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Abstract— The availability of unstructured text as a source
of data has increased by orders of magnitude in the last few
years, triggering extensive research in the automated processing
and analysis of electronic texts. An especially important and
difficult problem is the identification of salient words in a
corpus, so that further processing can focus on these words
without distraction by uninformative words. Standard lists of
stop words are used to remove common words such as articles,
pronouns and prepositions, but many other words that should
be removed are much harder to identify because word salience
is highly context-dependent. In this paper, we describe a neu-
rodynamical approach for the context-dependent identification
of salient words in large text corpora. The method, termed the
Attractor Network-based Salient Word Extraction Rule (ANSWER)
is modeled as a cognitive mechanism that identifies salient
words based on their participation in coherent multi-word ideas.
These ideas are, in turn, extracted via attractor dynamics in
a recurrent neural network modeling the associative semantic
graph of the corpus. The corpus used in this paper comprises
the abstracts of all papers published in the proceedings of
IJCNN 2009, 2011 and 2013. The list of salient words that the
system generates is compared with those generated by other
standard metrics, and is found to outperform all of them in
almost all cases.

I. INTRODUCTION

Analyzing large corpora of text is important for many
applications such as information retrieval, automatic text
interpretation, document classification, etc. With the con-
tinuing exponential growth of on-line texts, analysis must
be automatic and efficient, which requires that algorithms
focus on the most relevant information. Thus, one of the
first steps in text analysis is often the removal of words
that are considered non-salient for the task at hand. These
include a standard set of stop words — articles, pronouns,
prepositions and conjunctions, as well as modal verbs and
other very common verbs — but even after their removal,
corpora typically contain a mixture of salient and non-
salient words. This has motivated the development of several
approaches for identifying salient words using features such
as word frequency and pattern of word distribution over the
corpus [1], [2], [3], [4], [5], [6], [7], [8]. However, all of
these methods have limitations, and new approaches are still
needed for this important task. In particular, most existing
approaches for identifying salient words are focused mainly
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on discovering keywords or terms for search queries. i.e.,
extracting small, highly concentrated sets of words, rather
than finding all (or a large fraction) of salient words in
the corpus. The latter is important for applications such as
concept analysis and idea mining in text corpora.

In this paper, we describe an efficient method for extract-
ing salient words from text corpora using a recurrent neural
network. The method is completely data-driven, and is based
on cognitive and relational arguments rather than purely
statistical ones. Very importantly, the method does not require
that the corpus being analyzed divide neatly into distinct
documents, as is the case with the most widely used approach
— the term frequency-inverse document frequency (TF-IDF)
method. We demonstrate the capabilities of the proposed
technique using a corpus comprising the abstracts of all
papers in the 2009, 2011 and 2013 International Joint Confer-
ences on Neural Networks (IJCNN’2009, IJCNN’2011 and
IJCNN’2013). The performance of the method is compared
with that of several other commonly used heuristics, and is
found to exceed them in almost all cases.

II. PREVIOUS WORK

The earliest automated approach to identifying salient
words in documents and corpora was proposed by Luhn, and
was based on word frequency [1]. In this approach, words
with very high and very low frequencies in the corpus were
considered non-salient and those with frequencies between
these cut-offs were designated salient. These salient words
were then used to identify significant sentences to automati-
cally assemble an abstract. This approach is useful, but word
frequency is, at best, an uncertain indicator of salience. For
corpora with well-defined documents, the more focused TF-
IDF metric was proposed by Salton and colleagues [2], [3].
It calculates the saliency of word v in a document d as:

n(v,d) M
N XlOgm(v) (1)

s(v|d) = TF(v,d) x IDF(v) =

where n(v,d) is the number of times v occurs in d, Ny is
the number of words in d, M is the total number of docu-
ments in the corpus, and m(v) is the number of documents
that contain the word v. Thus, a word that occurs frequently
in d but does not occur in most documents is considered
salient for that document. To calculate corpus-wide saliency,
one can either average the saliency across all documents, take
the maximum saliency, or count the fraction of documents in
which the word is sufficiently salient. This approach is used
very frequently in information retrieval applications. Other



