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the fact that different methodsseem to use different a
priori assumptionsin guiding their search for the linear
separator, it raises the question of whetherthere is an
alternative - search for the best linear separator in the
feature space, without resorting to assumptions about
the domainor any specific problem.
Partly motivated by these insights, we present a new
algorithm, and show howto use it in a variety of disambiguation tasks. The architecture proposed, SNOW,
is a Sparse NetworkOf linear separators which utilizes
the Winnowlearning algorithm. A target node in the
network corresponds to a candidate in the disambiguation task; all subnetworks learn autonomouslyfrom the
same data, in an on line fashion, and at run time, they
compete for assigning the correct meaning. The architecture is data-driven (in that its nodes are allocated as
part of the learning process and dependon the observed
data) and supports efficient on-line learning. Moreover,
The learning approach presented is attribute-efficient
and, therefore, appropriate for domains having very
large number of attributes. All together, Webelieve
that this approach has the potential to support, within
a single architecture, a large numberof simultaneously
occurring and interacting language related tasks.
To start validating these claims we present experimental results on three disambiguation tasks. Prepositional phrase attachment (PPA) is the task of deciding whether the Prepositional Phrase (PP) attaches
the noun phrase (NP), as in Buy the car with the
steering wheel or to the verb phrase (VP), as in Buy
the car with his money. Context-sensitive Spelling
correction (Spell) is the task of fixing spelling errors
that result in valid words, such as It’s not to late,
where too was mistakenly typed as to. Part of speech
tagging (POS) is the task of assigning each word in
a given sentence the part of speech it assumes in this
sentence. For example, assign N or V to talk in the following pair of sentences: Have you listened to his
(him) talk .7. In all cases we showthat our approach
either outperforms other methodstried for these tasks
or performs comparablyto the best.
This paper focuses on analyzing the learning problem and on motivating and developing the learning approach; therefore we can only present the bottom line
of the experimental studies and the details are deferred
to companionreports.
The Learning
Problem
Disambiguation tasks can be viewed as general classification problems. Given an input sentence we would
like to assign it a single property out of a set of potential properties. Formally, given a sentence s and
a predicate p defined on the sentence, we let (7
{ct, c2,...c,n} be the collection of possible values this
predicate can assume in s. It is assumed that one of
the elements in C is the correct assignment, c(s,p),
can take values from {site, cite, sight} if the predicate
p is the correct spelling of any occurrence of a word
from this set in the sentence; it can take values from

{v, n} if the predicate p is the attachment of the PP to
the preceding VP(v) or the preceding NP(n), or it
take values from {industrial, living organism} if the
predicate is the meaningof the word plant in the sentence. In somecases, such as part of speech tagging, we
mayapply a collection P of different predicates to the
same sentence, whentagging the first, second, kth word
in the sentence, respectively. Thus, we mayperform a
classification operation on the sentence multiple times.
However,in the following definitions it wouldsuffice to
assumethat there is a single pre-defined predicate operating on the sentence s; moreover,since the predicate
studied will be clear from the context we omit it and
denote the correct classification simply by c(s).
A classifier h is a function that mapsthe set S of all
sentences 1, given the task defined by the predicate p,
to a single value in (7, h : S --+ C.
In the setting considered here the classifier h is selected by a training procedure. That is, we assume~ a
class of functions 7i, and use the training data to select
a member
of this class. Specifically, given a training corpus St~ consisting of labeled example(s, c(s), a learning
algorithm selects a hypothesish E 7/, the classifier.
The performanceof the classifier is measuredempirically, as the fraction of correct classifications it performs
on a set St, of test examples. Formally,
Perf(f) = I{s E St, lh(s) =

c(s)}l/lIs ~ s,,}l.

