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Abstract them is not. In the example above, we have tagged
the spaces between words. Each space has been
tagged with either a right bracket and some let-
ters identifying the type of chunk (stating the end
of a chunk), no tag at all (stating that the current
chunk stretches over the next word as well) or a
left bracket (stating the beginning of the sentence).
Observe that before storing the tags, all left brack-
ets except for the first one in the sentence would
be removed, as they are redundant (and they are
therefore not mentioned in the description above).

We will consider an algorithm for chunk-

ing text, classifying tags for words as a
way of specifying the chunks by using

a decision tree (trained by the algorithm
known as J48). We will estimate the
chunks going from the beginning of the
text to the end of the text (forward) mean-
ing that previously estimated tags can be
used as attributes for estimation of other
tags. We will analyse the effects of us-
ing different attributes as parameters for  \What data structure to use?

the estimation.
What data structure one ought to choose depends

1 Credits on how one’s classifier (the program that gives an
, , _ o estimate of the chunk tags for a text) works. Natu-
This article, and the project on which it is basedy|;y one can choose any structure and alter it ap-

were made as examination for the course DATlmpropriater before and after chunking, but we save

at L_unds un_iversity, Lund. | have throughout the,, by choosing an appropriate structure from
project received valuable help and comments fromyq siart.

Richard Johansson, PhD student at LTH, Lund. | will tag words, rather than spaces (as was done

2 Introduction in the example above). All words already carry
tags (their POS), so this is a natural way to do
What is chunking? it, but as there is (almost) one—to—one correspon-

Computational linguistic chunking (there are otherdence between words and spaces, this is of little
meanings of the term chunking) is a way to analimportance, except for our interpretation of the

yse a sentence by dividing it into as few parts postags.

sible such that all the words in any of the parts are When attempting to classify the chunk for a

consecutive and refer to the same entity (objectgiven word, w;, my chunker (the most pow-

event, relation, etc...). erful of the chunkers I'll use, that is) will
We will take an example from the corpus thatconsider words in the proximity ofv;, i. e.
I've used: Wi—2, Wi—1, Wi, Wiy1, Wiy, Where wi,; is the
word directly following w;,. It will also use any
[The investmentP] [is VP] [worth ADJP] other information attached to these words, i. e.

POS tags and chunk tags (in the cases where they
[about $ 130NP] [today NF]. have been assigned). Whether we will be able to

While the chunks are uniquely determined byread the chunk tags of the present words prede-
the sentence, the data structure by which we storeessors or successors will depend on whether we



work forward (from left to right, giving us access 3 Technicalities
to our estimates of chunk tags of predecessors) Qlthe corpus
backward (from right to left, giving us access to
our estimates of chunk tags of successors). The corpus we will use will be the same as was
In the example above, information that Oneused in CoNLL—-2000, the Wall Street Journal cor-
chunk ended and another chunk begun was storeRHs, section5-18 for training purposes and sec-
between the chunks. As we tag words, instead ofion 20 for testing purposes.
spaces, this information will be “pushed” either to
the first word of a chunk or to the last word of a
chunk. (NB! We don’t want to push this informa- In order to classify the chunk tag for one word,
tion in both directions as this would result in moreWe consider the word itself and it's POS, the
types of tags than otherwise needed, and as miwo following words and their POS and the two
chine learning techniques will be used, this woulgPrevious words, their POS and our classification
result in the need of a larger training set.) Whichof their chunk tags. We denote these attributes
of these is the best depends on whether we churfKi—2; - - - » Wit2, ti—2, ..., tiyo @nde;_p ande;_y
forward or backward. As I'll chunk forward, Il Wherew;, denotes thet:th word, ¢, denotes the
push the information of where a chunk ends and & OS tag of thé:th word andc;, denotes the chunk
new chunk begins to the first word of a chunk.  @d of thek:th word. Observe that words that
We consider the example above once more an@'® unusual (I've decided to call words that ap-
observe that information about the type of a chunkP€@r less than 100 times unusual, though there are
was stored only at one place (end of the chunthherv more reasonable ways to set a limit) are ex-
could easily have been placed at beginning ofhanged to some tag, in order to reduce time re-
chunk instead). This has a downside. Should wdaluired to train the decision tree. We then train a
have a large chunk, looking only two words backdecision tree by feeding it a trainingset consisting
(as I'l do when | chunk forward), | may be able of a subset (not neccessarily proper) of the given
to determine that the three previous words are paﬁttributes along with correct classification. As a
of one chunk whithout knowing the type of this training algorithm for the decision tree, we will
chunk. In order not to lose information in this US€ J48 which works roughly as ID3, i. e. max-
manner, every word will be tagged with informa- imises entropy gain when choosing what attribute
tion of what type of chunk it belongs to. to branch on next. By using different subsets of
Thus, a chunk tag will state whether the wordthe given attributes, and using the resulting deci-
is inside or at the beginning of a chunk, as well asSion tree on a testset, we will be able to analyse
what type of chunk it is. We repeat the examplethe effect of different attributes.
we had above:

