCAP database [17].
speaker database consisting of dyadic sessions wheres aut®r
asked to elicit emotional expressions. Each session wadelhb
by multiple human evaluators in terms of 4 categorical eamsti-

{angry, happy, sad, neuttal The multiple labels were fused using

simple plurality and sessions where a tie occured were dgdlu

A total of 5498 sessions were used, and 385 acoustic-pmsod

features from the OpenSMILE toolkit [18] were extracted. e3é
included pitch, energy, Mel-filter bank coefficients andirthger-
session statistics. Table 2 shows the classification padnce.

(3]
[4]
5]
(6]

[7]
(8]
9]

(10]

[11

112]

The OMaxEnt model ensemble performs significantly better thanl13]
1 MaxEnt model trained on the entire data and 5 MaxEnt models

trained on bagged data. With 25 models, we get an additiomal i
provement of approximately 1-2%. This shows the benefit ofgus

the OMaxEnt ensemble on a more difficult classification task with[14]

continuous features.

4. CONCLUSION AND SCOPE FOR FUTURE WORK

This paper presented a method to create diverse ensembiesxef
Ent models. Two intuitive diversity scores were explored |- K
divergence and negative posterior cross-correlation. eExgents

(19]

(16]

conducted on two classification tasks (the CoNLL-2003 Named

Entity Recognition Task and the IEMOCAP emotion classifarat
database) show the advantages of trainiriVaxEnt ensemble. It
was demonstrated that under reasonable assumptions, &lgdivce
achieves no gain in performance, while posterior crosgetation
performs significantly better. There are multiple direstidor future
work. Introduction of a diversity term in the standard MaxErodel
objective function made it non-concave — an undesirabl@enty

(17]

(18]
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