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Abstract. An implementation of a computational tool to generate new
summaries from new source texts in Portuguese language, by means of
connectionist approach (artificial neural networks) is presented. Among
other contributions that this work intends to bring to natural language
processing research, the employment of more biologically plausible con-
nectionist architecture and training for automatic summarization is em-
phasized. The choice relies on the expectation that it may lead to an
increase in computational efficiency when compared to the so-called bi-
ologically implausible algorithms.

1 Introduction

The wave of information and the lack of time to read long texts make the mod-
ern society to look for abstracts and news headlines instead of complete texts.
Towards an automatic text summarization system for Portuguese language, the
system SABIO (Automatic Summarizer for the Portuguese language with more
Biologically plausible connectionist architecture and learning) - a connectionist
system employing more biologically plausible training algorithm and architecture
- is proposed. An unique architecture for this application is presented, consider-
ing important features such as: (a) neural network training with more biologically
plausible treatment; (b) training set (input-output pairs) is formed by features of
source texts and ideal extracts, represented by elements of a multi-valued logic.

In order to present the system SABI0, this paper is organized in the following
sections: 1 - Introduction: this section; 2 - Automatic Summarization: brings fun-
damental concepts about text summarization; 3 - SAB10: the proposed system is
presented; 4 - Fvaluation of SABI0: comparisons between biologically plausible
and implausible connectionist training algorithms for SABIO are highlighted;
and 5 - Conclusion.
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2 Automatic Summarization

Text summarization is the process of production of a shorter version of a source
text [I]. It is possible, through this process, to obtain an extract or an ab-
stract. FEztracts are created by the juxtaposition of source text sentences
considered relevant; while abstracts alter the structure and/or content of orig-
inal sentences, merging them and/or rewriting them, to generalize or specify
information [2].

There are two points of view of a summary: the reader’s (summary user) and
the writer’s (summary creator). The latter has the task of condensing a source
text in a way that it is possible to transmit its main idea with the created
summary.

From computational standpoint, three basic operations can describe the sum-
marization process: analysis, content selection, and generalization [3]. An au-
tomatic system capable to make a condensatio7 with the preservation of the
more relevant content of the source text, can be called a system for automatic
text summarization.

An Artificial Neural Network (ANN) [4] is employed in the proposed system.
Many systems use this computational tool, e.g.:

— Pardo et al. [5], in NeuralSumm, use an ANN of type SOM (self-organizing
map), trained to classify sentences from a source text according to their
importance degreeﬁ and then produce the related extract. The SOM network
organizes information into similarity clusters based on presented features;

— Aretoulaki [3] uses an ANN with training considered biologically implausi-
ble (through supervised algorithm Back-propagation), differently from the
approach proposed here (ANN with training considered more biologically
plausible). Aretoulaki makes a detailed analysis of journalistic and scien-
tific texts from several domains to recognize satisfactorily generic features
that represent the sentence content of any textual type and that can be
learned by a neural network. He considers features from several sources,
from superficial to pragmatic, that can be identified in a superficial textual
analysis.

There are automatic text summarizers that employ techniques to discover the
more important sentences in source text [6}[5]. Such approaches are, in general,
statistical because they try to organize sentences according to the frequency of
their words in the text they belong. The sentences containing the more frequent
words are called gist sentences and express the text main idea.

In order to evaluate automatic text summarizers, some rates are considered:

— Precision Rate: the amount of correctly selected sentences divided by the
total amount of selected sentences;

L Condensation is the act of making something shorter (the abstract), according to
Longman Dictionary.

2 Tt is believed that sentences containing more frequent terms in source texts could
present a greater importance in text.
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— Recall Rate: the amount of correctly selected sentences divided by the total
amount of correct sentences;

— F-Measure: two times the product of precision rate and recall rate divided
by the sum of precision rate and recall rate [7].

Notice that the bigger the F-Measure, the better the generated extract, since
it takes into consideration both recall and precision rates.

3 SABIO

There are several implemented systems that propose automatic text summariza-
tion employing available corpora. These systems use symbolic as well as connec-
tionist approaches. Implementations employing ANNs with training considered
biologically implausible are often found, differently from this proposal.

Here, the system SABIO (Automatic Summarizer for the Portuguese lan-
guage with more BiOlogically plausible connectionist architecture and learning)
is proposed. The system produces extracts through a more biologically plausible
training with ANNs.

The SABI10 proposal is partly motivated by the increasing interest of modern
society in search of newspaper and magazines headlines instead of complete texts,
mainly because of the lack of time of people nowadays.

