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Abstract than or equal to their value on all other parses. Also,

We present an approach to bounded constrainfff large features sets are generated automatically

relaxation for entropy maximization that corre- rom conjunctions of simple feature tests, many fea-

sponds to using a double-exponential priof oreg- ﬁurets will t;e rtladundan:. I?r(]eadesbcl)verflt?r)g, Iarged
ularizer in likelihood maximization for log-linear eature sets aiso create he problem of Increase

models. We show that a combined incremental fea'Elme and space complexity.

ture selection and regularization method can be es- COmMmon techniques to deal with these problems
tablished for maximum entropy modeling by a nat-2'€ regularization and featur_e selection. For' ME
ural incorporation of the regularizer into gradient- Mdels, the use of afy regularizer, corresponding
based feature selection, following Perkins et all0 Imposing a Gaussian prior on the parameter val-
(2003). This provides an efficient alternative to stan-U€S, has been proposed by Johnson et al. (1999) and
dard ¢, regularization on the full feature set, and Chen and Rosenfeld (1999). Feature selection for

a mathematical justification for thresholding tech-ME models has commonly used simple frequency-
niques used in likelihood-based feature selectionbased cut-off, or likelihood-based feature induction

Also, we motivate an extension to-best feature @S introduced by Della Pietra et al. (1997). Whereas

selection for linguistic features sets with moderate’2 "€gularization produces excellent generalization
redundancy, and present experimental results shovp€"formance and effectively avoids numerical prob-
ing its advantage ovep, 1-best;, /> regularization lems, parameter values almost never decrease to

and over standard incremental feature selection fof€r0. leaving the problem of inefficient computa-

the task of maximum-entropy parsiAg. tlon_ with the full featurg set. In contrast, feature_ se-
lection methods effectively decrease computational
1 Introduction complexity by selecting a fraction of the feature

, . , set for computation; however, generalization per-
The maximum-entropy (ME) principle, which pre- ¢5rmance suffers from the ad-hoc character of hard
scribes choosing the model that maximizes the eng,resholds on feature counts or likelihood gains.
tropy Ol.Jt of all models that satlgfy given fegtur.e Tibshirani (1996) proposed a technique based on
constralnts, can be Seen as g'bunt-m regu_larlzauogl regularization that embeds feature selection into
mechanlsr_n _that avoids overfitting t_he training dataTegularization such that both a precise assessment of
However, it is only a weak regularizer that cannoly, o re|iapility of features and the decision about in-
avoid overfitting in situations where the number Ofclusion or deletion of features can be done in the

training examples is significant!y sr_naller than thesame framework. Feature sparsity is produced by
number of features. In such situations some feafhe polyhedral structure of thg norm which ex-
tures will occur zero times on the training set and

: e : _ hibits a gradient discontinuity at zero that tends to
receive negative infinity weights, causing the as

: s . ) .“Torce a subset of parameter values to be exactly
signment of zero probabilities for inputs including

zero at the optimum. Since this discontinuity makes

those features. Similar assignment of (negative) 'nbptimization a hard numerical problem, standard

f|n_|ty weights happens to features that are .pseUdogradient-based techniques for estimation cannot be
minimal (or pseudo-maximal) on the training set

. applied directly. Tibshirani (1996) presents a spe-
(see Johnson et al. (1999)), that is, features Whosg,ji7ed optimization algorithm fof, regularization

value on correct parses always is less (or greate jinear least-squares regression called the Lasso

'This research has been funded in part by contractalgorithm' Goodman (2003) and Kazama and Tsujii

