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ABSTRACT ping features of a complete structure, not only of sub-events, into
the model. Moreover, it can be applied to a probabilistic model of
events that are difficult to divide into independent sub-events, such
as a probabilistic model of feature structures [1].

Rosenfeld’s study of a whole sentence maximum entropy model
[11] had a similar motivation. However, the model was basically
a sequence model, so it could not produce a solution for complex
structures like our model can. Johnson et al. applied a maximum
entropy model to a lexical functional grammar (LFG) [4], but they
ignored the problem of an exponential explosion of unpacked parse
results. We argue that the exponential explosion is inevitable, es-
pecially with large-scale wide-coverage grammars. In such cases,
their method does not work. The forthcoming work of Johnson has
1. INTRODUCTION the same motivation as ours [3]. The solution is similar to our ap-

Maximum entropy models [2] are widely used for probabilistic proach, while their method is designed for directly traversing parse
modeling of various tasks, such as part-of-speech tagging [9, 5] results with conditional disjunctions. We should also mention the
and parsing [10], because they achieve higher accuracy. Howeverwork of Lafferty et al. in solving a similar problem in the context
studies so far have merely applied maximum entropy models to tra- of maximum entropy Markov models [6]. Their solution was an
ditional, chain-rule-based models, suchlmagrams and lexicalized algorithm similar tothe forward-backward algorithmand it is a
versions of a probabilistic context-free grammar (PCFG). That is, special case of our algorithm in which each conjunctive node has
an eventis divided intomdependensub-events, and the probability  only one daughter. This fact shows that our algorithm is applicable
of the event is defined as the product of the probabilities of the sub- to various tasks, not only to parsing.
events. Such studies inherently restrict flexibility by independence  Section 2 overviews maximum entropy models and its applica-
assumption, which is not required for maximum entropy modeling. tions. Section 3 discusses the problem with conventional maximum

The algorithm proposed in this paper enables probabilistic mod- entropy modeling. Section 4 describes our algorithm for solving the
eling of complete structures, such as transition sequences in Markowproblem. Section 5 discusses the evaluation of our algorithm using
models and parse trees, without dividing them iitdependent a parsing experiment.
sub-events. In general, complete structures have exponentially many
possibilities, which is problematic in estimating parameters of a
maximum entropy model. Our algorithm avoids an exponential 2 MAXIMUM ENTROPY MODEL
explosion by representing an event ayfeature forestwhich is Maximum entropy models [2] are widely used for probabilistic
a packed representation of trees (or directed acyclic graphs). If amodeling of various NLP tasks, such as part-of-speech tagging [9,
complete structure is represented by a feature forest of a tractabled] and sentence parsing [10]. They do not require independence
size, the parameters are efficiently estimated by dynamic program-assumption to divide a probabilistic event into sub-events, enabling
ming similar tothe inside/outside algorithmithout unpacking the  flexible modeling with many overlapping features. When modeling
feature forest. a probabilistic distribution of event = (¢, h), wheret is a target

The proposed algorithm enables a more flexible model for var- eventandh a history evente is represented by a bundle fefature
ious NLP tasks because it allows incorporating various overlap- functions(or featuresfor short) f;(e). A feature function repre-

sents the existence of a certain characteristic in eveand a set of
activatedfeatures, i.e.f;(e) # 0, is considered to be an abstracted
representation of an event.

Figure 1 shows an example of features in a simple maximum
entropy bigram model for part-of-speech tagdings in conven-
tional tagging models, an individual event is an assignment of a tag
to a word, given previous words and tags as a context. The target
event is a part-of-speech tag to be assigned, and the history event is

An algorithm is proposed for maximum entropy modeling. It en-
ables probabilistic modeling of complete structures, such as transi-
tion sequences in Markov models and parse trees, without dividing
them into independent sub-events. A probabilistic event is repre-
sented bya feature forestwhich is a packed representation of fea-
tures with ambiguities. The parameters are efficiently estimated by
traversing each node in a feature forest by dynamic programming.
Experiments showed the algorithm worked efficiently even when
ambiguities in a feature forest cause an exponential explosion of
unpacked structures.

