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Goals of the Lab oratory . Laboratory 2 is an intro duction to context-free parsing: learning how ambiguity
makes parsing dilcult, and learning a bit about two basic algorithmic approacesto solving this problem,
one stadk-based,and the other using a data structure called a OtartOto Omemoizeghd re-usealready-built
structure. Re-usingalready-built structure is the key to elcien t context-free parsing. We alsointro duceyou
to probabilistic cortext-free parsing: how to infer rules from already-parsed examplessertences,and some
of the strengths and weaknesse®f this simple learning approac. Here youOllhave a chanceto work with
the actual, large-scalecorpus data most often usedtoday, the Penn Treebank, which will give you familiarit y
with the data corventions of that data. Finally, this laboratory will involve a little Python programming.
If you feel even the tiniest bit insecureabout this, and/or you needsomeassistance please seethe TA Rob
Speer, rspeer@mit.edu, and sooner rather than later. HeOlbe glad to guide you.

After completing this laboratory, you should be able to understand and use both the classicaland the
modern probabilistic Otwmls of the tradeOfor context-free parsing, as well as someof their limitations.

What you must turn in. As before, please email your write-up as a plain-text or pdf Pble, or just
email a URL to the addressesbelow. WeOe obtained somegraders, so you should now email your answers
to both of them as well asto me: aditis@mit.edu (Aditi Shrikumar); geopapa@csail.mit.edu (Giorgos
Papadristoudis); and berwick@csail.mit.edu. Pleaseinclude the following in the OSulject:O line of your
email: 6.863 Lab 2. As usual, you may collaborate with whomewer you wish; just pleasewrite the names
of your collaborators on your report. Your report should be recognizably your own work.

Initial Preparation: First, be sureyou have a version of Python with NLTK and Numpy installed. Then,
download the software for this lab from http://web.mit.edu/6.863/code/lab2.tar.gz.

Someof the tools you usein this lab will needto be run on Athena, and someof it is in Java. You will
needto run the following commandsto s& up your environment:

athenay, add 6.863
athenay, add java

1 Stack-based parsing

Read section 8.5 in the NLTK book, on shift-reduce parsing, available here: http://nltk.org/doc/en/
parse.pdf or http://nltk.org/doc/en/parse.html.
The following commandswill bring up a GUI with a simple, interactive shift-reduce parser:

>>> from nltk.draw import srparser
>>> srparser.demo ()

You should get a window that looks like this:
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The pane on the right corntains the stadk and the remaining input. The pane on the left cortains the
entire grammar, asa list of production rules.

You can run the parser by clicking the button labeled OStepQepeatedly. Each step will animate one
step of the parser, either shifting a word onto the stack or reducing two subtreeson the stack into a new
subtree. Which action it hasjust carried out is displayed at the lower left, in the OLastOperationOpanel.

Try stepping through the parser, using the provided example sertence, Ony dog sav a man in the park
with a statueO. Click on OStepQuntil the parser gets stuck in a situation whereit cannot shift, becausethe
input hasno tokensleft, and it cannot reduce, becausethere is no production that involvesthe items on the
stack.

This dead-end was causedby the parsa@® incorrect choice betweena shift and a reduce action at some
point. This is called a shift-reduce conf3ict. To get around this parsing mis-step, you can now badk up the
parser by repeatedly hitting the OUndoCbutton.

Back up to the point at which the incorrect choice was made, and click OShiftOor OReduceQourself to
make the correct choice.

Problem 1.1. By making manual decisionsto shift or reduce when necesary, obtain a parsetree for the
whole sertence. Include this parsetree in your lab report.

We therefore seethat context-free parsersin general must operate non-deterministically Dthat is, they
must guess. This is a primary source of computational dilcult y in natural language processing. Since no
physical machine can operate non-deterministically, we must somehav either dodge this problem (use an
oracle, order actions probabilistically , Pgure out how peopleoperate. . .), or elsesimulate a nondeterministic
machine.

For the momert, we will pursue another plan: developing a way to Oalvays make the right choiceObthat
is, a parsing strategy that orders choicessystematically when more than one action can apply at a given
step. In a shift-reduce parser, there are only two possiblesuc conRicts:

¥ A shift-reduce conBict, in which it is ambiguouswhether the parser should shift a new word onto the
stadk or reducetwo items on the stadk

¥ A reduce-reduceconf3ict, in which there is more than one way to reducethe items on the stad into a
new nonterminal

A strategy is a systematic resolution of these conRicts imposedon the parserOsctions. For example,
we could decideto always resolve shift-reduce conBictsin favor of shift actions Bif a conf3ict occurs, always
shift an item onto the stadk, and do not reduceb or we could decideto do the opposite. We denote shift >



reduce asthe strategy in which shift takes precedenceover reduce,and reduce > shift asthe strategy in
which reduce takes precedenceover shift.