approaches proposed for identifying salient words include:
keyword detection based on analyzing the recurrence interval
statistics of words with respect to a stochastic process model
[4], [5], [7]; computing the inhomogeneity of a word’s local
versus global density based on the premise that salient words
have a “bursty” distribution, occuring with greater density in
local neighbourhoods where they are more relevant rather
than uniformly over the corpus [6], [7]; using the statistics
of a word’s distribution relative to its neighbors in the corpus
[9]; and extracting highly connected word communities from
the semantic graphs of individual documents [8].

The ANSWER model is based on a network approach,
viewing documents and corpora as semantic graphs with
nodes as words and associations between them as edges.
Such models have been used previously in text processing
applications such as document summarization [10], [11], vi-
sualization [12], question answering [13], content extraction
[14], keyword extraction [8], and document clustering and
retrieval [15]. However, the meaning of edges has often var-
ied across these applications. In ANSWER, the associations
represent co-occurrence within the same semantic unit, i.e.,
sentence.

Broadly, the ANSWER model falls into the category of
neural models based on associative learning and recall. It
has long been recognized that associations between semantic
elements, e.g., concepts, categories, etc., is fundamental
to many cognitive processes — especially those involving
language and ideas. This has led to extensive studies on
word association norms [16], [17], [18], associative recall
[19], [20], [21], [22], [23], priming [24], [25], [26], [27],
[28], ideation [29], [30], [31], [32], [33], [34], [35], [36],
[37] and the associative structure of language [29], [38], [39],
[40], [41], [42], [43], [44]. The ANSWER model draws upon
this work for its theoretical underpinnings. It is based on
a neurodynamical model of thinking called IDEA (itinerant
dynamics with emergent attractors) that we have described
previously [45], [46], [47], [48], and our earlier work on
computational models of ideation and priming [49], [50],
[51], [52].

III. DESCRIPTION OF OVERALL APPROACH

Several of the existing methods for identifying salient
words are based on a broad but fundamental heuristic: The
occurrence of salient words in texts or relative to other
words is “informative” or “inhomogeneous”, while that of
non-salient words tends to be more “random”. This reflects
the idea that salient words occur meaningfully, whereas
non-salient ones, such as articles or prepositions, occur for
reasons of grammar and syntax rather than semantics. The
ANSWER model presented in this paper embodies a more
cognitively motivated version of this insight. It is based on
three basic postulates:

o Semantic knowledge derived from a text corpus is
represented in the mind by an Associative Semantic
Network (ASN) whose nodes are words (or concepts)
and where the edges between nodes represent associ-
ations between pairs of words as found in the corpus,

e.g., the correlation, point-wise mutual information, or
probability of co-occurrence in the same sentence. The
construction of such an ASN can be seen as the result
of reading the texts in the corpus.

e Meaningful ideas induced from the corpus correspond
to strongly connected groups of nodes (words/concepts)
within the ASN.

o Salient words are over-represented in coherent ideas
compared to their representation in the corpus at large,
whereas non-salient words are represented at baseline
or lower levels, i.e. ideas concentrate salience. Thus,
the frequency of a word in a large list of coherent ideas
derived from a corpus is a better indicator of its salience
than its frequency in the entire corpus.

Thus, the approach of the ANSWER model requires three
steps: 1) Construction of the ASN from the corpus; 2)
Sampling of a large set of coherent ideas from the ASN as
strongly connected sub-networks of a few nodes each; and
3) Thresholding words into salient and non-salient groups
based on their frequency of occurrence in the sampled ideas.
This can be seen as a graph-based analog of the approach
in [6], [7], where localized regions of text are identified as
being more or less dense in salient words.

The construction of the ASN requires two decisions:
Which words from the corpus to include, and how to assign
the value of associative weights between words. As described
below, we exclude many obviously non-salient words from
the ASN using simple pre-processing so that the ASN con-
sists mainly of words whose salience is difficult to ascertain.
The associative weights in this work are based on correlated
co-occurrence of words in sentences (see below).

