
Obligatory assignment 2 (INF4820, Fall 2012)

This is the second out of five obligatory assignments in INF4820 for the fall2012. The assignments won’t count
in the final grade, but all have to be passed in order to qualify for the final exam. Please make sure you re-
ad through the entire assignment before you start coding (4 pages). Ifyou have any questions, send an email to
murhaff@ifi.uio.no and/orerik.velldal@ifi.uio.no .

Submitting: Please submit your answers via Devilry by the end of the day (23:59) on Thursday, September 20th:
https://devilry.ifi.uio.no/ . Please provide your code and answers (in the form of Lisp comments) in asingle
‘.lisp’ file.

Summary of goals for this exercise:

• Implement a vector space model for representing semantic/distributional word similarity.

• Design data structures for representing high-dimensional sparse feature vectors.

• Implement functionality for computing the similarity of words based on the distance of their (length-normalized)
feature vectors in the space.

Files you’ll need

Our data set for this session will again be a subset of the Brown corpus (but a larger chunk than in the previous
assignment). The data consists of 5000 sentences as plain text, one sentences per line. (Please do not re-distribute,
as the data is licensed.) Grab the file ‘brown5000.txt ’, copying it to your IFI home directory, by issuing the
following command at the shell prompt:

cp ~erikve/inf4820/brown5000.txt ~/

We’ll also be using an existing Lisp implementation of the classic Porter stemmer. Copy the source file to your
home directory:

cp ~erikve/inf4820/stemmer.lisp ~/

To be able to use the stemmer, make sure you include the following at the top of your lisp source file (or call the
same commands at the Lisp prompt):

(compile-file (pathname "stemmer.lisp") :verbose t)
(load (pathname "stemmer") :verbose t)

This will provide us with a function calledstem that we can use for reducing inflected word-forms to a common
base-form orstem, for example as in:

CL-USER(37): (stem "programming")
"program"
CL-USER(38): (stem "programers")
"program"
CL-USER(39): (stem "programs")
"program"
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Note that stems won’t always correspond to actual words, as in:

CL-USER(41): (stem "this")
"thi"

For more background on the Porter stemmer, seehttp://tartarus.org/ ˜ martin/PorterStemmer/ .

1 Theory: Word–context vector space models

The theoretical background for this exercise set is what we covered inthe previous lecture (Sept. 4, 2012); see the
lecture notes on the course home page. Our goal is to construct a vector space model where words are represented
asfeature vectorsin a high-dimensionalfeature space. For a given word, we will define the features to be the other
words co-occurring with it in the contexts found in our corpus (‘brown5000.txt ’). (Recall that, each feature will
be assigned to a distinct dimension in the space.) The idea is to model semantic similarity in terms of distributional
(or contextual) similarity, and in turn to model this as geometrical distance in the vector space. We will here take a
crudebag-of-words(BoW) approach to how we define context: The features we extract fora given occurrence of a
word will simply consist of all other words co-occurring within the same sentence.

(a) In just a few sentences, discuss other ways of how we could have defined the notion of context for this particular
data set (assuming we don’t do any further pre-processing of the data, such as PoS-tagging, etc).

2 Creating the vector space

(a) To represent the vector space in our Lisp code, we will implement an abstract data type that we namevs .
Usingdefstruct , define a structurevs that has at least the following slots;string-map , id-map , matrix ,
andsimilarity-fn . The structure slots are intended to be used as follows:

• string-map ; For mapping strings to numeric identifiers.

• id-map ; For mapping numeric identifiers to strings.

• matrix ; The collection of feature vectors can, abstractly, be thought of as a matrix, where each feature
vector corresponds to a row in a matrix. The columns then correspond to dimensions in the feature space. We
will sometimes refer to this matrix as theco-occurrence matrix, and this will store the frequency counts for
our model.

• similarity-fn ; A function for computing word similarity (in terms of the proximity of their feature
vectors in the space).

(b) In this exercise you will define a functionread-corpus-to-vs that reads the content of the corpus (one
sentence per line), and fills the matrix of our vector space structure (vs ) with co-occurrence counts. The matrix
should contain one row per word, and one column per feature. Note, however, that in our particular BoW-definition
of context, the features are themselves really just words. So, we will havea word-by-word matrix, where each
elementeij represents the number of times that wordi and wordj have co-occurred in the same sentence. Example
function call:

CL-USER(7): (setq space (read-corpus-to-vs "brown5000.t xt"))
#S(VS :STRING-MAP ...

:ID-MAP ...
:MATRIX ...
:SIMILARITY-FN ...
... )

You should think carefully about the choice of data-structure for representing the co-occurrence matrix (i.e. the
collection of feature vectors). Keep in mind that the feature vectors will typically be very sparse. Each word will
give rise to a separate feature, and each feature represents a dimension in the vector space. However, only a few
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of of the features will typically be ‘active’ (i.e. non-zero) for each word. Do Lisp vectors provide the best way to
represent our sparse feature vectors? As part of you answer to problem 3b please include a few sentences motivating
your choice of data structure for the matrix / feature vectors.