MDA904-03-C-0404 of the Advanced Research and Develop{2003) employ standard iterative scaling and con-
ment Activity, Novel Intelligence from Massive Data program. jugate gradient techniques, however, for regulariza-




tion a simplified one-sided exponential prior is em-The regularizer familyQ,(\) is defined by the
ployed which is non-zero only for non-negative pa-Minkowski ¢, norm of the parameter vectok
rameter values. In these approaches the full fearaised to thep' power, i.e.|A[f = S0, [A|P.
ture space is considered in estimation, so saving¥he essence of this regularizer family is to penalize
in computational complexity are gained only in ap-overly large parameter values.if = 2, the regu-
plications of the resulting sparse models. Perkinsarizer corresponds to a zero-mean Gaussian prior
et al. (2003) presented an approach that combinegistribution on the parameters withcorresponding
¢, based regularization with incremental feature seto the inverse variance of the Gaussianp If= 0,
lection. Their basic idea is to start with a model in the regularizer is equivalent to setting a limit on the
which almost all weights are zero, and iteratively maximum number of non-zero weights. In our ex-
decide, by comparing regularized feature gradientsperiments we replacé, regularization by the re-
which weight should be adjusted away from zerolated technique of frequency-based feature cutoff.
in order to decrease the regularized objective func- ¢; regularization is defined by the case where
tion by the maximum amount. Thig regularizeris p = 1. Here parameters are penalized in the sum
thus used directly for incremental feature selectionpf their absolute values, which corresponds to ap-
which on the one hand makes feature selection fasplying a zero-mean Laplacian or double exponential
and on the other hand avoids numerical problemsrior distribution of the form
for zero-valued weights since only non-zero weights
are included in the model. Besides the experimental , L bl
) . p()\z) €
evidence presented in these papers, recently a theo-
retical account on the superior sample complexity of . 1o . .
¢, over(, regularization has been presented by NgV!th 7 = 7 being proportional to the inverse stan-
(2004), showing logarithmic versus linear growth in dard deviation/27. In contrast to the Gaussian, the
the number of irrelevant features fér versus¢,  Laplacian prior puts more mass near zero (and in
regularized logistic regression. the tails), thus tlghyenmg the prior by decreasing
In this paper, we apply; regularization to log- Fhe_standar_d deV|at|qr_| provides stronger regular-
linear models, and motivate our approach in terméZatlon against overf|tt|_ng and produces more zero-
of maximum entropy estimation subject to relaxedv""luel)d .par.amefter estimates. In te[)msfpf?qrmd b
constraints. We apply the gradient-based feature s Egl; alllrlze}tlon,beature' sp_a?lty can be expiained by
lection technique of Perkins et al. (2003) to our' € 01owing o servation: Since every non-zero pa-
framework, and improve its computational com- _rameter\_/velghtmcurs_a.re_gglarlzer penaltyyd)m,
plexity by ann-best feature inclusion technique. :ti I(;rc])ntr(ljb#tlon to mlr_urrr]uzhmg thel negﬁtlve log-
This extension is tailored to linguistically motivated Ikelihood has to outweigh this penaty_.T us param-
feature sets where the number of irrelevant feature§ " values where the gradieniat- 0 is
is moderate. In experiments on real-world data from OL(N)
maximum-entropy parsing, we show the advantage ’ N ‘
of n-bestl; regularization ovet,, ¢1, £, regulariza- ¢
tion and standard incremental feature selection iggn pe kept zero without changing the optimality of
terms of better computational complexity and im-tne solution.
proved generalization performance.

<~ 1)

3 Bounded Constraint Relaxation for
Maximum Entropy Estimation

As shown by Lebanon and Lafferty (2001), in terms
Siig Nifizy) s of convex duality, a regularization term for the dual
Let = *==— 757 be a conditional ’ .

?"my) o ezimt Nifil®) . problem corresponds to a “potential” on the con-
log-linear model defined by feature functiofi@nd  straint values in the primal problem. For a dual
log-parametera. For data{ (x;, ;) } -, the objec-  problem of regularized likelihood estimation for
tive function to be minimized i, regularization of  |og-linear models, the corresponding primal prob-