The core of the algorithm is the sampling of ideas from the
ASN. Unlike methods that identify salient regions in the text
[6], [7], ideas sampled from the ASN include emergent ideas,
i.e., those that never occurred explicitly in the text but are
“implied” by its correlational statistics. Elsewhere, we have
suggested that these might represent latent ideas that could
be the basis of subsequent innovation [53]. In ANSWER, the
sampling of ideas from the ASN occurs using the attractor
network approach derived from our previously described
IDEA model [45], [46], [47], [48]. In that model, the ASN
is constructed from the text corpus as a recurrent neural
network with neural units representing words and weights
encoding associations between them. The weights between
pairs of words are computed based on their co-occurrence
at the sentence level. In the IDEA model, competitive K-
of-n activity in the network generates an itinerant attractor
dynamics corresponding to a chain of thoughts. In the AN-
SWER model, the metastable itinerant dynamics is replaced
by repeated random cuing of the network as discussed in the
next section. Such cued recall based on word associations
has been studied widely in the field of cognitive science
[19], [20], [21], [22], [23]. A cue in the form of a (possibly
incoherent) group of words triggers activity in the nervous
system that eventually converges to a state representing a
coherent lexical combination. The ANSWER model captures



this dynamics, generating a repertoire of ideas when sampled
with random cues. Salient words are then identified from this
repertoire.

Key Features: The approach embodied in ANSWER has
three features that make it especially useful and broadly
applicable:

1) It is an unsupervised method that does not require the
existence of a labeled dataset for training. Producing
such datasets is extremely laborious and subjective, and
the labels often do not generalize across texts from
different domains.

2) It does not require that the corpus consist of distinct
documents, or that the documents be known a priori.
Methods based on TF-IDF do require this, which limits
their applicability.

3) It is based on an intuitive model of thinking as an
associative neurodynamical cognitive process. As such,
results from experimental studies and computational
models of several cognitive processes can be applied
to improve the method further, and conversely, the
method can be used to explore hypotheses about these
cognitive processes.

A key challenge in building a model for identifying salient
words (or keywords) is the absence of training data. Some
models have assumed that hand-labeled data exists for this,
but this can be very difficult to generate and may not be
valid across multiple corpora. The ANSWER approach is
unsupervised and data-driven, using the data in the corpus to
set up the ASN as an attractor neural network. However,
labeled data is necessary to assess the viability of this
approach. To this end, we labeled the set of words used in
the ASN as salient or non-salient by inspection, and used
this as the basis of analyzing the performance of ANSWER
and other heuristics.

The next two sections describe how the corpus is pre-
processed to set up the ASN and the attractor network model
for sampling ideas.

IV. DATA EXTRACTION AND PREPARATION
A. The Corpus

The text corpus, C, used in this paper comprises all
abstracts from the Proceedings of the 2009, 2011 and 2013
IJCNN meetings. In all, 1,410 papers were processed to
extract just the content of the abstracts, excluding title,
authors, affiliations, etc. This was followed by pre-processing
as follows:

1) A Porter stemmer that is available at
http://www.cs.cmu.edu/~callan/Teaching/porter.c
was used to stem the words. Words in the set that
stemmed to the same root were replaced by a single
reference word from the set to make all words in the
final dataset recognizable (e.g., “use”, “user”, “using”,
“uses” were all replaced by “using”).

2) Standard stop words were removed using the list at:
http:/fmorm.al/2009/04/14/list-of-english-stop-words/.

3) A heuristic algorithm described in [48] was used to re-
move further non-salient words. A relative prominence
value, R(v;), was calculated for each word, v;, using
two quantities: frrp(v;), its frequency (in occurrences
per million words) in the 40,481-word English Lexicon
Project (ELP) corpus (elexicon.wustl.edu); and fo(v;),
its frequency in the IJCNN corpus, C. The relative
prominence was given by:

fe(vi)

R(v;) = log For o (0D

@)

All words v; with R(v;) < 0.001 were removed as
non-salient.

