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Abstract The parallel development of word space models

in different fields has often resulted in duplicated
work. The pace of development presents a need
for a reliable method for accurate comparisons be-
tween new and existing approaches. Furthermore,
given the frequent similarity of approaches, we
argue that the research community would greatly
benefit from a common library and evaluation util-
ities for word spaces. Therefore, we introduce the
S-Space Package, an open source framework with
four main contributions:

We present the S-Space Package, an open
source framework for developing and eval-
uating word space algorithms. The pack-
age implements well-known word space
algorithms, such as LSA, and provides a
comprehensive set of matrix utilities and
data structures for extending new or ex-
isting models. The package also includes
word space benchmarks for evaluation.
Both algorithms and libraries are designed

for high concurrency and scalability. We 1. reference implementations of frequently
demonstrate the efficiency of the reference cited algorithms
implementations and also provide their re- 2. acomprehensive, highly concurrent library of
sults on six benchmarks. tools for building new models

1 Introduction 3. an evaluation framework for testing models

on standard benchmarks, e.g. the TOEFL
Synonym Test (Landauer et al., 1998)

4. a standard interface for interacting with all
word space models, which facilitates word
space based applications.

Word similarity is an essential part of understand-
ing natural language. Similarity enables meaning-
ful comparisons, entailments, and is a bridge to
building and extending rich ontologies for evaluat-
ing word semantics. Word space algorithms have
been proposed as an automated approach for de-The package is written in Java and defines a
veloping meaningfully comparable semantic rep-standardized Java interface for word space algo-
resentations based on word distributions in text. rithms. The framework also provides reusable
Many of the well known algorithms, such as utilities for word spaces, such as tokenizing and
Latent Semantic Analysis (Landauer and Dumaisfiltering, sparse vectors and matrices, special-
1997) and Hyperspace Analogue to Languagézed data structures, and seamless integration with
(Burgess and Lund, 1997), have been shown texternal programs for dimensionality reduction
approximate human judgements of word similar-and clustering. While other word space frame-
ity in addition to providing computational mod- works exist, e.g. (Widdows and Ferraro, 2008),
els for other psychological and linguistic phenom-the focus of this framework is to ease the de-
ena. More recent approaches have extended thi®lopment of new algorithms and the compar-
approach to model phenomena such as child larison against existing models. We hope that
guage acquisition (Baroni et al., 2007) or semanthe release of this framework will greatly fa-
tic priming (Jones et al., 2006). In addition, thesecilitate other researchers in their efforts to de-
models have provided insight in fields outside ofvelop and validate new word space models. The
linguistics, such as information retrieval, natu-toolkit is available abttp:/code.google.com/
ral language processing and cognitive psychologyp/airhead-research/ , Which includes a wiki
For a recent survey of word space approaches armbntaining detailed information on the algorithms,
applications, see (Cohen and Widdows, 2009). code documentation and mailing list archives.



2 Word Space Models Document-Based Models
LSA (Landauer and Dumais, 1997)

Word space models are based on the contextuaESA (Gabrilovich and Markovitch, 2007)
C . . . Vector Space Model (Salton et al., 1975)
distribution in which a word occurs. This ap-
; N ot ; Co-occurrence Models
pr_oach_ has a long history in linguistics, starting HAL (Burgess and Lund, 1997)
with Firth (1957) and Harris (1968), the latter coaLs (Rohde et al., 2009)
of whom defined this approach as the Distribu- Approximation Models
tional Hypothesis: for two words, their similarity Random Indexing (Sahlgren et al., 2008)
in meaning is predicted by the similarity of the Reflective Random Indexing (Cohen et al., 2009)
C . . . TRI (Jurgens and Stevens, 2009)
distributions of their co-occurring words. Later ggaGLE (Jones et al., 2006)
models have expanded the notion of co-occurrencelncremental Semantic Analysis (Baroni et al., 2007)
but retain the premise that distributional similarity Word Sense | nduction Models

can be used to extract meaningful relationships be-Purandare and Pedersen (Purandare and Pedersen, 2004)
tween words WORDSI (Jurgens and Stevens, 2010)

Word space algorithms consist of the same core T5pje 1: Algorithms in the S-Space Package
algorithmic steps: word features are extracted

from a corpus and the distribution of these features
is used as a basis for semantic similarity. Figure