(1)

A sentence s is represented as a collection of features, and various kinds of feature representation can
be used. For example, typical features used in correcting context-sensitive spelling are context words - which
test for the presence of a particular word within :t:k
words of the target word, and collocations - which test
for a pattern of up to £ contiguous words and/or partof-speech tags around the target word.
It is useful to consider features as sequencesof tokens
(e.g., words in the sentence, or pos tags of the words).
In manyapplications (e.g., n-gram language models),
there is a clear ordering on the features. Wedefine here
a natural partial order -~ as follows: for features f, g
define f -~ g -- f C_ g, where on the right end side
features are viewedsimply as sets of tokensa. A feature
f is of order k if it consists of k tokens.
A definition of a disambiguation problem consists of
the task predicate p, the set C of possible classifications
and the set J: of features, jr(k) denotes the features
order k. Let [:7:[ = n, and zi be the ith feature, zi can
either be present (active) in a sentence s (we then say
that z~ = 1), or absent from it (z~ = 0). Given that,
XThebasic unit studied can be a paragraphor any other
unit, but for simplicitywewill alwayscall it a sentence.
2Thisis usually not madeexplicit in statistical learnlng
procedures, but is assumedthere too.
3There are manyways to define features and order relations amongthem(e.g., restricting the numberof tokens
in a feature, enforcing sequential order amongthem, etc.).
Thefollowingdiscussion does not dependon the details; one
option is presented to makethe discussion moreconcrete.

a sentence s can be represented as the set of all active
features in it s = (~il, zi2,.., zi~.).
From the stand point of the general framework the
exact mappingof a sentence to a feature set will not
matter, although it is crucially important in the specific applications studied later in the paper. At this
point it is sufficient to notice that the a sentence can be
mappedinto a binary feature vector. Moreover, w.l.o.g
we assume that [C[ = 2; moving to the general case is
straight forward. From nowon we will therefore treat
classifiers as Booleanfunctions, h : {0, 1}" -+ {0, 1}.

amples labeled cl in which the jth feature has value
zj) can be estimated from the training data fairly
robustly5, giving rise to the naive Bayes predictor. According to it, the optimal decision is c = 1 when

Approaches
to Disambiguation
Learning approachesare usually categorized as statistical (or probabilistic) methods and symbolic methods.
However,all learning methods are statistical
in the
sense that they attempt to makeinductive generalization from observed data and use it to make inferences
with respect to previously unseendata; as such, the statistical based theories of learning (Vapnik1995) apply
equally to both. The difference may be that symbolic
methodsdo not explicitly use probabilities in the hypothesis. To stress the equivalence of the approaches
further in the following discussion we will analyze two
"statistical" and two "symbolic" approaches.
In this section we present four widely used disambiguation methods. Each method is first presented as
knownand is then re-cast as a problemof learning a linear separator. That is, we showthat, there is a linear
condition ~,e~: wizi > $ such that, given a sentence
s = (zi~, zi2,...zi,~), the methodpredicts c = 1 if the
condition holds for it, and c = 0 otherwise.
Given an example s = (Zl, Z2...z,~)
a probabilistic
classifier
h works by choosing the element of (7 that is most probable, that is h(s)
argrnazc~eoPr(ci[zl, z2, . . .z,~,) 4, wherethe probability is the empirical probability estimated from the labeled training data. In general, it is unlikely that one
can estimate the probability of the event of interest
(ci [zl, z2,.., z,~) directly fromthe training data. There
is a need to make some probabilistic assumptions in
order to evaluate the probability of this event indirectly, as a function of "more frequent" events whose
probabilities can be estimated more robustly. Different
probabilistic assumptionsgive rise to difference learning
methods and we describe two popular methods below.

and by taking log we get that using naive Bayes estimation we predict c = 1 if and only if

The naive Bayes estimation
(NB) The naive
Bayes estimation (e.g., (Duda ~ Hart 1973)) assumes
that given the class value c E C the features values are
statistically
independent. With this assumption and
using Bayes rule the Bayes optimal prediction is given
by: h(s) = argmazc,ecIIm=lpr(a:j[ci)P(ci).
The prior probabilities p(ci) (i.e., the fraction of
training examples labeled with cl) and the conditional
probabilities Pr(zj Ic~) (the fraction of the training
4Asusual, weuse the notation Pr(ci[~l, z2,.., z,~) as
shortcut for Pr(c =ci[xl = al, z2 = a2 .... z,, = am).

P(c = 1)II~V(z, lc = 1)/P(c = O)HiP(z~lc =
Denoting pi -= P(zi = llc = 1),qi --- P(zi =l[c = 0),
P(c = r) -- P(r), we can write this condition
P(1)Hip~:’ --(1 pi) 1-~’ W-PA-hz’
P(1)Hi(1-Pi r /~’l--pi" > 1,
:
P(0)IIiq~’(1 - x-z’ P(0)Hi(1 - . .~"tz1
r--q~,
k 1-ql /

log

P(1) +~log1-pi
~ + E (log
- qi i
P(0)__"

p’
1- )z,
q’
1 - Pi qi

> 0.