4) Every sentence was represented as a set of word
tokens without repetition, i.e., each unique word in the
sentence received only one token regardless of how
many times it occurred in the sentence.

The preprocessing described above resulted in the removal
of six abstracts, leaving 1,404 documents for subsequent
analysis. Finally, in order to reduce the size of the data and
the strong but unwarranted effect of the low-frequency words,
we eliminated words that occurred fewer than 4 times (i.e.,
had fewer than 4 word tokens) in the corpus.

The final processed corpus, Cp, had Ng =12,011 sen-
tences, Ny = 99,169 word tokens, and Ny = 2,309 unique
words. The vocabulary of unique words is denoted by V =

{vi}.

V. THE NETWORK MODEL

A. Model Structure

The neural network is a one-layer recurrent network of
n = Ny = 2,309 neural units, and has competitive K-
of-n dynamics. Each neural unit in the network represents
a word in the vocabulary, and the weights between units
are set based on the associations between words computed
from the corpus. The corpus C), is processed to calculate
the occurrence probability, p;, of each word, v;, given by
the fraction of sentences that include the word, and the co-
occurrence probabilities, p;;, for every pair of words, v; and
v, given by the fraction of sentences that include both words.
Finally, the weight between unit ¢ and unit j is set to the
correlation coefficient of words v; and v; calculated as:

Dij — DiPj

Y i - po/e (= py)

Weight values less than O are set to 0, as are the self-weights
for all units. The resulting weights are thus symmetric and
range between O and 1. The exclusion of negative weights
is justified heuristically by the fact that almost all of these
are small and provide little specific information beyond the
global lateral inhibition already assumed in the network’s
competitive K-of-n dynamics.

3)




B. Model Dynamics

The input received by unit ¢ at time ¢ is given by:

.’L‘Z'(t) = Z Wi (t)zj (t) + p)/noisegi(t) (4)

where z; is the output of unit j, Ynoise, 1S @ gain parameter,
and &;(t) is uniform white noise. The state of unit ¢ is updated
at time t using:

yi(t) = ayi(t — 1) + (1 — a)z;(?) )

The value of « is set just below 1 to simulate continuous-
time dynamics. At step ¢, the K most highly activated non-
refractory units fire provided they have y;(t) > ymin, wWhere
Ymin > 0 is a small positive base value. The output of unit
1 18S:

1, if ¢ € {K most excited units}
0, otherwise

zi(t) = fy(t)) = {
(6)
We have found that using a rigid K-of-n rule can lead to
diminished performance, and the system uses a soft version
where any unit, j, with y;(t) within 2% of the nominal K-
of-n threshold also fires. Thus, while we choose a particular
value of K for all simulations, the actual number of active
neurons at any given time may be larger.

Cueing the network with a random initial state triggers
activity that settles down to a fixed-point attractor due to the
symmetric weights [54], [55]. Though the network has no
inhibitory weights, the soft K -of-n effectively induces global
lateral inhibition. This ensures that the neurons active in the
final attractor represent a mutually coherent group of words,
which corresponds to our definition of an idea. Repeatedly
cuing the network with random initial states allows the gen-
eration of a large number of such coherent ideas as attractors
latent in the network. It should be noted that, unlike classical,
threshold-based models such as Hopfield networks [54], the
competitive dynamics in our model ensures the existence
of a large number of sparse attractors, which are retrieved
via random stimulation. In the current implementation, all
attractors are binary vectors.

With a sufficiently large number of random cues, the
system yields a representative sample of the ideas implicit
in its structure. The frequency with which each word occurs
in this set is then calculated, and words occurring with
frequencies above a threshold are deemed salient.