2 (, Regularizers for Log-Linear Models

the negative log-likelihood.(X) is lem is a maximum entropy problem subject to re-
laxed constraints. Leil (p) denote the entropy with
CA) = L)+ %N respect to probability functiop, andg : R™ — TR
Lo be a convex potential function, apd] andp[-] be
= —— Inpalz;ly) + YAl expectations with respect to the empirical distribu-
m

j=1 tion ﬁ(may) = %Z;nzl 5(x]ax)5(yjay) and the



model distributiorp(z|y)p(y). The primal problem | Initialization: Initialize selected feature$to ¢, and
can then be stated as zero-weighted features to the full feature set
o _ yielding the uniform distributiom ) g)-
Maximize H (p) — g(c) subject to n-best grafting: For stepg =1,...,7,

plfil =plfil =ciyi=1,...,n (1) for all featuresf; in Z(t=1), calculate

Constraint relaxation is achieved in that equality of
the feature expectations is not enforced, but a certai
amount of overshooting or undershooting is allowed
by a parameter vecterc IR"™ whose potential is de- ® (t-1) ® ® (t-1)
termined by a convex functiaf(c) that is combined (Z)tS =5 oo N®andZ™ = Z¥7 \

with the entropy ternt (p). N® where N® is the set ofn-best features

passing the testin (1),

(3) perform conjugate gradient optimization to
find the optimal modelpy. ¢y where X is

LA™Y, 5t-D)
O

>

>

In the case of, regularization, the potential func-
tion for the primal problem is a quadratic penalty

L5 2 = 14 =
of the form 5, > ;¢ for v = Zgi = 1,....m initialized at AC~D, and A® = A" =
(Lebanon and Lafferty, 2001). In order to recover arg max C(X, SM).
A

the specific form of the primal problem for our case,
we have to start from the given dual problem. Fol-| Stopping condition: Stop if for all f; in Z(¢=1):
lowing Lebanon and Lafferty (2001), the dual func-
tion for regularized estimation can be expressed in
terms of the dual function (py, A) for the unregu-
larized case and the convex conjugaté\) of the
potential functiong(c). In our case the negative of Figure 1:n-best gradient feature testing
A(pa, ) corresponds to the likelihood term(\),
and the negative of the convex conjugaté)) is
the ¢, regularizer. Thus our dual problem can be
stated as

ALY st-D)
O

<7

For features that meet the constraints without pa-

rameter adjustment, parameter values can be kept at

zero, effectively discarding the features. Note that

A = argmax Alpa A) — g5 (A equality of equations 3 a_nd _1 connects t_he maxi-
& (P2, A) = g(X) mum entropy problem to likelihood regularization.

= in L(A K o
are (3 + 7l Al 4 Standardization

Since for convex and closed functions, the con-NOte that the2, regularizer presented above penal-

jugate of the conjugate is the original function, i.e.z€S theé model parameters uniformly, correspond-

¢** = ¢ (Boyd and Vandenberghe, 2004), the poten-'ng to imposing a uniform variance onto all model
tial function g(c) for the primal problem can be re- parameters. This motivates a normalization of in-

covered by calculating the conjugate of the con- put daj[a to the _same.scale. A standard technique
jugateg*(A) = ~||A||!. In our case, we get to achieve this is to linearly rescale each feature

count to zero mean and standard deviation of one

0 Jleflos <~ over all training data. The same rescaling has to be
97 (c) = g(c) = { ~ otherwise (3  done for training and application of the model to un-
seen data. As we will see in the experimental evalua-
where ||c|lsc = max{|ci|,...,|ca|}. A proof for tion presented below, a standardization of input data

this proposition is given in the Appendix. The re- can also dramatically improve convergence behav-
sulting potential functiom(c) is the indicator func-  ior in unregularized optimization . Furthermore, pa-
tion on the interval—v,~]. That is, it restricts the rameter values estimated from standardized feature
allowable amount of constraint relaxation to at mostcounts are directly interpretable to humans. Com-
+~. From this perspective, increasingneansto al- bined with feature selection, interpretable parame-
low for more slack in constraint satisfaction, which ter weights are particularly useful for error analysis
in turn allows to fit a more uniform, less overfit- of the model's feature design.

ting distribution to the data. For features that are in- .