Weconclude that the decision surface of the naive Bayes
algorithm is given by a linear function in the feature
space. Points which reside on one side of the hyperplane are more likely to be labeled 1 and points on the
other side are morelikely to be labeled O.
This representation immediately implies that this
predictor is optimal also in situations in whichthe conditional independence assumption does no hold. However, a more important consequence to our discussion
here is the fact that not all linearly separable functions
can be represented using this predictor (Roth 1998).
The back-otTestlmatlon
(BO) Back-offestimation
is another methodfor estimating the conditional probabilities Pr(cils). It has been used in manydisambiguation tasks and in learning models for speech recognition (Katz 1987; Chen & Goodman1996; Collins &
Brooks 1995). The back-off method suggests to estimate Pr(c~lz~, z, .... ,~,~) by interpolating the more
robust estimates that can be attained for the conditional probabilities of more general events. Manyvariation of the methodexist; we describe a fairly general
one and then present the version used in (Collins
Brooks 1995), which we compare with experimentally.
Whenapplied to a disambiguation task, BOassumes
that the sentence itself (the basic unit processed) is
feature 6 of maximalorder f = f(k) E r. W
e e stimate
er(c,I

s) = Pr(c~l/(k))

= ~ A~er(cd/).
{IEJrlI-~I(~)}

eProblems of sparse data may arise, though, when a specific value of ~i observed in testing has occurred infrequently
in the training,
in conjunction with cj. Various smoothing
techniques can be employed to get more robust estimations
but these considerations
will not affect our discussion and
we disregard them.
6The assumption that the maximal order feature is the

classified sentence is made, for example, in (Collins
Brooks1995). In general, the methoddeals with multiple
features of the maximalorder by assumingtheir conditional
independence, and superimposingthe NBapproach.

The sum is over all features f which are more general
(and thus occur more frequently) than f(k). The conditional probabilities on the right are empirical estimates
measuredon the training data, and the coefficients ),!
are also estimated given the training data. (Usually,
these are maximum
likelihood estimates evaluated using iterative methods, e.g. (Samuelsson1996)).
Thus, given an example s = (ml, m2... zm) the BO
methodpredicts c = 1 if and only if

a linear function over the feature space.
For computational reasons, various simplifying assumptionsare madein order to estimate the coefficients
Al; we describe here the method used in (Collins
Brooks 1995)7. Wedenote by Af(f(Y)) the number
occurrences of the jth order feature f(Y) in the training
data. Then BOestimates P = Pr(ca[f(~)) as follows:

In this case, it is easy to write downthe linear separator defining the estimate in an explicit way. Notice
that with this estimation, given a sentence s, only the
highest order features active in it are considered. Therefore, one can define the weights of the jth order feature
in an inductive way, makingsure that it is larger than
the sum of the weights of the smaller order features.
Leavingout details, it is clear that weget a simple representation of a linear separator over the feature space,
that coincides with the BOalgorithm.
It is important to notice that the assumptions made
in the BOestimation methodresult in a linear decision
surface that is, in general, different from the one derived
in the NBmethod.
Transformation
Based Learning (TBL) Transformation based learning (Brill 1995) is a machine
learning approach for rule learning. It has been applied to a number of natural language disambiguation
tasks, often achieving state-of-the-art accuracy.
The learning procedure is a mistake-driven algorithm
that producesa set of rules. Irrespective of the learning
procedure used to derive the TBLrepresentation, we
focus here on the final hypothesis used by TBLand how
it is evaluated, given an input sentence, to produce a
prediction. Weassume, w.l.o.g, [CI = 2.
The hypothesis of TBLis an ordered list of transformations. A transformation is a rule with an antecedent
rThere, the empirical ratios are smoothed;experimentally, however,this yield only a slight improvement,going
from 83.7%to 84.1%so wepresent it here in the pure form.