The algorithm

Comparison

The DT B-NP We need to decide what measure we will use when
stating that one decision tree is better than another
one. We will use thé'—-measure, defined as

is VBZ B-VP 2PR
 P+R

investment NN |I-NP

worth JJ B-ADJP
where P stands for precision anf stands for re-

about RB B-NP call. For any given chunk, the precision is

$S$I-NP P number of words we correctly tagged @s

130 CD I-NP number of words we tagged &5

and the recall is
today NN B-NP

_number of words we correctly tagged @s
.0 ~ number of words that should be taggedas

(The last tag stands for “outside”, not part of anyObserve that the measure of a correctly tagged text
chunk.) is 1 and that the measure of a text with only flawed



tags is0. We are thus interested in models (sets obf great importance for correct classification. The
attributes) resulting in higtf’-measures. guestion remains as to whether or not there is
When comparing two models, the difference insome important attribute indexee2 or 2 or not.
F-measure does not reveal the full story. Fore(W_y 2, W_1 1) = 0.0237, and2% error re-
example, a model with'—measure).51 is only  duction is not insignificant. To usg& additional
slightly better than one with thE—measurd).50, attributes to get this error reduction does how-
while a model withF—measurd.99 is a great im- ever seem somewhat expensive. We'll look into
provement over a model witli'—measure0.98.  whether the information needed to get the error re-
Therefore, when comparing two models with ea-duction is spread evenly among thésattributes,
chother, we will be interested in the error reduc-or if at least some of them may be omitted.
tion we get when exchanging the poorer model, \we |et Wi_32-u_, denote the model us-
mq, for the better oneyy. We define error reduc- ing all attribdtes in the window ranging

tion as: from —2 to 2 except forw_s (and similarly
F(ms) — F(my) when w_y is exchanged for some other at-

e(m1,mg) = 1- F(my) tribute), and getF(Wi_g9_y_,) = 0.9043,

F(W[—2,2]—w2) = 0.9054, F(W[,272],t_2) =

4 Results 0.9057, F(Wi_s9-) = 0.9039 and
Limitations F(Wi_g9-c_,) = 0.9048. What strikes us

first is that we in one of these cases actually

We stgrt by finding some limits for our results surpassed the"—measure which we set as an
by testing the smallest reasonable model (Ioweﬁpper limit. This is the result of overtraining the

limit) and the largest model we intend to use (Up'tree when using the “full’ model. As it turns

per limit). , Cout, F(Wi_g9_w._z_,) = 0.9059, a better result
The smallest model will only use the attribute _,: 72,2 w2 =t - .
y still. In theory, by letting the size of our training

to, i. . the POS of the word for which we attempt o 15 annroach infinity, this would not occur, as

to estimate the chunk. This is often referred Wygjgnificant attributes would simply not be used.

as the baseline, the simplest model anyone woul@yish, oyr Jimited corpus however, it is possible
ever use. Thé™—measure turns out to BET707.  yhat insignificant attributes can have a negative
The largest model we will use will contain all oot (using a better tree training algorithm would

12 previously mentioned attributes, and since nqgq a1y solve this problem, but require more time).
model will use any attribute not used in this modeI,Either way, what we see is that the attributes

we may well expect that this model will have the andt_, probably do more harm than good.
highestF—measure, which i8.9055. As we will B

see, this can be surpassed slightly. We will attempt a similar analysis of the model