When working with large models we typically want to work with numerical identifiers rather than directly with
strings. This often means we can store and index the data more compactly and efficiently. When populating the
co-occurrence matrix you should therefore assignnumeric identifiersto strings. Write functionsstring2id and
id2string , mapping strings to numeric ids andvice versa. (For generality, you might even want to maintain
separate such id mappings for words and features.)

When reading in the words from the Brown corpus, we will also want to do some simpletext normalizationto reduce
the ‘noise’ and give us fewer unique word types. You should at least make sure that the words are all lower-case
and without any attached punctuation (in prefix/suffix position). Built-in functions likestring-downcase and
string-trim come in very handy for this. After you’ve done the normalization you see fit,make sure to finally
apply the stemming function (stem ) as defined in ‘stemmer.lisp ’. The stem function should be applied on a
per-token basis. In other words, you’ll need something along the lines of:

(defun normalize-token (word-string)
(stem (your-other-normalization-functions word-string )))

As discussed in the lecture slides and in J&M, we typically also want to filter out very high frequency words, such
as closed-class function words. You can use the following (quite arbitrary and unscientific) list for filtering out such
‘stop-words’. Of course, feel free to compile you own stop-lists instead. (Note that, depending on how you structure
your program, you might want to convert this list to a form where the stemmer has already been applied.)

(defparameter * stop-list *
’("a" "about" "also" "an" "and" "any" "are" "as" "at" "be" "b een"

"but" "by" "can" "could" "do" "for" "from" "had" "has" "have "
"he" "her" "him" "his" "how" "i" "if" "in" "is" "it" "its" "la "
"may" "most" "new" "no" "not" "of" "on" "or" "she" "some" "su ch"
"than" "that" "the" "their" "them" "there" "these" "they" " this"
"those" "to" "was" "we" "were" "what" "when" "where" "which "
"who" "will" "with" "would" "you"))

Finally, for testing purposes, it might also be helpful to write a function that easily gives you direct access to the
feature vector for a given word, such as

(get-feature-vector space "food")

Note that, to ensure consistency, it could be a good idea to then apply the samenormalization scheme (stemming
etc.) to the words you want look up in the model (in this case"food" ).

(c) Write a functionprint-features , taking three arguments; avs structure, a word (as a string) and a
numbern. The function should then print a sorted list of then features with the highest count/value for the given
word (normalized and stemmed). Example function call (your results may differ):

CL-USER(17): (print-features space "senator" 10)
bill 0.21589388
hous 0.21589388
state 0.21589388
pass 0.19626716
last 0.17664045
vote 0.15701373
senat 0.15701373
week 0.13738701
u. * 0.1177603
committe 0.1177603
NIL



3 Vector operations

(a) The Euclidean norm or length of a vector~x is defined as follows:

‖~x‖ =

√

∑n

i=1
~x2i

Write a functioneuclidean-length that computes the norm of a given feature vector.

(b) It is often desirable to work with so-calledunit vectorsor length normalizedvectors. (One important reason
for this is that we want to reduce bias effects caused by e.g. skewed frequency distributions. It also makes it possible
to compute similarity functions such as the cosine much more efficiently). A vectorhas unit length if its Euclidean
norm is 1:

‖~x‖ =

√
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~x2i =

n
∑
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Write a functionlength-normalize which, taking a vector space structure (vs ) as input, destructively modifies
the co-occurrence matrix so that all the feature vectors (or rows) haveunit length. This should have an effect similar
to the following:

CL-USER(83): (euclidean-length (get-feature-vector spa ce "france"))
14.662878
CL-USER(84): (length-normalize space)
#S(VS ... )
CL-USER(85): (euclidean-length (get-feature-vector spa ce "france"))
1.0000006

(c) The cosine measure, defined as

cos(~x, ~y) =
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√
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=
~x · ~y

‖~x‖‖~y‖

is perhaps the most commonly used similarity measure in vector space models. When working with length norma-
lizedvectors, the cosine can be computed simply as thedot-product(aka the inner product). The dot-product of two
vectors~x and~y is defined as:

~x · ~y =
n
∑

i=1

~xi~yi

Write a functiondot-product that computes this similarity score for two given feature vectors. Store the function
in the slotsimilarity-fn of our vector space structure.

(d) Finally, write a functionword-similarity that computes the similarity of two given words in our model.
The function should take three input parameters; avs structure, and two words (as strings). Example of a function
call (again, your exact return values need not be identical):

CL-USER(34): (word-similarity space "university" "insti tute")
0.5651537
CL-USER(36): (word-similarity space "university" "relig ion")
0.076836824

Happy coding!
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