t and a consequents c E C. The antecedent ~ is a condition on the input sentence. For example, in Spell,
a condition might be word WoccurB within q-k of
the target word. That is, applying the condition to
a sentence s defines a feature ~(s) E W. Phrased differently, the application of the condition to a given sentence s, checks whether the corresponding feature is
active in this sentence. The condition holds if and only
if the feature is active in the sentence.
An ordered list of transformations (the TBLhypothesis), is evaluated as follows: given a sentence s, an
initial label c E O is assigned to it. Then, each rule is
applied, in order, to the sentence. If the feature defined
by the condition of the rule applies, the current label is
replaced by the label in the consequent. This process
goes on until the last rule in the list is evaluated. The
last label is the output of the hypothesis.
In its most general setting, the TBLhypothesis is not
a classifier (Brill 1995). The reason is that the truth
value of the condition of the ith rule maychange while
evaluating one of the preceding rules. However,in many
applications and, in particular, in Spell (Mangu& Brill
1997) and PPA(Brill &Resnik 1994) which we discuss
later, this is not the case. There, the conditions do not
depend on the labels, and therefore the output hypothesis of the TBLmethodcan be viewed as a classifier.
The following analysis applies only for this case.
Using the terminology introduced above, let
(zq, ci~), (mi2, c4~),... (zik, c~k) be the orderedsequence
of rules defining the output hypothesis of TBL.(Notice
that it is quite possible, and happensoften in practice,
for a feature to appear more than once in this sequence,
even with different consequents). While the above description calls for evaluating the hypothesis by sequentially evaluating the conditions, it is easy to see that
the following simpler procedureis sufficient:
Search the ordered sequence in a reversed order. Let
mi~be the first active feature in the list (i.e., the
largest j). Then the hypothesis predicts cij.
Alternatively, the TBLhypothesis can be represented
as a (positive) 1-Decision-List (pl-DL) (Rivest 1987),
over the set ~" of features9 . Given the pl-DL represenff
Else
Else ..,

Else
Else

mixis active then predict ok.
If x/k_x is active then predict Ck--1.
If mxis active then predict cl.
Predict the initial value
Figure 1: TBLas a pl-Decision List

STheconsequentis sometimesdescribed as a transformation ci --+ ci, withthe semantics- if the currentlabel is el,
relabel it ci. When]C] : 2 it is equivalent to simplyusing
cj as the consequent.
9Notice,the order of the features is reversed. Also, multiple occurrencesof features can be discarded, leaving only
the last rule in whichthis feature occurs. By ’~positive" we
meanthat we never condition on the absence of a feature,
only on its presence.

ration (Fig 1), we can now represent the hypothesis as
linear separator over the set ~ of features. For simplicity, we now name the class labels {-1, +1} rather than
~0, 1}. Then, the hypothesis predicts c ---- 1 if and only
¯
k 2J "cij" $~ > 0. Clearly, with this representation
if ~j=l
the active feature with the highest index dominates the
l°.
prediction, and the representations are equivalent
Decision Lists (pl-DL) It is easy to see (details
omitted), that the above analysis applies to pl-DL,
method used, for example, in (Yarowsky 1995). The
BO and pl-DL differ only in that they keep the rules
in reversed order, due to different evaluation methods.

The Linear Separator Representation
To summarize, we have shown:
claim: All the methods discussed - NB, BO, TBL and
pl-DL search for a decision surface which is a linear
function in the feature space.
This is not to say that these methods assume that
the data is linearly separable. Rather, all the methods
assume that the feature space is divided by a linear
condition (i.e.,
a function of the form ~.e~ wi$i > 8)
into two regions, with the property that’~n one of the
defined regions the more likely prediction is 0 and in
the other, the more likely prediction is 1.
As pointed out, it is also instructive to see that these
methods yield different decision surfaces and that they
cannot represent every linearly separable function.

Theoretical Support for the Linear
Separator Framework
In this section we discuss the implications these observations have from the learning theory point of view.
In order to do that we need to resort to some of
the basic ideas that justify inductive learning. Why
do we hope that a classifier
learned from the training
corpus will perform well (on the test data) ? Informally,
the basic theorem of learning theory (Valiant 1984;
Vapnik 1995) guarantees that, if the training data and
11,
the test data are sampled from the same distribution
good performance on the training corpus guarantees
good performance on the test corpus.
If one knows something about the model that generates the data, then estimating this model may yield
good performance on future examples. However, in
the problems considered here, no reasonable model is
known, or is likely to exist. (The fact that the assumptions discussed above disagree with each other, in general, may be viewed as a support for this claim.)
1°In practice, there is no need to use this representation,
given the efficient waysuggested above to evaluate the classifier. In addition, very few of the features in ~" are active in
every example, yielding more efficient evaluation techniques
(e.g., (Valiant 1998))
11Thisis hard to define in the context of natural language;
typically, this is understoodas texts of similar nature; see a
discussion of this issue in (Golding & Roth 1996).