illustrates the shared algorithmic structure of allyhe S-Space framework is designed to be ex-
the approaches, which is divided into four compo+endiple, simple to use, and scalable. We achieve
nents: corpus processing, context selection, feéghese goals through the use of Java interfaces,
ture extraction and global vector space operationgeysable word space related data structures, and
Corpus processing normalizes the input to cresypport for multi-threading. Each word space al-
ate a more uniform set of features on which the algorithms is designed to run as a stand alone pro-
gorithm can work. Corpus processing techniquegram and also to be used as a library class.
frequently include stemming and filtering of stop
words or low-frequency words. For web-gathered3.1 Reference Algorithms
corpora, these steps also include removal of nofThe package provides reference implementations
linguistic tokens, such as html markup, or restrict-for twelve word space algorithms, which are listed
ing documents to a single language. in Table 1. Each algorithm is implemented in its
Context selection determines which tokens in awn Java package, and all commonalities have
document may be considered for features. Combeen factored out into reusable library classes.
mon approaches use a lexical distance, syntacFhe algorithms implement the same Java interface,
tic relation, or document co-occurrence to definevhich provides a consistent abstraction of the four
the context. The various decisions for selectingprocessing stages.
the context accounts for many differences between We divide the algorithms into four categories
otherwise similar approaches. based on their structural similarity: document-
Feature extraction determines the dimensions dfased, co-occurrence, approximation, and Word
the vector space by selecting which tokens in th&Sense Induction (WSI) models. Document-based
context will count as features. Features are commodels divide a corpus into discrete documents
monly word co-occurrences, but more advancednd construct the vector space from word fre-
models may perform a statistical analysis to sequencies in the documents. The documents are
lect only those features that best distinguish wordiefined independently of the words that appear
meanings. Other models approximate the full sein them. Co-occurrence models build the vector
of features to enable better scalability. space using the distribution of co-occurring words
Global vector space operations are applied tan a context, which is typically defined as a re-
the entire space once the initial word features havgion around a word or paths rooted in a parse
been computed. Common operations include altree. The third category of models approximate
tering feature weights and dimensionality reduc-co-occurrence data rather than model it explic-
tion. These operations are designed to improvély in order to achieve better scalability for larger
word similarity by changing the feature space it-data sets. WSI models also use co-occurrence but
self. also attempt to discover distinct word senses while

The S-Space Framewor k
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Figure 1: A high-level depiction of common algorithmic steps that convertjpusanto a word space

building the vector space. For example, these al3.4 M easurements

gorithms might represent “earth” with two vectors the choice of similarity function for the vector
based on its meanings “planet” and “dirt." space is the least standardized across approaches.
Typically the function is empirically chosen based
on a performance benchmark and different func-
The S-Space Package provides efficient impletions have been shown to provide application spe-
mentations for matrices, vectors, and specialeific benefits (Weeds et al., 2004; Bullinaria and
ized data structures such as multi-maps and trietevy, 2007). To facilitate exploration of the
These are modeled after thava.util library  similarity function parameter space, the S-Space
and offer concurrent implementations when multi-Package provides support for multiple similarity
threading is required. In addition the librariesfunctions: cosine similarity, Euclidean distance,
provide support for converting between multiple KL divergence, Jaccard Index, Pearson product-
matrix formats, enabling interaction with externalmoment correlation, Spearman’s rank correlation,
matrix-based programs. The package also proand Lin Similarity (Dekang, 1998)

vides support for parsing different corpora for-

3.2 Data Structuresand Utilities

mats, such as XML or email threads. 3.5 Clustering
Clustering serves as a tool for building and refin-
3.3 Global Operation Utilities ing word spaces. WSI algorithms, e.g. (Puran-

Many algorithms incorporate dimensionality re-dare and Pedersen, 2004), use clustering to dis-
duction to smooth their feature data, e.g. (Lan-cOVer the different meanings of a word in a cor-
dauer and Dumais, 1997; Rohde et al., 2009), oPUS- The S-Space Package provides bindings for
to improve efficiency, e.g. (Sahlgren et al., 2008sing the CLUTO clustering packeyeln addi-

Jones et al., 2006). The S-Space Package suppolt@n: the package provides Java implementations

two common techniques: the Singular Value De-Of Hierarchical Agglomerative Clustering, Spec-

composition (SVD) and randomized projections."@! Clustering (Kannan et al., 2004), and the Gap

All matrix data structures are designed to seam>tatistic (Tibshirani etal., 2000).

Iessl_y integrate w.it.h five SVD implementation for 4 Benchmarks

maximum portability: SVDLIBC, Matlab, Oc-

tave, JAMA and COL®. The package also pro- Word space benchmarks assess the semantic con-

vides a comprehensive library for randomized protent of the space through analyzing the geomet-

jections, which project high-dimensional featureric properties of the space itself. Currently used

data into a lower dimensional space. The librarypenchmarks assess the semantics by inspecting the

supports both integer-based projections (Kanerveepresentational similarity of word pairs. Two

et al.,, 2000) and Gaussian-based (Jones et atypes of benchmarks are commonly used: word

2006). choice tests and association tests. The S-Space
The package supports common matrix transPackage supports six tests, and has an easily ex-

formations that have been applied to wordtensible model for adding new tests.

spaces: point wise mutual information (Dekang, .