cluded in the model, the parameter values have tobe  Incremental n-best Feature Selection

adjusted away from zero to meet the constraints  The basic idea of the “grafting” (for “gradient fea-
~ . ture testing”) algorithm presented by (Perkins et al.,
plfil =plfill <7, i=1,...,n ®3) 2003) is to assume a tendency/fregularization



to produce a large number of zero-valued paramThe sign of)\; decides ify is added or subtracted
eters at the function’s optimum, thus to start withfrom the gradient for featurg;. For a feature that
all-zero weights, and incrementally add features tds newly added to the model and thus has weight
the model only if adjusting their parameter weights\; = 0, we use the feature gradient test to determine
away from zero sufficiently decreases the optimizathe sign. |f3§§?\) > ~, we know that8g§_>‘) > 0,

tion criterion. This idea allows for efficient, incre- thus we let sigz(v\l-) — _1in order to def:reasé’.

mental feature selection, and at the same time avoi , - AL
. . o ollowing the same rationale, =~ < —y we
numerical problems caused by the discontinuity o ) . O )
set sigri\;) = +1. An outline of ann-best grafting

the gradient in¢; regularization. Furthermore, the _ ) . g

regularizer is incorporated directly into a criterion @l90rithm is given in Fig. 1.
for feature selection, based on the observation madg
above: It only makes sense to add a feature to the
model if the regularizer penalty is outweighed by6.1 Train and Test Data

the reduction in negative log-likelihood. Thus fea- In the experiments presented in this paper, we eval-
tures considered for selection have to pass the foluate ¢5, ¢, and ¢, regularization on the task of

Experiments

lowing test: stochastic parsing with maximum-entropy models
OL(N For our experiments, we used a stochastic parsing
(A) > system for LFG that we trained on section 02-21
ox |77
1

of the UPenn Wall Street Journal treebank (Mar-

In the grafting procedure suggested by (Perkin<Us et al., 1993_) by discriminative estimation_of a
et al., 2003), this gradient test is applied to each fea¢onditional maximum-entropy model from partially
ture, and at each step the feature passing the te@P€led data (see Riezler et al. (2002)). For esti-
with maximum magnitude is added to the model Mation an(_j best—par_se searching, efficient dynamic-
Adding one feature at a time effectively discardsProgramming techniques over features forests are

noisy and irrelevant features, however, the overhea@MPloyed (see Kaplan et al. (2004)). For the setup
introduced by grafting can outweigh the gain in ef. Of discriminative estimation from partlally_ I_abeled
ficiency if there is a moderate number of noisy angdata, we found t_hat a restriction of the training data
truly redundant features. In such cases, it is bend® Sentences with a relatively low ambiguity rate
ficial to add a number of, > 1 features at each Was possible at no loss in accuracy compared to

step, where: is adjusted by cross-validation or on a training from all sentences. Furthermore, data were

held-out data set. In the experiments on maximum/Yestricted to sentences of which a discriminative

entropy parsing presented below, a feature set of linlamer can possibly take advantage, i.e. sentences
guistically motivated features is used that exhibitsVhere the set of parses assigned to the labeled string
only a moderate amount of redundancy. We will sedS & Proper subset of the parses assigned to the un-
that for such cases-best feature selection consid- labeled string. Together with a restriction to exam-

erably improves computational complexity, and alsoP!€S that could be parsed by the full grammar and

achieves slightly better generalization performancedid not have to use a backoff mechanism of frag-
After addingn > 1 features to the model in ment parses, this resulted in a training set of 10,000

a grafting step, the model is optimized with re- examples with at most 100 parses. Evaluation was

spect to all parameters corresponding to currenthfion€ on the PARC 700 dependency bankhich

included features. This optimization is done by call-'S @1 LFG annotation of 700 examples randomly
ing a gradient-based general purpose optimizatioffXtracted from section 23 of the UPenn WSJ tree-
routine for the regularized objective function. We Pank. To tune regularization parameters, we split the
use a conjugate gradient routine for this IourlooséDARC 700 into a heldout and test set of equal size.