VI. SIMULATIONS, RESULTS AND DISCUSSION
A. Experimental Setup

To study the potential benefits of the ANSWER approach,
we tried the system with three values of K, i.e., the nominal
desired number of active neurons in each attractor. These
values were K = {5,7,10}. The values were chosen partly
in view of the fact that the average sentence length in the
corpus, after preprocessing, is 8.25 words, so the generated
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Fig. 1. The top three graphs show log-log rank-value plots of the saliency

scores for the X' = 5, 7 and 10 cases averaged over 7 trials (top to bottom).
The bottom plot is the log-log rank-value plot of the normalized per-sentence
word frequencies for the corpus.

ideas in the ANSWER trials ranged in sizes around this
value and can be seen intuitively as representing a sentence
(minus stop words, etc.) For each K value, seven independent
simulations were run, each with 5,000 random cues defined
by initially setting /X random neurons to be active before the
first step. The “softness™ of the threshold was set at 98%, the
continuous-time dynamics parameter v at 0.9 and vy 4ise at
0.1.
A saliency score (S) was computed for every word as

ZkNél z

S() = = @)

where N, is the total number of cues and z¥ denotes the
ith bit of the binary attractor vector generated by the k*?
cue. Thus, S(v;) indicates the fraction of the N, attractors
in which word v; makes an appearance, i.e., its relative
frequency over the attractors. ANSWER’s list of salient
words is generated by thresholding the words by the saliency
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Fig. 2. The efficiency of ANSWER and other heuristics for the X' = 5 case
at different thresholds. The threshold is expressed as a fraction of 5,000,
which is the total number of attractors sampled. Thus, the words identified
as salient at a threshold of % occurred in at least 5000 X /100 of the
attractors. The curves are: Blue with error bars: ANSWER; Green with ver-
tical line marker: Frequency; Magenta with diamond marker: Mean TF-IDF;
Yellow with star marker: Max TF-IDF; Red with no marker: Degree; Cyan
with circle marker: Weights; Brown with marker: Betweeness Centrality;
Black with ; marker: Eigenvector Centrality. The straight horizontal line at
0.72 is the performance of a uniform random selection from the word list.
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Fig. 3. The efficiency of ANSWER and other heuristics for the K = 7
case at different thresholds. All other parameters and plotting conventions
are as in Figure 2

scores and regarding words with saliency scores greater than
or equal to the threshold as salient. Thus, choosing a higher
threshold produces a smaller list of salient words.

Figure 1 shows the rank-value plot of the saliency scores of
all the words for the X = 5, 7 and 10 cases, and the rank-
value plot for the normalized corpus frequency of words.
The log-log plots for saliency scores (top three plots) show
three regions: a) A few words (3 or 4) with almost equal
saliency scores just below 1; b) A broad range of about
1,600 words with saliency scores declining as a power law
of rank; and c) A sharp cutoff for words rarely or never
seen in the attractors. By comparison, the log-log plot of
the normalized corpus frequency shows a steady power law

0.95- ]

0.9 1

0.85-

Efficiency
[=}
k)

o
~
a

o
3

0.65- 1

b%os

0006 0008 o1 015

Threshold %

0004 0005

Fig. 4. The efficiency of ANSWER and other heuristics for the X' = 10
case at different thresholds. All other parameters and plotting conventions
are as in Figure 2

decrease with rank, with a gentle cutoff or tapering for rare
words. We expect that using an N, much greater than 5,000
will reduce the abruptness in the saliency score cutoff, but
the turning point gives some indication of where a good
threshold may lie. However, in this paper we consider several
possible thresholds to study whether the saliency decisions
made by ANSWER are fairly robust.

B. Comparisons

Since the main purpose of this study was to evaluate
whether the ANSWER approach provides any significant
benefit, it was important to compare its performance with
other heuristics that have been suggested for identifying
salient words in texts. Here, we compared ANSWER with
seven other heuristics described below. The first three are
based mainly on the frequency with which words occur in
the corpus and in individual documents, while the other four
are network-based significance metrics for words in the ASN.

1) Frequency: The words in the corpus are ranked by
their frequency of occurrence in the corpus, with the
most frequent regarded as salient. This works only if
common words such as articles, pronouns, etc., have
already been removed from the text.

2) Mean TF-IDF: The TF-IDF value for each word is
calculated over all 1,404 documents, and the mean
of this value is used for ranking. Words with higher
mean TF-IDF are regarded as more salient. Unlike the
previous three heuristics (and ANSWER), this method
requires that the corpus be divided into documents and
that these be known a priori.