1998), term frequency-inverse document fre-4'l Word Choice

quency (Salton and Buckley, 1988), and log enWord choice tests provide a target word and a list

tropy (Landauer and Dumais, 1997). of options, one of which has the desired relation to
the target. Word space models solve these tests by
http:/itediab.mit.edu/ dr/SVDLIBC/ selecting the option whose representation is most

2http://math.nist.gov/javanumerics/jamal
3http://au:s.lbl.gov/ hoschek/colt/ 4http://glaros.dtc.umn.edu/gkhome/views/cluto



Word Choice Word Association
Algorithm  Corpus TOEFL ESL RDWP R-G  WordSim353 Deese

BEAGLE  TASA 46.03 35.56 46.99 0.431 0.342 0.235
COALS TASA 65.33 60.42 93.02 0.572 0.478 0.388
HAL TASA 44.00 20.83 50.00 0.173 0.180 0.318
HAL Wiki 50.00 31.11 43.44 0.261 0.195 0.042
ISA TASA 41.33 18.75 33.72 0.245 0.150 0.286
LSA TASA 56.0060 50.00 45.83 0.652 0.519 0.349
LSA Wiki 60.76 54.17 59.20 0.681 0.614 0.206
P&P TASA 34.67 20.83 31.39 0.088 -0.036 0.216
RI TASA 42.67 27.08 34.88 0.224 0.201 0.211
RI Wiki 68.35 31.25 40.80 0.226 0.315 0.090
Rl 4+ Perm? TASA 52.00 33.33 31.39 0.137 0.260 0.268
RRI TASA 36.00 22.92 34.88 0.088 0.138 0.109
VSM TASA 61.33 52.08 84.88 0.496 0.396 0.200

8 Landauer et al. (1997) report a score of 64.4 for this test, while Rehdl. (2009) report a score of 53.4.
b + Perm indicates that permutations were used with Random Indexing,@@eelsn (Sahlgren et al., 2008)

Table 2: A comparison of the implemented algorithms on common evaluation berkshmar

similar. Three word choice benchmarks that mea- Finkelstein et al. (2002) test for relatedness.
sure synonymy are supported. 353 word pairs were rated by either 13 or 16 sub-
The first test is the widely-reported Test of En-jects on a 0 to 10 scale for how related the words
glish as a Foreign Language (TOEFL) synonymare. This test is notably more challenging for word
test from (Landauer et al., 1998), which consistsspace models because human ratings are not tied
of 80 multiple-choice questions with four options. to a specific semantic relation.
The second test comes from the English as a Sec- The third benchmark considers the antonym as-
ond Language (ESL) exam and consists of 5Gociation. Deese (1964) introduced 39 antonym
question with four choices (Turney, 2001). Thepairs that Greffenstette (1992) used to assess
third consists of 200 questions from the Canadianwhether a word space modeled the antonymy rela-
Reader’s Digest Word Power (RDWP) (Jarmaszionship. We quantify this relationship by measur-
and Szpakowicz, 2003), which unlike the previ-ing the similarity rank of each word in an antonym
ous two tests, allows the target and options to b@air, wy, ws, i.e. ws is the k! most-similar word
multi-word phrases. to wy in the vector space. The antonym score is
calculated as The score

ranku, (wg)—&—rank“,Q (wy) "

ranges fron0, 1], wherel indicates that the most

Word association tests measure the semantic r&imilar neighbors in the space are antonyms. We

latedness of two words by comparing word spaceeport the mean score for all 39 antonyms.

similarity with human judgements. Frequently,

these tests measure synonymy; however, oth&s Algorithm Analysis

types of word relations such as antonymy (“hot”

and “cold”) or functional relatedness (“doctor” The content of a word space is fundamentally

and “hospital”) are also possible. The S-Spacelependent upon the corpus used to construct it.

Package supports three association tests. Moreover, algorithms which use operations such
The first test uses data gathered by Rubensteias the SVD have a limit to the corpora sizes they

and Goodneough (1965). To measure word simiean process. We therefore highlight the differ-

larity, word similarity scores of 51 human review- ences in performance using two corpora. TASA

ers were gathered a set of 65 noun pairs, scored as a collection ofd4, 486 topical essays introduced

a scale of 0 to 4. The ratings are then correlateth (Landauer and Dumais, 1997). The second cor-

with word space similarity scores. pus is built from a Nov. 11, 2009 Wikipedia snap-

4.2 Word Association
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count for the largest efficiency constraint, espe-
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ning time in Figure 2, reflecting the point at which
the models no longer fit into 8GB of memory.
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Figure 2: Processing time across different corpus

sizes for a word space with tH@&0, 000 most fre- Recent models have used dependency parsed cor-

qguent words pora for analysis, e.g. (Padcnd Lapata, 2007).
The next stage of development will be focused
800 [ on providing support for dependency parsing, and
S 00 [BEACLE other syntactic features, as well as providing ref-
& oo T T erence implementations of these algorithms.
o VSM -
g 7 Conclusion
© 400 | B
g ol , We have described a framework for developing
E . and evaluating word space algorithms. Many well
g ot known algorithms are already provided as part of
the framework as reference implementations for
’; 3 4 5 6 7 8 researches in distributional semantics. We have
Number of threads shown that the provided algorithms and libraries
Figure 3: Run time improvement as a factor of in-scale appropriately. Last, we motivate further re-
creasing the number of threads search by illustrating the significant performance

differences of the algorithms on six benchmarks.
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