Problem 1.2. How would you characterize the strategy that the parseris automatically using? Is it shift
> reduce or reduce > shift ?

Problem 1.3. The choice of strategy a"ects the shape of the resulting parsetree. Parsetreescan be bushy
D Ratter rather than deeper Bor they can be straggly Bbranching deeplyto the right or left. Characterize
which strategy leadsto which type of parsetree in theseterms.

Problem 1.4. The example sertence has multiple possible parses. Give a complete parse tree for the
sentence that is as bushy as possible,and one that is as straggly as possble. You may, of course, use the
shift-reduce parserto help you do this.

Problem 1.5. Putting to one side issuesabout Omeaning,(eopleseemto have debnite preferencesn the
way that they construct parse trees for sertencessuc as Ony dog saw a man in the park with a statue
on the grassbehind the fenceO.Doesthis preference seem to follow shift > reduce , reduce > shift , or
neither? Can you justify this in terms of what they put on the stack?

While shift-reduce parse's are hindered by the ambiguity of natural language,they are often usedto parse
computer languageswherethey are called LR parsers. (Seehttp://en.wikipedia.org/wiki/LR_parsing.)

Parsersfor computer languagesstill needto have strategiesto resolve conf3icts. A very commononeis to
decidebasedon the nonterminal ontop of the stack and the next token of input that hasnot yet beenshifted.
This is known as simple LR parsing with one token of lookahed, or LALR(1), and it can be implemented
very elcien tly with lookup tables on computers. (The OLROis an acronym invented by Knuth, who brst
developed this approac: it stands for Oparsinga sertence L eft to Righ t, building a L eftmost derivation in
Rewerse. (The usual cute Knuthian puns appear.)

An example of using LALR(1) for parsing English might be that when you are parsing a noun phrase,
you want to reduce (Pnishing the noun phrase) if the next word is a verb, but shift if the next word is a
preposition (so it can be attached to the noun phrase).

Problem 1.6. Give an example of a confict in this toy grammar that would not be resolved by LALR(1).

Interesting generalizationsof this strategy are possible. In his thesiswork, Marcus (1980) suggestedthat
this one token of lookahead be extended to lookahead for an ertir e phrase, and that the human sertence
processorcould be so characterized. MarcusO#dea wasthat his method could distin guish betweencasesike
the following, where the parser must decide whether haveis an auxiliary verb or a main verb:

1. Have the students taken the exam (Have is an auxiliary verb, and the sertenceis a Yes-Noquestion)

2. Have the students take the exam (Have is a main verb, part of an imperative sertence, e.g., OYou have
the students take the exam.O)

Note that the Odisanbiguating® material in this casecould lie arbitrarily far aheadin terms of number of
word tokens it is the tenseof the verb (taken vs. take), but it is only one phraseahead- if the parser could
look past the next whole Noun phrase (Otheboys. . .Q)it could seethis disambiguating cue. Marcus claimed
this is how human parsing worked. WeOlkalk a bit about this in a later lecture, or you can read his book,
A Theory of Syntactic Recognition for Natural Language

2 Table-driven methods: Chart parsing
Preparation:  Pleaseread section 9.2 in the NLTK book, which is on chart parsing. You can get this

documert here:
http://nltk.org/doc/en/advanced-parsing.pdf Or http://nltk.org/doc/en/advanced-parsing.html.



This sectionguidesyou in completing the programming of a simplibed chart parser. It is unable to handle
phrasesthat are ambiguous, retaining just one parsefor each subsequencef words, and it doesnot output
a parsetree. Your job will be to bPnishthis last part: outputting a parsetree.

WeOrgiving you the code from section 9.2 of the NLTK book, cleanedup slightly, in the 1ab2.tar.gz
padage. Instead of including the grammar asa literal string, this code loadsit from the local Pleexamplel.cfg,
using the versatile n1tk.data.load function:

>>> grammar = nltk.data.load("file:examplel.cfg")

Problem 2.1. Finish exercise4 in section 9.2 of the NLTK book, which asksyou to augmernt this code with
the ability to construct a parsetree.