Wi_11- We already know that the attributes
Windows w_o, ty and c_, aid the process of classifica-
By a window, we mean a distance (not neccestion S0 based on the assumption that the covari-
sarily the same distance forward as backwardfiNce between words decrease as the distance be-
from the word we'e attempting to classify be- Ween them increase, we may draw the conclusion
yond which we do not venture when choosing atthat the attributesv_1, t; andc_; are beneficial.
tributes to use for the classification. We have al-\Wé compute thef—measures”(W_y1)v,) =
ready specified that we will stay within the win- 0-9049 @nd F(Wi_y 3—_,) = 0.8939. While¢_,
dow ranging from—2 to 2 (we will denote this IS glearly an mportant attribute (error rgdugtlgn of
model W_.)). We will compare this with the using this attribute rgther than not using it is al-
models Wi_1 13, Wi_2.0, Wi_1,0) @nd Wi (in mo_sth%, our model improves by removal of the
all these cases we will use as many attributes a@ttributew.
possible, staying within the given window). We There is yet (at least) one more model worth-
get F'(Wi_y9) = 0.9055, F(W[_y 1)) = 0.9032,  while trying, namelyW_ o, —,—t_,- We find
F(Wi_a0) = 0.8672, F(W_10) = 0.8665 that F(W[_25 w—w,—t ,) = 0.9053, i. e. not
and F(Wpp ) = 0.7901. We immediately ob- an improvement over the mod&|_s o _,,—;_,-
serve that there is at least one attribute indexetiowever the error reduction for using the best
—1 and at least one attribute indexédthat are model we have had so far rather than this



model,e(W|_2 2] —w, —wo—t_s> W[—2,2]—ws—t_,) =  €stimates). After all, using dynamic models cre-

0.0063, is really small, almost insignificant. ates risk of error propagation (one erroneus clas-
We conclude this section about windows bysification causing errors several steps ahead), even

stating that while exact choices of which attributesif this propagation would be limited to stay within

to use are dependent on problem specificationg sentence.

(such as limits on model size), sticking to “full” ~ We compareW|_,, to it's static counter-

windows models is probably a sub—optimal ap-part. This yieldsF(W[_5_p) = 0.9025 and

proach, even if it may appear to be a “natural”e(W|_29—p, W2 9)) = 0.031 ,where—D in the

choice. index indicates that the model is static. While a
dynamic model certainly is an improvement over
Illiterate models vs. literate models a static model, it is nowhere near the importance of

While we have in the section about windows IOrOb_havmg a literate model rather than an illiterate one.

ably built as good models as is possible within thelT démands on the models correctness are some-
hat lax, while demands on speed and model size

bounds of construction we have set for ourselves”” _ ) _
we are not quite done with our analysis of the im-are .StI‘ICt, using static models may be a reasonable
portance of the different attributes. choice.
Inspite of that we throw all unusual words (in
our case meaning words that appear less than 1@eferences
times in the training corpus) in one big heap, the ,
number of distinct words is large, larger than the'\IO reference literature was used.
number of POS or chunk tags. Indeed, the attribute
would be almost useless if it did not allow for
many distinct words. While taking the attributes
w; (for suitable values of) into account (giving
us a literate model) may improve on the results of
classification, it is costly both in terms of the size
of the model and in terms of time required to train
it. llliterate models (not using the attributas at
all) may therefore be of some interest.
When we looked at the “full” windows mod-
els, the models that appeared to be most useful
were W_, o) and W|_y ), which is why we will
compare these models with their illiterate “coun-
terparts”,W_ o, andW_; ;j_r, to get an idea
of the effects of literacy.
For the larger model we get(W;_59_1) =
0.8867 and 6(W{_272]_L,W[_272]) = 0.166 and
for the smaller model we find"(W_; yj_1) =
0.8836 and e(W|_1 1)1, Wj_11]) = 0.168. As
we can see, the actual words have large impact on
the results, and should probably not be discarded.
How to set the limit for which words that are to
be discarded (or thrown into the heap of unusual
words) may still be of interest, but it isn’t anything
that | will deal with here.

Static models vs. dynamic models

Finally, we will consider how well static models
(models that don’t make use of previous estimates,
i. e. the attributes_» andc_1) hold up against dy-
namic models (models that make use of previous



