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Abstract

Teaders of computational classesare facedwith the
challengeof setting up a practical programming com-
ponert for student assignmens and projects. One so-
lution is to construct a broad-coveragetoolkit, elim-
inating overhead and leaving students free to think
about the subject matter rather than low-level pro-
gramming details. This article discusseghe criteria
and requiremerts that should guide the developmert
of a programming toolkit for coursevare, and explain
how those criteria a ected the designand implemen-
tation of the Natural Language Toolkit (NLTK), a
broad-coveragetoolkit designedfor use as computa-
tional linguistics coursevare.

1 Intro duction

Computational linguistics is the study of the applica-
tion of computational methodsto processingand ana-
lyzing natural language. In an intro ductory courseon
computational linguistics, a practical programming
componert provides an important tool for teaching
students about these methods. However, dierent
computational linguistics domainsrequire a variety of
di erent data structures and functions, and a diverse
range of topics needto be included in the syllabus.
Furthermore, many of the students come from lin-
guistics badkgrounds, and lack strong programming
skills. Therefore, setting up an easy-to-usepractical
componert can be quite a challenge.

A widespreadpractice is to employ multiple pro-
gramming languages,where ead language provides
native data structures and functions that are a good
t for the task at hand. For example,atypical course
might useProlog for parsing; Perl for corpus process-
ing; and a nite-state toolkit for morphological anal-
ysis. This approacd allows the teacher to draw on a
wide variety of existing tools, and to avoid developing
a lot of software infrastructure.

But unfortunately, this approach also requires
that a signi cant portion of the course be dewoted

to teaching programming languagesinstead of com-
putational linguistics. Furthermore, many interesting
projects spana variety of domains, and would require
that multiple languagesbe bridged. For example, a
studert project that involved syntactic parsing of cor-
pus data from a morphologically rich languagemight
involve all three of the languagesmertioned above:
Perl for string processing;a nite state toolkit for
morphological analysis; and Prolog for parsing.

These same challenges face the teacher of any
computational subject that requires a strong prac-
tical componert (such as computational biology). In
this article, we discussthe issuesinvolved in build-
ing a broad-coverage pedagogicaltoolkit; and show
how we addressedthose issuesin the Natural Lan-
guageToolkit (NLTK), aPython-basedprogramming
toolkit dewveloped in conjunction with a course we
have taught at the University of Pennsyhania.

2 Applications

Beforedesigninga pedagogicaltoolkit, it isimportant
to considerthe usesthat it will be put to. We divided
the toolkit's applications into three basic categories:
assignmerts, in-class demonstrations, and advanced
projects.

2.1 Assignmen ts

We wanted the toolkit to support homework assign-
ments of varying dicult y and scope. In the sim-
plesassignmets, students would useand experiment
with existing componerts. The toolkit should provide
broad coverage,to allow assignmetts to be createdfor
a wide variety of topics. Once students becamemore
familiar with the toolkit, they could be askedto make
minor changesor extensionsto existing componerts.
Finally, students canbe askedto createcompletesys-
tems by combining existing componerts.



2.2

In class graphical demonstrations can be powerful
tools for explaining conceptsand algorithms. Inter-
active demonstration tools can be usedto display rel-
evant data structures, and to show the step-hy-step
execution of important algorithms. It should be pos-
sible to modify both data structures and control ow
during the demonstration, in responseto questions
from the class. Finally, any graphical demonstration
tools should be accessibldo the studerts. This allows
studerts to experiment at home with the algorithms
that they have seenpresened in class.

In Class Demonstrations

2.3 Adv anced Pro jects

The toolkit should provide students with a exible
framework for advanced projects. Typical projects
might involve implemerting a new algorithm, devel-
oping a new componert, or adding support for a new
task.

3 Requiremen ts

Basedon thesethree applications, we de ned the fol-
lowing set of requiremerts for the toolkit's design,
listed in decreasingof importance.

Ease of Use. The primary purposeof the toolkit is
to allow students to concernrate on building natural
language processing(NLP) systems. The more time
students must spend learning to usethe toolkit, the
lessuseful it is.

Consistency.  The toolkit should use consisten
data structures and interfaces.

Extensibility. The toolkit should easily accommo-
date new componerts, whether those componerts
replicate or extend the toolkit's existing functional-
ity. The toolkit should be structured in such a way
that it is obvious where new extensionswould t into
the toolkit's infrastructure.

Do cumentation. The toolkit, its data structures,
and its implemenrtation all needto be carefully and
thoroughly documenrted. All nomenclature must be
carefully chosenand consisterily used.

Simplicity. The toolkit should structure the com-
plexities of building NLP systems, not hide them.
Therefore, eadh class de ned by the toolkit should
be simple enoughthat a student could implemert it

by the time they nish anintroductory coursein com-
putational linguistics.