(Minka, 2001; Malouf, 200%) The gradient of our g2 Feature Construction

criterion with respect to a parameteyis: Table 1 shows théa1 feature templates that were

C(N) 1 &AL used in our experiments to credte, 109 features.
D = m Z 3 + v sign(\;) On the around 300,000 parses for 10,000 sentences
t M= ¢ in our final training set] 0, 986 features were active,

2Note that despite gradient feature testing, the parameter%?sumng In a m"’_‘t“x of active featwes times parses
for some features can be driven to zero in conjugate gradientat has 66 million non-zero entries. The scale of

optimization of the/; -regularized objective function. Care has this experiment is comparable to experiments where
to be taken to catch those features and prune them explicitly ta
avoid numerical instability. Shttp://www2.parc.com/istl/groups/nitt/fsbank/




Table 1:

Feature templates

name | parameters | activation condition
Local Templates
cslabel label constituentabelis present in parse
csadjlabel parentlabel, constituenthild_labelis
child_label child of constituenparentlabel
csright_ branch constituent has right child
csconjnonpar | depth non-parallel conjuncts withidepthlevels
fs_attrs attrs f-structure attribute is one @ittrs
fs_attr_value attr, value attributeattr has valuevalue
fs_attr subsets | attr sum of cardinalities of subsets aftr
lex_subcat pred args sets verbpredhas one ofrgs setsas arguments
Non-Local (Top-Down) Templates
csembedded | label, size chain ofsizeconstituents
labelediabelembedded into one another
cssuhlabel ancestorlabel, constituentlescendantabel
descendantabel | is descendant ancestorlabel
fs_auntsubattr | aunts parents one ofdescendants descendant of one of
descendants parentswhich is a sister of one aunts

much larger, but sparser feature sets are empfoyedand/or forest is exploited for dynamic programming
The reason why the matrix of non-zeroes is lescomputation in estimation and best parse selection.
sparse in our case is that most of our feature tem- .
plates are instantiated to linguistically motivated6'3 Experimental Results
cases, and only a few feature templates encode allable 2 shows the results of an evaluation of five
possible conjunctions of simple feature tests. Redifferent systems of the test split of the PARC 700
dundant features are introduced mostly by the latdependency bank. The presented systems are unreg-
ter templates, whereas the former features are gemtlarized maximum-likelihood estimation of a log-
eralizations over possible combinations of grammatinear model including the full feature setnlg),
constants. We conjecture that feature sets like thi§tandardized maximum-likelihood estimation as de-
are typical for natural language applications. scribed in Sect. 4std), ¢, regularization using
Efficient feature detection is achieved by a com-frequency-based cutoff; regularization using:-
bination of hashing and dynamic programming onbest grafting, and’; regularization using a Gaus-
the packed representation of c- and f-structureSian prior. A"fp regularization runs use a standard-
(Maxwell and Kaplan, 1993). Features can be deization of the feature space. Special regularization
scribed as local and non-local, depending on the sizBarameters were adjusted on the heldout split, re-
of the graph that has to be traversed in their compusulting in a cutoff threshold o016, and penaliza-
tation. For each local template one of the parametion factors of20 and 100 for ¢; and ¢, regular-
ters is selected as a key for hashing. Non-local feaization respectively, with an optimal choice &0
tures are treated as two (or more) local sub-featuredeatures to be added in eaehbest grafting step.
Packed structures are traversed depth-first, visiting€rformance of these systems is evaluated firstly
each node only once. Only the features keyed onvith respect to F-score on matching dependency re-
the label of the current node are considered fofations. Note that the F-score values on the PARC
matching. For each non-local feature, the contextg00 dependency bank range between a lower bound
of matching subfeatures are stored at the respectivef 68.0% for averaging over all parses and an upper
nodes, propagated upward in dynamic programind)ound 0f83.6% for the parses producing the best
fashion, and conjoined with contexts of other sub-possible matches. Furthermore, compression of the
features of the feature. Fully matched features aréull feature set by feature selection, number of con-
associated with the corresponding contexts resultinggate gradient iterations, and computation time (in
in a feature-annotated and/or-forest. This annotatefours:minutes of elapsed time) are repofted.

“For example, Malouf (2002) reports a matrix of non-zeroes  °All experiments were run on one CPU of a dual processor
that has 55 million entries for a shallow parsing experimentAMD Opteron 244 with 1.8GHz clock speed and 4GB of main
where 260,000 features were employed. memory.