In the absence of this knowledge a learning method
merely attempts to make correct predictions.
Under
these conditions,
it can be shown that the error of
a classifier
selected from class 7-/ on (previously unseen) test data, is bounded by the sum of its training error and a function that depends linearly on the
complexity of 7/. This complexity is measured in
terms of a combinatorial parameter - the VC-dimension
of the class 7-/ (Vapnik 1982) - which measures the
richness of the function class. (See (Vapnik 1995;
Kearns & Vazirani 1992)) for details).
We have shown that all the methods considered here
look for a linear decision surface. However, they do
make further assumptions which seem to restrict
the
function space they search in. To quantify this line of
argument we ask whether the assumptions made by the
different algorithms significantly reduce the complexity
of the hypothesis space. The following claims show that
this is not the case; the VC dimension of the function
classes considered by all methods are as large as that
of the full class of linear separators.
Fact 1-" The VC dimension of ~he class of linear separators over n variables is n + 1.
Fact 2" The VC dimension of the class of pl-DL over
n variables 1~ is n + 1.
Fact 3-" The VC dimension of the class of linear separators derived by either NB or BO over n variables is
bounded below by n.
Fact 1 is well known; 2 and 3 can be derived directly
from the definition (l~.oth 1998).
The implication
is that a method that merely
searches for the optimM linear decision surface given
the trMning data may, in general, outperform all these
methods also on the test data. This argument can be
made formM by appealing to a result of (Kearns
Schapire 1994), which shows that even when there is
no perfect classifier,
the optimal linear separator on a
polynomial size set of training examples is optimal (in
a precise sense) also on the test data.
The optimality criterion we seek is described in Eq.
1. A linear classifier that minimizes the number of disagreements (the sum of the false positives and false negatives classifications).
This task, however, is knownto
be NP-hard (HSffgen & Simon 1992), so we need to resort to heuristics.
In searching for good heuristics we
are guided by computational issues that are relevant to
the natural language domain. An essential property of
an algorithm is being feature-efficient.
Consequently,
the approach describe in the next section makes use of
the Winnow algorithm which is known to produce good
results when a linear separator exists, as well as under
certain more relaxed assumptions (Littlestone
1991)¯
12In practice, when using pl-DL as the hypothesis class
(i.e., in TBL)an effort is madeto discard manyof the features and by that reduce the complexity of the space; however, this process, which is data driven and does not a-prlori
restrict the function class can be employed by other methods as well (e.g., (Blum 1995)) and is therefore orthogonal
to these arguments.

The SNOW Approach
The SNOW
architecture is a network of threshold gates.
Nodesin the first layer of the networkare allocated to
input features in a data-driven way, given the input
sentences. Target nodes (i.e., the element c E C) are
represented by nodes in the second layer. Links from
the first to the second layer have weights; each target
node is thus defined as a (linear) function of the lower
level nodes. (A similar architecture whichconsists of an
additional layer is described in (Golding & Roth 1996).
Here we do not use the "cloud" level described there.)
For example, in Spell, target nodes represent members of the confusion sets; in POS,target nodes correspond to differen~ pos tags. Each target node can be
thought of as an autonomous network, although they
all feed from the same input. The network is sparse in
that a target node need not be connected to all nodes
in the input layer. For example, it is not connected to
input nodes (features) that were never active with it
the same sentence, or it maydecide, during training to
disconnect itself from someof the irrelevant inputs.
13.
Learning in SNOW
proceeds in an on-line fashion
Every example is treated autonomously by each target subnetworks. Every labeled example is treated as
positive for the target node corresponding to its label,
and as negative to all others. Thus, every example is
used once by all the nodes to refine their definition in
terms of the others and is then discarded. At prediction
time, given an input sentence which activates a subset
of the input nodes, the information propagates through
all the subnetworks; the one which produces the highest
activity gets to determine the prediction.
A local learning algorithm, Winnow(Littlestone
1988), is used at each target node to learn its dependence on other nodes. Winnowis a mistake driven
on-line algorithm, which updates its weights in a multiplicative fashion. Its key feature is that the number of examplesit requires to learn the target function
grows linearly with the numberof relevan~ attributes
and only logarithmically with the total numberof attributes. Winnowwas shown to learn efficiently any
linear threshold function and to be robust in the presence of various kinds of noise, and in cases where no
linear-threshold function can make perfect classifications and s~ill maintain its abovementioneddependence
on the numberof total and relevant attributes (Littlestone 1991; Kivinen & Warmuth1995).
Notice that even whenthere are only two target nodes
and the cloud size (Golding & R.oth 1996) is SNOW
behaves differently than pure Winnow.While each of
the target nodes is learned using a positive Winnow
algorithm, a winner-take-all policy is used to determine
the prediction. Thus, we do not use the learning algorithm here simply as a discriminator. One reason is
that the SNOWarchitecture, influenced by the Neuroidal system (Valiant 1994), is being used in a system
laAlthoughfor the purpose of the experimentalstudy we
do not update the networkwhile testing.