Lpart-of-speech tags are of the Penn Treebank [7].



sentence He gave books to his sister.
part-of-speech PRP VBD ? Input : training data  p(t, h),
feature functions fi (¢, h), initial parameters a;
Output : optimal parameters a;
feature | target currentword  prev. word prev. tag By — S 506 1)1 (6 )
loop until v com
fo NNS books gave - o eh e
f1 VBZ books gave _ foreach ¢/ € (h) ,
f2 NNS bOOkS gaVe VBD foreach 7 such that f;(t", h) # 0 " ) ) " (t/‘;w
fs NNS books - VBD ens%;gaﬁ](ﬂ’h» TG sy TR 7 T e
f4 NNS endSWith,“S” - — end _foreach
f VBZ endswith_“s” foreach i
5 . - - or k2
Let Aa; be the solution to the following equation:
Xk uu,k)Auf =B
. . . a; — a;Aa;
Figure 1: Maximum entropy bigram model for part-of-speech enznfoggfeach
tagging i

a tuple(current word, previous word, previous tagEach feature Figure 2: Parameter estimation algorithm based on improved
function represents a certain characteristic of the target and historyiterative scaling
events, and in particular, a maximum entropy model enables incor-

porating features that are not statistically independent, sugh,as

f2 andfs in Figure 1. This enables flexible modeling with various

kinds of overlapping features. PRP
Formally, maximum entropy modgl; is a log-linear model that VBD

gives a conditional probability of eveat= (t, h), wherer(h) is a

set of targets observable with histarf2]: VBZ

1 iR NNS
pum(tlh) = z Hafiu’ ) .

AGRD . . . . .
where Z; = Z Haf “m Figure 3: Maximum entropy tagging model without indepen-
t'er(h) i dence assumption

A feature function is an indicator for a certain characteristic of an

event, ananodel parametety; corresponding tg; is its weight. A

maximum entropy model assigns a probability to an event by mul-

tiplying weightsa; when the corresponding features are activated

i.e., fi(e) # 0. Amaximum entropy model yields a probability dis-

tribution that maximizes the likelihood of the training data given a [ gy = Z p(h) Z fi(t', h)par (' | )
h

f#(t,h). The main part of the algorithm is the computation of
a factored model expectatiqn@’f#), which is the expectation of
' featuref; given by the model.

set of feature functions [2].

Note that the above model does not require independence of fea- ) ) ) )
ture functions. It yields a maximum likelihood estimation even ~ The computational complexity of each iteratior€i§| 7 | |£[| F]),
when the features are not independent, which is unattainable wherwhere|T |, |£], and|F'| are the number of targets and events, and
using relative frequency estimation, as in traditional probabilistic the average number of activated features, respectively. The algo-
models. This advantage enables flexible modeling with various rithm is sufﬂme_ntly efficient for various applications, such as part-
kinds of overlapping feature functions, as described above. In ad- Of-speech tagging, becausg| and|F’| are usually small (more or
dition, maximum entropy models can consistently model complex less than 100), while| is large, as in other statistical models.
structures such as feature structures, which are difficult to decom- However, this model/algorithm still cannot be applied in some
pose into independent events [1]. cases due to the problem described in the next section.

The improved iterative scaling (11S) algorithm [8] (Figure 2) finds
the model parameters that maximize the likelihood of the training 3. PROBLEM

data,p(t, h), which is an observed distribution of events. The pa- Let us consider the maximum entropy modeling of tagging tasks.

t'er(h)

rameters are iteratively updated; — a;Aa;, whereAa; is the Conventional models divide a tagging sequence into a tagging event
solution to the following equation. for each word [9, 5]. That is, the models incorporate independence
_ ~ #(th assumption, which is not required in maximum entropy models.
Z Bt h) fi(t,h) = Z B(h)par (8|h) fi(t, k) At/ () Figure 3 shows a tagging model without independence assumption,
th th where the complete tag sequence for a sentence is considered to be
= Z Aa{#mi ) a target event. The model chooses the most probable tag sequence
P ’ from the set of all possible tag sequences. We can incorporate var-

ious dependent features such as bigram/trignagtAm features as
# in the figure. This model is an extension of conventional models,
where f7(t,h) = Z fi(t. ) and it has a more powerful modeling scheme [6].
¢ A similar argument can be made for the maximum entropy mod-
The algorithm shown in Figure 2 implements this. Note that eling of parsing. In conventional parsing models, similar to PCFGs,
the algorithm is optimized by factoring the terms having the same each branching is assumed to be an independent event, and the
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Figure 4: Probabilistic models for parsing

probability of the complete parse tree is defined as the product of
the probabilities assigned to the branchings (left-hand side of Fig-
ure 4). On the other hand, we can consider a maximum entropy
model that assigns a probability to the complete parse tree with-
out independence assumption (right-hand side of Figure 4). Fea-
ture functions correspond to the branchings (or other characteris-
tics such asvyg) in a parse tree. Given such features, the model is
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C = {01702703704705}