Mo dularity.  The interaction between dierent
componerts of the toolkit should be kept to a min-
imum, using simple, well-de ned interfaces. In par-
ticular, it should be possibleto complete individual
projects using small parts of the toolkit, without wor-
rying about how they interact with the rest of the
toolkit. This allows studerts to learn how to usethe
toolkit incremertally throughout a course. Modu-
larity also makesit easierto changeand extend the
toolkit.

3.1 Non-Requiremen ts

It is equally important to specify properties that are
not expected of the toolkit:

Compr ehensiveness. Although the toolkit should
provide broad coverage,it is not intended to provide
a comprehensie set of tools. Indeed, there should be
a wide variety of ways in which students can extend
the toolkit.

E ciency. The toolkit doesnot needto be highly
optimized for runtime performance. Howewer, it
should be e cien t enoughthat students can usetheir
NLP systemsto perform real tasks.

Cleverness. Clear designs and implemertations
are far preferable to ingenious yet indecipherable
ones.

4 Why Python?

The rst step in designing a pedagogicaltoolkit is
choosing a suitable programming language. Python
is especially well suited to the task, for a number of
reasons:

Python oers a shallow learning curve; it
was designedto be easily learnt by children
[van Rossum,1999. This ensuresthat students
without a strong computer sciencebadkground
can quickly get up to speed.

Python code is exceptionally readable, with
transparent syntax and semartics; it has been
praised as \executable pseudaode.”" Examples
are therefore easyfor students to follow. Fur-
thermore, studerts can learn by looking at the
toolkit's sourcecode, and not just by using it.



As an interpreted language, Python is suitable
for interactive exploration. Studerts can ex-
periment with the toolkit, and get immediate
feedbad.

Python's light-weight object oriented system
makes it easyto encapsulatedata and meth-
ods in classes,without forcing students to use
them where they're not necessary

Python's recertly added generator syntax
makes it easyto create interactive implemen-
tations of algorithms. Theseinteractive imple-
mentations can be usedto \step through" the
algorithm, examining how its state changesas
the algorithm progresses.

Python's extensive standard library provides a
great deal of power, when needed. For exam-
ple, the Numeric library can be usedto imple-
ment computationally intensive algorithms that
would otherwise be too slow if implemented in
Python.

5

NLTK is implemerted as a large collection of mini-
mally interdependert modules, organizedinto a shal-
low padkagehierarchy. A set of core modules de nes
basicdata typesthat are usedthroughout the toolkit.
The remaining modules are task modules ead de-
voted to an individual natural language processing
task. For example,the nltk.parser packageencom-
passeso the task of parsing, or deriving the syntac-
tic structure of a sertence; and the nltk.tokenizer
module is devoted to the task of tokenizing, or divid-
ing a text into its constituent parts.

Design

5.1 Core Data Types
5.1.1 Token

To maximize interoperability betweendi erent mod-

ules,we useasingleclassto encadeinformation about

natural languagetexts { the Tokenclass. Each Token

instance represens a single unit of text, such as a

word, sertence, or documert; and is de ned by (par-

tial) mapping from property namesto values. For

example, the TEXTproperty is usedto encae a to-

ken's text content; and the TAGproperty is usedto

encade a word token's part-of-speed tag. The LOC
property is usedto specify the location of a token

in its cortaining text. This location can be usedto

decide whether two Token objects refer to the same
piece of text or not.

Natural languageprocessingtasks are formulated
as transformations on Tokens. In particular, eadh
processingtask takes a token, and extendsit to in-
clude new information. Typically, these modi ca-
tions are monotonic; in other words, new informa-
tion is added but existing information is not deleted
or modied. Thus, tokens sere as a sort of black-
board, whereinformation about a pieceof text canbe
incrementally built up. This architecture contrasts
with the more typical pipeline architecture, where
ead processingtask's output discardsits input in-
formation. We chosethe \blac kboard" approach over
the \pip eline" approach becauseit allows more exi-
bilit y when combining tasks into a single system. In
particular:

Since no information is discarded, and all in-
formation is accessedhe same way, students
don't needto worry about \threading" infor-
mation through the system to the tasks that
needit.

Becauseevery processingtasks has the same
basic interface, the order in which processing
tasks are applied can be easily modi ed.

Monotonic modi cation allows tasks to trans-
form to a pieceof a structure without copying
the remaining structure.

Monotonic modi cation ensuresthat the infor-
mation seenby di erent tasks is consisten.

The primary disadvantage of the \blackboard" ap-
proach is that it can be inecien t. In particular,
token properties are not deleted even if they will not
be used. But for a pedagogicaltoolkit, exibilit y is
more important than e ciency; and if necessarythe
unused properties can be explicitly deleted.