Table 1: Spell System comparison. The second
columngives the numberof test cases. All algorithms
were trained on 80%of Brownand tested on the other
20%; Baseline simply identifies the most commonmember of the confusion set during training, and guesses it
every time during testing.
Sets
14
21

Cases
1503
4336

Baseline
71.1
74.8

NB
89.9
93.8

TBL
88.5

SNOW I
93.5
96.4

I

developed for the purpose of learning knowledgerepresentations for natural language understanding tasks,
and is being evaluated on a variety of tasks for which
the node allocation process is of importance.
Experimental
Evidence
In this section we present experimental results for
three of the most well studied disambiguation problems, Spell, PPA and POS. We present here only
the bottom-line results of an extensive study that appears in companion reports (Golding & Roth 1998;
Krymolovsky & Roth 1998; Roth & Zelenko 1998).
Context Sensitive Spelling Correction Contextsensitive spelling correction is the task of fixing spelling
errors that result in valid words,such as It’s no$ to la~e,
where ~oo was mistakenly typed as ~o.
Wemodel the ambiguity among words by confusion
sets. A confusion set (7 = {el,..., c,~} meansthat each
word ci in the set is ambiguouswith each other word.
All the results reported here use the same pre-defined
set of confusion sets (Golding & Roth 1996).
We compare SNOWagainst TBL (Mangu & Brill
1997) and a naive-Bayes based system (NB). The latter
system presents a few augmentations over the simple
naive Bayes (but still shares the same basic assumptions) and is amongthe most successful methods tried
for the problem (Golding 1995). An indication that
Winnow-basedalgorithm performs well on this problem was presented in (Golding & Roth 1996). However,
the system presented there was more involved than
SNOWand allows more expressive output representation than we allow here. The output representation
of all the approaches comparedis a linear separator.
The results presented in Table 1 for NBand SNOW
are the (weighted) average results of 21 confusion sets,
19 of them are of size 2, and two of size 3. The results
i4 method are taken from (Mangu
presented for the TBL
& Brill 1997) and represent an average on a subset of
14 of these, all of size 2.
Prepositional
Phrase Attachment The problem
is to decide whether the Prepositional Phrase (PP) attaches to the noun phrase, as in Buy the car with
i4Systems are comparedon the same feature set. TBL
was also used with an enhancedfeature set (Mangu&BfiU
1997) with improvedresults of 93.3%but we have not run
the other systemswith this set of features.

Table 2: PPA System comparison. All algorithms
were trained on 20801 training examples from the WSJ
corpus tested 3097 previously unseen examples from
this corpus; all the systemuse the same feature set.