D = {d,,d2,ds}

T=2=C1

v(d1) = {c2,c3}, y(d2) = - -
d(c1) = {d1,d2,d3}, 6(ca) = -~

Figure 5: A feature forest

D is a set of disjunctive nodes

r is the root noder € C

formulated as a probabilistic model of selecting parse trgem e v: D — 2% is a conjunctive daughter function
a parse forest for sentenée As described above, the maximum
entropy model does not require independence assumption, and var-
ious overlapping features (not limited to immediate dominance re- Feature functions are defined over conjunctive nbdasd thus a
lations) can be incorporated. Obviously, this model is a natural feature forest represents a set of trees of features, which are associ-
extension of PCFG, and has a more powerful modeling scheme.  ated to conjunctive nodes. We denote a feature forest for hiétory

The remaining issue we should consider is parameter estimation. (for a CFG, the activated features of a parse forest for a sentence)
The problem arises here: the number of targe.e., the num-  asd(h). We assume that a feature forest is acyclic and can be a
ber of possible tag sequences or parse trees for a sentence), is quitgirected acyclic graph. It is evident that the models introduced in
large in general. This is because local ambiguities in a tag sequencesection 3 can be represented with this structure.
or a parse tree result in exponential growth in the number of struc-  Figure 5 shows an example feature forest. Each disjunctive node
tures, resulting in billions of structures. This is quite a problem, has alternative nodes, which are conjunctive nodes. Each conjunc-
because, as described in Section 2, the complexity of parameter estive node has activated features, iB(c) # 0; it also has disjunc-
timation is proportional to the number of targets. While a similar tive nodes as daughters. A feature forest can include a reentrant
problem arises when using a PCFG to compute the probability of structure, that is, a node can appear more than once in a feature
each parse tree, it can be avoided by usimginside/outside algo- forest, such ass in d; anddo.
rithm, which efficiently computes the probability of each parse tree  Since Figure 5 resembles a parse forest of a PCFG, it might be
by dynamic programming. Why don't we use the same approach? asserted that a feature forest can represent only immediate dom-

This idea yields a new algorithm for parameter estimation, as inance relations in each node, as in a PCFG, resulting in only a
described in the next section. slight, trivial extension of the PCFG. However, a feature forest is

a generalized representation of an ambiguous structure, and each

4, SOLUTION node in a feature forest does not need to correspond to a node in a

Our solution to the problem is an efficient algorithm for parame- Parse forest. Thatis, anode in a feature forest can represent any lin-
ter estimation usinthe inside/outside-product Similar to the in- guistic entity, including a fragment of a syntactic/semantic structure
side/outside algorithm, we can compute the produet.dor each and other sen.tence-level |.nforn.1at|on.. Instances of a nqde can thus
node in tree structureAn insidea-productis the summation of P& neglected in the following discussion, and our algorithm is ap-
each product of; in one of the daughter sub-trees. This value Plicable whenever the feature forest is of a tractable size. However,
is incrementally computed by multiplying the insideproducts of a feature forest might be sometimes too large due to incorporating
the daughter node#n outsidex-productis the summation of each ~ Sentence-level features. In those cases, an approximation method
product ofw; in the upper part of the trees. Given the insige

to reduce the computational cost might be required [11].
products, this value is also incrementally computed by multiplying ~ AS mentioned, a feature forest is a packed representation of fea-
the outsidex-product of the mother node and the insig@roducts ture §ets, and each feature set is extracted by using the following
of the sister nodes. Given all inside/outsigiroducts, the model ~ function.
expectationy; s+, is easily computed by multiplying them for
each node.

To describe the algorithm, we first defindeature foresta gen-
eralized representation of features in packed forest structure. Fea-
ture forests are used for enumerating possible structures of target
events, that is, they correspondit(h) in conventional models de- such that
scribed in Section 2.

e §: C — 27 is a disjunctive daughter function

DEFINITION 2
tion

(UNPACKING). Unpacking functiow is a func-

o o C+—2€

olc) = U {c;} where ¢; € v(d;)
DEFINITION 1 (FEATURE FORESTJ. Feature forest is a tu- d;e5(c)

ple (C, D, r,~, ), where

2While feature functions can also depend on history events, we

e ('is a set of conjunctive nodes omit the histories in the following discussion for simplicity.



We extend functioa to take set” as an argument:
U e
ceC

Intuitively, unpacking functiorr selects one conjunctive node for
each disjunctive node. By applying this function to each node, we
can extract the set of conjunctive nodes. Let us denote multiple
applications ofr asc™, and a tree extracted from a feature forest
is defined as follows.