5.1.2 Token Subclasses

It is often useful to use a token as a key in a dic-
tionary or an elemen in a set. NLTK therefore
de nes a hashable and immutable token subclass,
FrozenToken.

A number of other subclassesare used to sup-
port specialtokentypes. For example,the TreeToken
classadds methods for performing tree manipulation
operations; and the ParentedTreeToken class au-
tomatically maintains consistert parent pointers for
tree structures.



5.1.3 Other Core Data Types

In addition to the Token class,NLTK de nes a vari-
ety of data typesthat are useful for languageprocess
ing. For example,the nltk.probability module de-
nes classeshat encale frequency distributions and
probabilit y distributions, including conditional distri-
butions and a variety of statistical smoothing tech-
niques; the cfg module de nes classesfor encaling
context free grammars and probabilistic cortext free
grammars; and the corpus module de nes classedor
reading and processingstandard languageprocessing
corpora.

5.2 Task Mo dules

Taskmodulesde ne individual natural languagepro-
cessingtasks, sud as parsing and tokenizing.

5.2.1 Task Classes

Each processingtask algorithm is encaded as a class.
For example, the ChartParser and Recursive-
DescentParser classesad de ne a single algorithm
for parsing a text. Although it might seemunintu-
itive at rst, there are a number of advantages to
using a class (rather than a function) to encade an
algorithm. First, all algorithm-specic options can
be passedto the constructor, allowing a consisten
interface for actually applying the algorithms. Sec-
ond, a number of algorithms needto have their state
initialized beforethey can be used. For example,the
NthOrderTagger classmust be initialized by training
on a tagged corpus before it can be used. Finally,
subclassingcan be usedto create specializedversions
of a given algorithm.

5.2.2 Task Interfaces

In order to provide a formal speci cation of the in-
terface for a given task, ead task module de nes
an interface for its task. These interfaces are en-
coded interfacesas skeletal baseclasseghat usedoc-
strings to specify eadh method's behavior. Using
epydoc, these docstrings can be inherited by derived
classes[Loper, 2003. Each required method raises
an AssertionError , sinceany valid implementation
of the interface must override it; and any optional
methods raise NotimplementedErr or. Interfacesare
distinguished by naming them with a trailing capital
\1," such asParserl and Tokenizer| .

Each interface de nes a single action methad,
which actually performsthe task de ned by the inter-
face. For example, the Parserl interface de nes the
parse method; and the Tokenizer interface de nes
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the tokenize method. When appropriate, an inter-
face will also de ne extenda action methads, which
provide variations on the basic action method. For
example, the Parserl interface de nes the parse _.n
method, which nds all possiblestructures for a given
sertence; and the Tokenizerl interface de nes the
xtokenize method, which outputs an iterator over
subtokensinstead of a list of subtokens.

5.3 In-Class Demonstrations

We usedthe Tkinter toolkit [Lundh, 1999 to create
sewral tools that can be usedto demonstrate the
algorithms implemented by NLTK. We chose Tkin-
ter becauseit is almost universally distributed with
Python; it is therefore possiblefor studerts to play
with the demonstration tools at home. These GUI
demonstrations are built on top of the basictask im-
plemertations; and use generatorsto step through
the algorithm's operations. The demonstration tools
also modi cation and manual control over the basic
algorithm. This lets teachersto usethe toolsto high-
light speci ¢ points about an algorithm; and makesit
easyfor students to experiment with the algorithm at
home. Figure 1 shows the chart parsing demo, which
is usedto illustrate avariety of di erent chart parsing
algorithms.

6 Conclusions

NLTK is a broad-coveragetoolkit that providesa sim-
ple, extensible, uniform framework for assignmerts,
projects, and class demonstrations. It is well docu-
mented, easyto learn, and simple to use.



NLTK is unique among computational linguistics
toolsin its combination of three factors. First, it was
deliberately designedas coursewvare and gives peda-
gogical goals primary status. Second,its target au-
dience consistsof both linguists and computer scien-
tists, and it is accessibleand challenging at many lev-
elsof prior computational skill. Finally, it is basedon
an easy-to-learnand easy-to-readprogramming lan-
guagesupporting rapid dewvelopmert and literate pro-
gramming.

We plan to cortinue extending the breadth of
materials covered by the toolkit. We also plan to
increasethe number of algorithms implemented by
someof the existing modules, such asthe text classi-
cation module.

NLTK is an open sourceproject, and we welcome
any contributions. Readerswho are interestedin con-
tributing to NLTK, or who have suggestionsfor im-
provemerts, are encouragedto contact the author.
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