Table 2: F-score, compression, number of iterationsgUiStically motivated feature sets with only a mod-

. ! ._~@rate amount of truly redundant features, it is crucial

and elapsed time for unregularized and standardize, .
. - o9 0 choose the right numberof features to be added

maximume-likelihood estimation, and}, ¢1, and/,

o : in each grafting step. The number of conjugate gra-
regularization on test split of PARC 700 dependencydiem ite?rjationsg dec?eases rapidly in thejngmbe% of

bank. features added at each step, whereas F-score evalu-
mle std % o | ated on the test set does not decrease (or increases
E-score|l 779 | 781 | 781 | /89| 793 slightly) until more than 100 features are added in
compr. 0 0 184 | 0 | 827 each step. 100-best grafting thus reduces estimation
cgits. 761 371 | 372 | 34 | 226 time by a factor of 10 at no loss in F-score compared
time | 129:12] 66:41| 60:47 | 6:19 | 5:25 to 1-best grafting. Further increasimgresults in a

significant drop in F-score, while smalleris com-
putationally expensive, and also shows slight over-

Unregularized maximume-likelihood estimation training effects.

using the full feature set exhibits severe overtraining

problems, as the relation of F-score to the numbefable 3: F-score, compression, number of itera-
of conjugate gradient iterations shows. Standardtions, and elapsed time for gradient-based incre-
ization of input data can alleviate this problem by mental feature selection without regularization, and
improving convergence behavior to half the num-With 2, and/; regularization on test split of PARC
ber of conjugate gradient iteration, regulariza- 700 dependency bank.

tion achieves its maximum on the heldout data for a i i
threshold of16, which results in an estimation run mie-ifs | o-ifs | 4y
that is slightly faster than standardized estimation F-score| /8.8 | 7/9.1]79.3
using all features, due to a compression of the full compr. 832'01 217'1 22267
feature set by18%. ¢, regularization benefits from Ct?n']t: 604 | 656 | 575
a very tight prior (standard deviation 6f1 corre- : : :
sponding to penalty00) that was chosen on the

heldout set. Despite the fact that no reduction of the |n another experiment we tried to assess the rel-
full feature set is achieved, this estimation run in-ative contribution of regularization and incremental
creases the F-score 18.9% and improves compu- feature selection to thé -grafting technique. Re-
tation time by a factor 020 compared to unregular- sults of this experiments are shown in Table 3. In
ized estimation using all feature&. regularization  this experiment we applied incremental feature se-
for n-best grafting, however, even improves uponjection using the gradient test described above to un-
this result by increasing the F-score®.3%, fur-  regularized maximum-likelihood estimatiomle-
ther decreasing computation time to 5:25 hours, at &s) and/,-regularized maximum-likelihood estima-

compression of the full feature set&$%. tion (¢o-ifs). Threshold parameterg are adjusted
on the heldout set, in addition to and independent
708 [ T ore of regularization parameters such as the variance

Num CG Iterations - -+

of the Gaussian prior. Results are compared;to
regularized grafting as presented above. For all runs
a number of 100 features to be added in each graft-
| N CG Terations ing step is chosen. The best result for thie-ifsrun
- 100 is achieved at a threshold of 25, yielding an F-score
] of 78.8%. This shows that incremental feature se-
] lection is a powerful tool to avoid overfitting. A fur-
Y% ther improvement in F-score t.1% is achieved
775 bt g by combining incremental feature selection with the
1 10 100 1000 10000 . . .
Features Added At Fach Step {5 regularizer at a variance of 0.1 for the Gaussian
prior and a threshold of 15. Both runs provide ex-
Figure 2:n-best grafting withn of features added cellent compression rates and convergence times.
at each step plotted against F-score on test set aridowever, they are still outperformed by the run
conjugate gradient iterations. that achieves a slight improvement in F-score to
79.3% and a slightly better runtime. Furthermore,
As shown in Fig. 2, for feature selection from lin- by integrating regularization naturally into thresh-