DEFINITION 3 (UNPACKED TREE). An unpacked tree rooted
at conjunctive node € C is defined as

(0=

Each unpacked tree is then representedtfy'), and each function

| d, | _
c4 G G Gl outside
A

Figure 6: Inside/outside at nodec; in a feature forest

o(d) = {Ci\oi (c)|C; = o (1), c € v(d)}

o corresponds to each unpacked tree. Note that an unpacked tree is

equivalent to a set of conjunctive nodes because our concern is onlyFigure 6 illustrates this concept, which is similar to that of a PCFG.
the set of features associated to each conjunctive node; the shape dhside denotes a set of partial trees (conjunctive nodes) derived

the tree structure is irrelevant to probabilistic models. In this paper,
we do not distinguish an unpacked tree from a set of conjunctive
nodes.

The feature forest in Figure 5 represents a s@& gf2 x 2 = 8
unpacked trees. For example, if we select the left-most conjunc-
tive node at each disjunctive node, we extract ffeg cz, ca, c2}.

from nodec. Outside denotes the complement of the inside trees.

An inside/outsidex-product is then defined for each conjunc-
tive/disjunctive node. The inside/outsideproducts are the sum-
mation of the products af in the inside/outside trees.

DEFINITION 6 (INSIDE/OUTSIDE a-PRODUCT). Aninsidex-

Generally, a feature forest can represent an exponential number oforoduct at conjunctive node€ C'is

trees with a polynomial number of nodes. Thus, a complete struc-

ture, such as tag sequences and parse trees with ambiguities, can be

represented compactly.
Given the above formalization, a feature function for an unpacked
tree is

file™ () =Y file)

c€o*(r)

Once a feature function for an unpacked tree is given, a factored
model expectation can be defined as in the traditional model de-

scribed in Section 2.

DEFINITION 4 (MODEL EXPECTATION). Factored model ex-
pectationy for a feature forest is defined as

Hi p#ty = Zﬁ(h)zih S fiter ) ] Ha;ﬁf(c)
h o

cEo*(r) J
It is evident that the naive computation of factored model expec-
tations requires exponential time complexity since the number of
unpacked trees (i.eg) is exponentially related to the number of

nodes in the feature forest. We thus need an algorithm for comput-

ing factored model expectations without unpacking a feature forest.

To efficiently compute the factored model expectations, we in-
corporate an approach similar to the inside/outside algorithm of a
PCFG. We first define the notion of inside/outside for a feature for-
est.

DEFINITION 5 (INSIDE/OUTSIDE). We define thinside ¢(c),
of a feature forest at conjunctive nodec C as a set of unpacked
trees:

t(c) ={Ci|Cs = o] (c)}
Theoutside o(c), is defined as
o(c) = {Ci\o; (0)|Ci = o (1)}

Similarly, the inside/outside at disjunctive nadlee D are defined
as follows.

u(d) ={Gi|C: = 0i(c), c € ¥(d)}

gty = o I TTed”

C'eu(e) c'eC’ i

suchthat f# = " %" fi(c)

c'ed’ i

An outsiden-product is

w(c,f#) — Z H Ha{i(c’)

C’eo(c)c’eC’ i

suchthat f# = " %" fi(c)

ceC’ i

We can define inside/outsideproducts for disjunctive nodes sim-
ilarly.

We can derive that the factored model expectation of a feature
forestis defined as the product of the inside and outsigeoducts.

1
Partersto = ; "z, GZC FO% 0V (e o)

This equation shows a method for efficiently computing the fac-
tored model expectation by traversing conjunctive nodes without
unpacking the forest, if the inside/outsideproducts are given.
The remaining issue is how to efficiently compute the inside/outside
a-products.

Fortunately, the inside/outside-products can be incrementally
computed by dynamic programming without unpacking the fea-
ture forest. Figure 7 shows the process of computing an inside
a-product at a conjunctive node from the insidgroducts of its
daughter nodes. Since an insideproduct is the product of alk;
of its descendants, it is computed by multiplying the@roducts of
the daughter trees. We should take care of the computation of an
index f#, and the following equation is derived.