The nltk.Tree data structure, described in section8.3.3, will be helpful. Hereis an example of building
up a tree from pieces:

>>> treel = nltk.Tree(’NP’, [’John’])

>>> tree2 = nltk.Tree(’NP’, [’the’, ’man’])
>>> tree3 = nltk.Tree(’VP’, [’saw’, tree2])
>>> treed4 = nltk.Tree(’S’, [treel, tree3])
>>> print tree4d

(S (NP John) (VP saw (NP the man)))

For the given sertence (Othe kids opened the box on the RoorQ), your code should output one of the
following trees

(s
(NP (Det the) (N kids))
(VP
(V opened)
(NP (NP (Det the) (N box)) (PP (P on) (NP (Det the) (N floor))))))
(s

(NP (Det the) (N kids))

(VP
(VP (V opened) (NP (Det the) (N box)))
(PP (P on) (NP (Det the) (N floor)))))

NLTKOschart parser module is more robust than the simple parser you worked with above. You can
accesst with this line:

>>> from nltk.parse import chart

Problem 2.2.

Preparation: Read section 9.3 of the NLTK book, describingthe bottom-up, top-down, and Earley strate-
giesfor chart parsing. Experiment with the GUI interface if you want.

Imp ortan t: NLTK 0.9.1hasa bug in the Earley parserthat causest to crash. There are two easyways to
work around this:

¥ Do this part on Athena, whoseNLTK has beenpbxed.

¥ In the lab packageweOe included a repaired version of chart.py. To usethis corrected versionfor the
Earley parser, run import chart from that directory instead of from nltk.parse import chart.

The complexity of chart parsing is directly related to the number of edgesthat can ever get added to
the chart (relative to a particular sernience length and a grammar). Any time the parser adds a chart edge
(equivalertly, table entry) that newver participates in a bnal, correct parse, it has done unnecessarywork.



To operate mog elcien tly, it should avoid such unnecessary work as much as possible. In this problem we
examinethis particular issuebrieRy.

Usethe text-mode demo, chart.demo (), to parsea sertence using the top-down, bottom-up, and Earley
strategies. Out of all three strategies, what kinds of edgesare added only by the top-down parser? What
kinds of edgesare added only by the bottom-up parser?

Problem 2.3. In fact there is a whole range of strategies possiblewhen doing chart parsing, someof which
are more tailored to languageslike English (rather than, say, German or Japanese). Find some example
edgesproduced by the Earley parserthat seemunnecessaryfor completing the demo parse. Describe brieRy
a modibcation to the Earley parsing strategy that would prevent these edgesfrom being produced, while
still producing all the correct parsetrees. (One possiblemodibcation is mentioned elsewherein the NLTK
book, but not implemented in NLTK.)

3 Probabilistic context-free parsing

Preparation: Read sedion 9.5 of the NLTK book, on how to train probabilistic context-free grammars
(PCFGs) from example parsetrees.

WeOswritten someutilit y functions for learning PCFGs; theyOrencluded in the packageaslearn_pcfg.py.
You should read this ble and its commerns; it will make your life easier. This code can learn from a list of
trees you provide, or from sectionsof the Penn Treebank.

Problem 3.1. Alyssa Hacker decidesto build a treebank. Shebnally producesa corpuswhich contains the
following three parsetrees, all of which have the samestructure:

5 g g
NP vp Np VP b e
| 2
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V1 SBAR V1 SBAR Vi Sé'AR
| \ | o~ / L
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that _ T |
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Sally \'mu'p Bl VP  ADVP |
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|
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Clearly, this is an important data resourceand it desenesto be represerted in NLTK. SoweOe debned
thesetreesin the variable three_trees in learn pcfg.py.

You decideto train a PCFG basedon AlyssaOsreebank, so that you can put in similar sertencesand
get similar parsetrees. Use NLTK and our utilit y functions to train the maximume-likelihood PCFG for
this treebank, and print it to seeits rules What are the rulesfor expanding the nonterminal VP and their
assaiated probabilities?

Problem 3.2. Using this PCFG, bnd the two most likely parsesfor the sertence OJe" pronounced that
Fred snoredloudlyO. What are their probabilities?

Problem 3.3. Youaresurprised to bndthat this grammar producesambiguousresults, eventhough AlyssaOs
corpuswasso consistert. One of the parsetreeshasa structure never sea in the three examples:the adverb
loudly attachesto the OhigherQrerb, pronounced, instead of to snored.

You donOtwant this ambiguity; you want trees with high attachment to have zero probability, because
they never appear in the corpus.