3) Max TF-IDF: In this case, words are ranked by the
maximum TF-IDF value over the 1,404 documents,
so a word that is especially concentrated in even one
document get a high score. This too requires that the
corpus consist of known documents.

4) Node Degree: Words are ranked based on the number
of edges incident on them, i.e., the number of words
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to produce word lists of specific lengths. The graphs are plotted for values of
K = 5,7 and 10 (top to bottom). The bottom figure shows the same metric
for picking words based on their per-sentence frequency of occurrence in
the corpus.

with which they are associated in the corpus. Higher
degree nodes are regarded as salient. Unlike frequency,
this measure assigns salience to words based on their
relationship with other words, but as with frequency,
degree can only be used after common words have
been removed.

5) Node Weight: Words are ranked based on the summed
association weights of their incident edges, and higher
weight nodes are designated as salient. In contrast
to degree, this gives preference to nodes with strong
associations rather than nodes with more numerous
associations.

6) Betweenness Centrality: The betweenness centrality
[56] of a node is defined as the fraction of shortest
paths between all node pairs that pass through it. It
is widely used in network analysis as a measure of
node significance. Here, the betweenness centrality is
used to rank words, with higher value indicating greater
salience.

7) Eigenvector Centrality: The eigenvector centrality [56]
is a recursively defined network metric quantifying the
significance of a network node in proportion to the
strength of its connections to other significant nodes.
It can be shown [56] that, if A is the connectivity
matrix of the network, the eigenvector centrality, c’g,
of node k is proportional to u*, the kth component of
the eigenvector of A with the largest eigenvalue. The
PageRank metric used in Google’s search engine is a
variant of eigenvector centrality. Here, the centrality is
used to rank words, and words with higher values are
regarded as more salient.

Each heuristic is calculated for all the words, and then
thresholded to give a salient word list of a specific size.

C. Performance Evaluation

One key issue in performance evaluation is the fact that,
of the list of Ny =2,309 words in the corpus vocabulary,
Nsa = 1,666, i.e., about 72.15% are labeled as salient by
the manual procedure (though the system is never trained
on this), and the remaining Nponsq; = 643 as non-salient.
This fact, which is partly a consequence of pre-processing
having removed many non-salient words, means that only
an algorithm that can achieve performance somewhat better
than 72% is worth using.

Since each of the heuristics had a different range, the
thresholds used for each had to be different. In order to make
a principled comparison, we used the following approach:

1) ANSWER was run with a specific threshold, yielding

a list of 14447 Words.

2) The threshold for each other heuristic was chosen so

that it resulted in extracting 1,4 Words.

Thus, if a threshold in ANSWER led to 900 words being
identified as salient, the thresholds for frequency, max-TF-
IDF, node degree, etc., were also set to yield 900 words. Of
course, as the threshold increased, fewer words were picked
up, yielding smaller and smaller lists. Given this situation,
the obvious performance metric was to check what fraction
of the words labeled salient actually were salient, i.e., true
positives. As the threshold increases and lists become shorter,
false negatives would grow automatically. However, it is
still interesting to check whether the list that is selected is
unusually dense in salient words, which would imply that
ANSWER (or any of the other heuristics) was picking up
some structure in the data.

The measure of performance, termed efficiency, was cal-
culated as a percentage measure of true-positives:

number of salient words identified

Efficiency =
f : total number of words identified

®)

Figures 2 , 3 and 4 show the comparative efficiency of
ANSWER for a particular Kat different thresholds. AN-
SWER performs well in all cases and is better than other
techniques in most cases except at very low thresholds for
the K = 10 case. The number of words identified as salient
depends strongly on the value of K. At low K and a very



high threshold of around 0.02% (not shown in the figures),
there are about 15 words in the list and 99% of them are
salient. The general trend that can be observed is an increase
in concentration of salient words obtained via ANSWER as
we increase the threshold (decrease the length of the word
list). This indicates that ANSWER indeed is using attractors
as a concentrator of saliency in the corpus. On this dataset,
the figures show that ANSWER with all three parameters did
considerably better than the other heuristics, though Degree
came close to catching up at low thresholds.