_ fi(e)
Sety = 11 Pcaray [] o

des(c) i
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Figure 9: Incremental computation of outside a-products at
Figure 7: Incremental computation of insidea-products at con- conjunctive nodecs
junctive node c2

_ fi(e2)
¢<d4,f#c2 +rFas gy T ¢<cz-,f9‘“2 >¢<d3,f#d3> H %

Figure 8: Incremental computation of inside a-products at dis- Figure 10: Incremental computation of outsidea-products at
junctive node d4 disjunctive nodeds
suchthat f# =" f*+3" fi(c) suchthat f# = f# 43" A > file)
d 7 d’ i

The inside of a disjunctive node is the collection of the inside trees ~ Figure 11 shows the overall algorithm for estimating the param-
of its daughter nodes. Hence, the insiggroduct at disjunctive ~ eters, given a set of feature forests. The key point of the algo-

noded € D is computed as follows (Figure 8). rithm is to compute insidex-products¢ and outsiden-products
¢ for each node inC, not for all unpacked trees. The functions
Gla f#y = Z Do, 5%y inside _product andoutside _product compute¢ andy
c€(d) efficiently by dynamic programming. Note that the order of travers-

f ing nodes is important for incremental computation, although it is
not shown in Figure 11. The computation for the daughter nodes
and mother nodes must be finished before computing the inside and
outsidea-products, respectively. This constraint is easily solved

Ve ptty = Z Via, ) using atopolog.ical sor.t. . . .

{dleer(d)} The complexity of this algorithm i©((|C|+|D])|E|| F|), which

is tractable whenC'| and|D| are of a reasonable size. As noted in

this section, the number of nodes in a feature forest is usually a

polynomial even when that of the unpacked trees is exponential.

This result shows that we can efficiently compute factored model

expectations with polynomial computational complexity.

The outside of a disjunctive node is equivalent to the outside o
its daughter nodes, and the outsid@roduct of a disjunctive node
is propagated to its daughter conjunctive nodes (Figure 9).

The computation of an outside product of a disjunctive node is a
little more complicated. The outside trees of a disjunctive node are
all combinations of (Figure 10)

e the outside trees of the mother nodes and

e the inside trees of the sister nodes. 5. EVALUATION

From this, we get The proposed algorithm was implemented in a maximum en-
tropy estimator, and its correctness was tested experimentally by
comparing the output of the original 1S with that of our algorithm.

_ fi(e) We also evaluated the efficiency and applicability of the algorithm

= . c / ! ai . e . . .

Via.s#) Z Vees#e) H ¢<d SHE) H by using a probabilistic model of an automatically extracted lexi-
{cldes(c)} d'€s(c) i . S
d'#d calized tree adjoining grammar (LTAG).



Input : training data
feature functions
Output :

p(t, h), feature forests
f4 (), initial parameters
optimal parameters a;

@ (h)
(li

By — ¥ p(t, h) f; (t, h)
loop until  «; converges
foreach e = (t, h)
{¢} < inside _product (®(h))
{¢} < outside _product (®(h))
foreach ¢ € C(®(h))
foreach 4 such that

Fi(e) #0
Ha, j#o 4 p#9) TH G p#O 45 #Y)

T2, e ) Ve, r#)
end foreach
end _foreach
end foreach
foreach 4
Let A« be the solution to the following equation:
Xk u<7,,k>Aaf? =B
a; — a;Aa;
end foreach
end _loop

function
foreach

Ple,p#ey T

inside _product( ®(h))
¢ € O(®(h)),d € D(®(h)) o
I g ppary oy
d’€d(c) (@, f#d% i
’
e = g FY £ 5, 1)

4 #y = 2 ¢ #
d, </,
(d,f#) o En(d) (e f77)

s.t.

end foreach

retun  {¢p}

outside _product( ®(h))
ce C(®(h)),d e D(®(h))

Yie, f#y — Yiar, p#
)T ey )

function
foreach

I {i(‘f/)
da'es(e)
d' #d
’ 4
PR LD DUVIE S S D 21 (0

» #y < ) v v P da’ JIES
(d,f7#) (e 1d€8(e)) (c!,f#c’y (d’, f#d"y ;
s.t.
end foreach
retun  {¢}

Figure 11: Parameter estimation algorithm for feature forests

Table 1: Experimental results
number of features 5715
number of sentences 868
avg. number of nodes 17412
required memory 1532 MB
required time 547 min.

The LTAG grammar we used was extracted from Section 00 of

more costly than conventional ones, it provides more flexibility and
applicability with a tractable cost.

6. CONCLUSION

A new algorithm was presented for maximum entropy modeling
and shown to be applicable to probabilistic parsing. Experimental
results showed that it enables parameter estimation of probabilistic
models of complete structures without independence assumption.
It provides a more flexible modeling scheme than conventional al-
gorithms, and furthermore, it is applicable to more complex struc-
tures where an event is difficult to decompose into independent sub-
events, such as probabilistic modeling of feature structures.

Future work includes precise comparison of parsing models based
on our algorithm with conventional ones. Furthermore, the model
should be applicable to more complex representations, such as deriva-
tion trees in LTAG, feature structures, and predicate-argument struc-
tures. The algorithm described in this paper provides a consistent
solution for probabilistic modeling of complex structures.
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