Make a small modibcation to the corpus,in a way that may slightly increasethe number of non-terminals
in the grammar, sothat the resulting grammar will only give you parseswith low attachment. What change
did you make? What is the probability of the correct parsetree now?



3.1 Learning from a Large Corpus

Now itOstime to move on to a bigger corpus. If you have imported the Treebank corpus with from
nltk.corpus import treebank, the function treebank.parsed_sents() will give you parse trees repre-
serting a 10% sample of the Penn TreebankOdVall Street Journal training data.

Problem 3.4. Train a probabilistic grammar from this 10% sample. How many rules does the grammar
have? (Using print on a grammar will display a count of the total number of rules, followed by all of the
rules. You can also examine len (grammar . productions()).)

ThatOsrather a lot of rules, and many of them are highly artibcial rules that result from the Chomsky
normal form translation (binary-branching form, asidefrom terminal, part of speed tags). If you usel these
in a parser, it would be boggeddown in rules that were almost never used. A trick called Markov smaothing,
however, can combine someof theseartibcial rulestogether. You canread about it in the APl documertation
at http://nltk.org/doc/api/nltk.treetransforms-module.html.

Problem 3.5. Retrain your grammar using Markov order-1 smoothing. How many rules doesthe grammar
have now?

For testing purposes,we will use four sertencesthat occur outside of this 10% sample. Figure 1, on
page7, shows the sertencesin their gold-standard parsetrees.

To use thesesertencesasinput to a statistical parser, they needto be tokenized: there needto be spaces
between everything that the parser considersas a separatetoken, not just where spaceswould be usedin
natural English. For example, the tokenizedversion of sertence 3 is:

The dispute shows clearly the global power of Japan ’s financial titans .

These four sertencesappear, appropriately tokenized, as the variable sentences in learn pcfg.py, SO
you can refer to them as sentences [0] through sentences[3].

Problem 3.6. Useyour smoothed grammar to parsetheseseriences. Ab out what percertage of constitu ents
does this parser correctly identify in the brst three sertences? (One way to measurethis is to count the
number of constituents in the correct tree, and then identify how many constituents in the parserOsutput
have the samenonterminal spanningthe samewords.)

Problem 3.7. Why canOthe current grammar parsethe fourth sertence? You should obsene at least two
problems. Suggestways to bx ead of these problems and make the parserlessfragile. (Be brief; You do not
needto implement your bxes.)

3.2 Optional: Accessing the entire corpus

If you want to experiment with the ertire Wall Street Journal training set, instead of a 10% sampleof it, we
have it installed on Athena. You can accesst with:

trees = treebank.parsed_sents(’wsj-02-21.mrg’)

You can install it on your own machine aswell. Find the directory where your NLTK data is installed,
such as/usr/share/nltk/data. That directory should have a subdirectory called corpora/treebank. Copy
/mit/6.863/tools/wsj-02-21.mrg from Athenainto that directory, and NLTK will then be ableto bndit.

However, you may Pnd that using all this data in a simple NLTK parser makesit take a considerable
amourt of time to run.



Figure 1: The parsetrees for our four test sertences.

1. (S
(NP-SBJ (DT The) (NN luxury) (NN auto) (NN maker) )
(NP-TMP (JJ last) (NN year) )
(VP (VBD sold)
(NP (CD 1,000) (NNS cars) )
(PP-LOC (IN in)
(NP (DT the) (NNP U.S.) ))))

2. (S
(NP-SBJ (NNP Bell) (NNP Industries) (NNP Inc.) )
(VP (VBD increased)
(NP (PRP$ its) (NN quarterly) )
(PP-DIR (TO to)
(NP (CD 10) (NNS cents) ))
(PP-DIR (IN from)
(NP
(NP (CD seven) (NNS cents) )
(NP-ADV (DT a) (NN share) ))))

. D)

3. (8
(NP-SBJ (DT The) (NN dispute) )
(VP (VBZ shows)
(ADVP-MNR (RB clearly) )
(NP
(NP (DT the) (JJ global) (NN power) )
(PP (IN of)
(NP
(NP (NNP Japan) (POS ’s) )
(JJ financial) (NNS titans) ))))

. D)

4. (SQ (VBD Was)
(NP-SBJ (DT this) )
(SBAR-PRD
(WHADVP-1 (WRB why) )
(s
(NP-SBJ
(NP (DT some) )
(PP (IN of)
(NP (DT the) (NN audience) )))
(VP (VBD departed)
(PP-TMP (IN before) (CC or) (IN during)
(NP (DT the) (JJ second) (NN half) )))))

. )