3097

59.0

83.0 81.9 84.1

83.9
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the steering wheel or the verb phrase, as in Buy the
car with his money. Earlier works on this problem
(Ratnaparkhi, Reynar, & Roukos 1994; Brill & Resnik
1994; Collins & Brooks 1995) consider as input the
four head words involved in the attachment - the VP
head, the first NPhead, the preposition and the second
NP head (in this case, buy, car, withand steering
wheel, respectively). These four-tuples, along with the
attachment decision constitute the labeled input sentence and are used to generate the feature set. The
features recorded are all sub-sequences of the 4-tuple,
total of 15 for every input sentence.
The data set
used by all the systems in this in this comparison was
extracted from the Penn Treebank WSJcorpus by (Ratnaparkhi, Reynar, &Roukos1994). It consists of 20801
training examples and 3097 separate test examples. In
a companionpaper we describe an extensive set of experiments with this and other data sets, under various
conditions. Here we present only the bottom line results
that provide direct comparison with those available in
the literature 1~. The results presented in Table 2 for
NBand SNOWare the results of our system on the
3097 test examples. The results presented for the TBL
and BOare on the same data set, taken from (Collins
& Brooks 1995).
Part of Speech Tagging A part of speech tagger
assigns each word in a sentence the part of speech that
it assumesin that sentence. See (Brill 1995) for a survey of muchof the work that has been done on POSin
the past few years. Typically, in English there will be
between 30 and 150 different parts of speech depending
on the tagging scheme. In the study presented here, following (Brill 1995) and manyother studies there are
different tags. Part-of-speech tagging suggests a special
challenge to our approach, as the problem is a multiclass prediction problem (Roth & Zelenko 1998). In the
SNOW
architecture, we devote one linear separator to
each pos tag and each sub networklearns to separate its
corresponding pos tag from all others. At run time, all
class nodes process the given sentence, applying many
classifiers simultaneously. The classifiers then compete
for deciding the pos of this word, and the node that
records the highest activity for a given word in a sentence determines its pos. The methods compared use
15SNOW
was evaluated with an enhanced feature set
(Krymolovsky
&Roth 1998) with improvedresults of 84.8%.
(Collins &Brooks1995) reports results of 84.4%on a different enhancedset of features, but other systemswerenot
evaluatedon these sets.

Table 3: POS System comparison. The first column gives the number of test cases. All algorithms
were trained on 550, 000 words of the tagged WSJcorpus. Baseline simply predicts according to the most
commonpos tag for the word in the training corpus.
Test
Baseline
TBL SNOW [
cases

250,000

94.4

96.9

96.8

I

context and collocation features as in (Brill 1995).
Given a sentence, each word in the sentence is assigned an initial tag, based on the most commonpart
of speech in the training corpus. Then, for each word in
the sentence, the network processes the sentence, and
makes a suggestion for the pos of this word. Thus, the
input for the predictor is noisy, since the initial assignment is not accurate for manyof the words. This process can repeat a few times, where after predicting the
pos of a word in the sentence we re-compute the new
feature-based representation of the sentence and predict
again. Eachtime the input to the predictors is expected
to be slightly less noisy. In the results presented here,
however, we present the performance without the recycling process, so that we maintain the linear function
expressivity (see (Roth & Zelenko1998) for details).
The results presented in Table 3 are based on experiments using 800,000 words of the Penn Treebank
Tagged WSJcorpus. About 550,000 words were used
for training and 250,000 for testing. SNOWand TBL
were trained and tested on the same data.

Conclusion
Wepresented an analysis of a few of the commonly
used statistics based and machinelearning algorithms
for ambiguity resolution tasks. Weshowedthat all the
algorithms investigated can be re-cast as learning linear separators in the feature space. Weanalyzed the
complexity of the function space in which each of these
methodsearches, and show that they all search a space
that is as complex as the space of all linear separators. Weused these to argue motivate our approach of
learning a sparse network of linear separators (SNOW),
which learns a network of linear separator by utilizing
the Winnowlearning algorithm. We then presented
an extensive experimental study comparing the SNOW
based algorithms to other methodsstudied in the literature on several well studied disambiguation tasks. We
present experimental results on Spell, PPAand POS.
In all cases we showthat our approach either outperformed other methodstried for these tasks or performs
comparably to the best. Weview this as a strong evidence to that this approach provides a unified framework for the study of natural language disambiguation
tasks.
The importance of providing a unified framework
stems from the fact the essentially all ambiguityresolution problems that are addressed here are at the lower
level of the natural language inferences chain. A large

number of different kinds of ambiguities are to be resolved simultaneously in performing any higher level
natural language inference (Cardie 1996). Naturally,
these processes, acting on the same input and using the
same "memory", will interact.
A unified view of ambiguity resolution within a single architecture, is valuable
if one wants understand how to put together a large
number of these inferences,
study interactions
among
them and make progress towards using these in performing higher level inferences.
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