While useful, the efficiency metric does not capture the
performance of the algorithm completely because of its
exclusive focus on true positives. To get a broader view of
performance, we looked at the relative level of salient and
non-salient words picked up by both ANSWER and simple
corpus frequency thresholding as the threshold was decreased
from a high value towards zero. This is captured in a metric
termed the differential pickup, D, defined as:

D(¢) = pickup of salient words at threshold ¢ 9)

—pickup of non-salient words at threshold ¢

For example, suppose that at a threshold ¢, 1,000 of
the 2,309 words in the vocabulary have S(w) > ¢;.
This is the list of words deemed salient by ANSWER
at that threshold. Suppose that, of these, 800 are actually
salient and 200 non-salient. The percentage pickup of salient
words is 800/Ng, = 0.4801 (since Ny =1,666), and the
pickup of non-salient words is 200/Ny,onsqt = 0.3110, since
Nponsat = 643. The differential pickup at threshold ¢; is
then, D(¢1) = 0.4801—0.3110 = 0.1691. The positive value
indicates that a greater fraction of salient words is being
pickep up here than of no-salient ones. Thus, the more D
can stay above 0, the better the algorithm.

Figure 5 shows the metric D(¢) for the ANSWER algo-
rithm with different values of K (top three plots), and for
thresholding based on corpus frequency (bottom plot). To
make the plots comparable, we thresholded in each case to
obtain list of identical lengths, and used this length as the
x-axis in the figure. Thus, for example, the bars at the x-axis
value 1,000 correspond to four distinct threholds in the four
cases that had exactly 1,000 words greater than or equal to
the threshold. This gives a meaningful plot in that one can
ask how pure and complete a list of IV salient words returned
by the algorithms is going to be.

Several things are immediately noticeable from the figure.
First, the plots for the three K values are extremely similar,
indicating that ANSWER is not very sensitive to the choice
of K in this range. Second, the graphs for the three AN-
SWER applications remain well above O over a wide range
of word list lengths, whereas the plot for thresholding based
on corpus frequency shows a much narrower peak. Third, the
differential pickup by all the ANSWER algorithms is higher
over a broad range of thresholds than the best pickup ob-
tained via corpus frequency thresholding. Most importantly,
the ANSWER algorithms have good performance at large

list lengths (close to the actual number of salient words -
1,666). This too shows that using ANSWER is a good way
to concentrate salience.

VII. CONCLUSION AND FUTURE WORK

In summary, we have applied an unsupervised attractor
network-based approach for detection of salient words in text
corpora to a labeled corpus derived from abstract for ICNN
2009, 2011 and 2013. The results reported here show that
ANSWER did better than any of the other simple saliency
detection metrics that were tried. The proposed algorithm has
the advantage of being applicable to undifferentiated corpora,
and of requiring specification of relatively few parameters.

Overall, while the results with ANSWER were encourag-
ing, challenges remain and there is considerable room for
improvement and extension. Some directions being explored
currently include the following:

o Applying ANSWER to multiple corpora of different
types, e.g., poetry, fiction, non-fiction texts, etc.

« Exploring other ways to specify association weights in
the ASN, e.g., using poistwise mutual information.

o Applying ANSWER to corpora without pre-processing
to determine whether it can identify and remove stop
words and other obviously non-salient words. This
would allow ANSWER to be used in domains where a
reference list such as ELP is not available, and perhaps
even to texts in other — possibly unknown — languages.

o Applying ANSWER iteratively to distil smaller but
purer lists of highly salient words for use as keywords.

e Combining multiple ANSWER and non-ANSWER
heuristics in a mixture-of-experts (MOE) setting.

o Applying ANSWER and MOE approaches to related
problems such as topic extraction, document classifi-
cation, keyword identification, search query generation,
text summarization, etc.

Results on these will be reported in future papers.
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