~ 1000

F-score78.5




olding for feature selection, a separate thresholdingrable computational and implementational disad-
parameter is avoided if -based incremental fea- vantages of these approaches. More importantly, an

ture selection. integration of¢; regularization into incremental fea-
A theoretical account of the savings in com-ture selection was not considered.
putational complexity that can be achieved by Incremental feature selection has been proposed

best grafting can be given as follows. Perkins effirstly by Della Pietra et al. (1997) in a likelihood-
al. (2003) assess the computational complexity fobased framework. In this approach, an approximate
standard gradient-based optimization with the fullgain in likelihood for adding a feature to the model
feature set bys cmp?r, for a multiplec of p line s used as feature selection criterion, and thresholds
minimizations forp derivatives overn data points, on this gain are used as stopping criterion. Maxi-
each of which has cost. In contrast, for grafting, mization of approximate likelihood gains and gra-
the cost is assessed by adding up the costs for fealient feature testing both are greedy approxima-
ture testing and optimization forgrafting steps as tions to the true gain in the objective function -
R~ (msp+%cms3)7'. Forn-best grafting as proposed grafting can be seen as applying one iteration of
in this paper, the number of steps can be decomNewton’s method, where the weight of the newly
posed intos = n - t for n features added at each added feature is initialized at 0, to calculate the ap-
of ¢ steps. This results in a cost o mtp for fea-  proximate likelihood gain. Efficiency and accuracy
ture testing, andv fcmn®t3r for optimization. If  of both approaches are comparable, however, the
we assume that < n < s, this indicates consid- grafting framework provides a well-defined mathe-
erable savings compared to both 1-best grafting anchatical basis for feature selection and optimization

standard gradient-based optimization. by incorporating selection thresholds naturally as
_ ) _ penalty factors of the regularizer. The idea of adding
7 Discussion and Conclusion n-best features in each selection step also has been

A related approach to/; regularization and investigated earlier in the likelihood-based frame-

constraint-relaxation for maximum-entropy mod-Work (see for example McCallum (2003)). How-
eling has been presented by Kazama and TsuijiVer, the possible improvements in computational
(2003). In this approach, constraint relaxation iscomplexity and generalization performance due to

done by allowing two-sided inequality constraints 7-best selection were not addressed explicitly. Fur-
ther improvements of efficiency of grafting are pos-

—B; < plfi] — plfi] < Ai, A, B; >0 sible by applying Zhou et al.’s (2003) technique of
restricting feature selection in each step to the top-
in entropy maximization. The dual function is the ranked features from previous stages.

regularized likelihood function In sum, we presented an application/fregu-
larization to likelihood maximization for log-linear
1 & & & models that has a simple interpretation as bounded
m Z;Pa—ﬁ(%lyﬂ - Z; aidi — Z; PiBi constraint relaxation in terms of maximum entropy
= 1= 1=

estimation. The presentedbest grafting method
does not require specialized algorithms or simplifi-
cations of the prior, but allows for an efficient, math-

our parameter vectok, anda;, 3; > 0. This reg- : . L
) Lo = ematically well-defined combination of feature se-
ularizer corresponds to a simplification of double-~" o .
lection and regularization. In an experimental eval-

sided exponentials to a one-sided exponential dis-"_". \
N T .~ “uation, we showed-best grafting to outperforry,
tribution which is non-zero only for non-negative

parameters. The use of one-sided exponential pri%'beswl’ f2 regularization and standard incremen-

ors for loai aal feature selection in terms of computational effi-
g-linear models has also been PrOPOSediency and generalization performance

by Goodman (2003), however, without a motiva- y 9 P '

tion in a maximum entropy framework. The fact that

Kazama and Tsuijii (2003) allow for lower and up-

per bounds of different size requires the parameteBtephen Boyd and Lieven Vandenberghe. 2004.

space to be doubled in their approach. Furthermore, Convex Optimization Cambridge University

similar to Goodman (2003), the requirementto work  Press.

with a one-sided strictly positive exponential dis- Stanley F. Chen and Ronald Rosenfeld. 1999.

tribution makes it necessary to double the feature A gaussian prior for smoothing maximum en-

space to account for (dis)preferences in terms of tropy models. Technical Report CMU-CS-99-

strictly positive parameter values. These are consid- 108, Carnegie Mellon University, Pittsburgh, PA.

where the two parameter vectassand 3 replace
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