3.1 The Biological Plausibility

According to O’Reilly and Munakata [§], there are evidences that the cerebral
cortex is connected in a bi-directional way and distributed representations prevail
in it. So, more biologically plausible connectionist (ANN) models should present
some of the following characteristics:

— Distributed representation: generalization and reduction of the network size
can be obtained if the adopted representation is distributed (several units for
one concept, and similar concepts sharing units), since connections among
units are able to support a large number of different patterns and create new
concepts without allocation of new hardware;

— Inhibitory competition: the neurons that are next to the “winner” receive a
negative stimulus, this way strengthening the winner neuron. In the nervous
system, during a lateral inhibition, a neuron excites an inhibitory interneuron
that makes a feed-back connection on the first neuron [9];

— Bi-directional activation propagation: the hidden layers receive stimuli from
input and output layers. The bi-directionality of the architecture is necessary
to simulate a biological electrical synapse, that can be bi-directional [9110];

— Error-driven task learning: in algorithm GeneRec - Generic Recirculation [I1],
the error is calculated from the local difference in synapses, based on neuro-
physiological properties, different from algorithm Error Back-propagation,
which requires the back-propagation of error signals [12].
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3.2 GeneRec: A Training Algorithm Considered More Biologically
Plausible

The algorithm GeneRec - Generic Recirculation - was developed by O'Reilly [11]
based on Back-propagation but considering properties of a more biologically
plausible artificial neural network training algorithm.

GeneRec employs two phases: “minus” and “plus”:

— Minus Phase: When units are presented to the input layer there is the prop-
agation of this stimulus to hidden layer (bottom-up propagation). At the
same time, the previous output propagates from the output layer to the
hidden layer (top-down propagation). Then the “minus” hidden activation
is generated (sum of bottom-up and top-down propagations). Finally, the
real output is generated through the propagation of the “minus” hidden
activation to the output layer. Notice that the architecture is bi-directional.

— Plus Phase: Units are presented again to the input layer; there is the propaga-
tion of this stimulus to hidden layer (bottom-up propagation). At the same
time, the desired output propagates from the output layer to the hidden
layer (top-down propagation). Then the “plus” hidden activation is gener-
ated, summing bottom-up and top-down propagations [I1].

In order to make learning possible, the synaptic weights are updated, based
on “minus” and “plus” hidden activations, real and desired outputs, input, and
the learning rate [T114].

3.3 SABIO Features

SABIO’s artificial neural network was trained with sentencesd from a corpus
called TeMdrid] that contains 100 journalistic texts in Portuguese language,
with 61,412 words. 60 texts belong to the on-line Brazilian newspaper Folha
de Sao Paul7 and the remaining 40 texts were published in Jornal do Brasil
newspapeil), also on-line version. These texts are distributed amongst distinct
domains: opinions, critiques, world, politics, and foreign affairs [13].

The corpus TeMdrio is composed of source texts, manual summaries (ab-
stracts), and ideal extracts. Manual summaries are produced by the authors of
the source texts, after a rewritten process of the content “judged” more relevant.

Manual summaries are not employed in SABIO because: (a) there is no ex-
plicit correspondence between source texts and manual summaries; and (b) their
production is costly and long-lasting, since it requires human beings. Instead,
SABIO uses the ideal extractd] available in corpus TeMdrio. They are auto-
matically produced by a system called GEI through the employment of the

3 Two thirds of texts were used for training and one third for testing.

* http://www.nilc.icmc.usp.br/nilc/tools/corpora.htm

® http://www.folha.uol.com.br/

5 http://jbonline.terra.com.br/

" Here, ideal summaries and ideal extracts are considered the same, although there are
differences between them.
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cosine measure [I4]: for each sentence of the manual summary, the correspon-
dent sentence in the most similar source text is searched. This is done by word
co-occurrence: the larger the number of words from the manual summary a
source text sentence has, the greater its chance of presenting the same content
of the summary sentence. This way, it could be employed to compose the ideal
summary [5].

SABIO presents satisfactory results, although it has employed only lexical
processing and cue words, and not dealt with other linguistic information, such
as syntactic and semantic analysis, in order to develop a summary.

TeMadrio was chosen among several corpora, because it would be easier to make
comparisons in the future with other summarizers that also employ this corpus.
It was considered also that international automatic summarizer evaluations, like
SUMMAC - text SUMMArization evaluation Conference - and DUC - Document
Understanding Conference - have employed journalistic texts.

In training step, for each source text sentenceﬁ7 seven features that represent
the input sentences are analysed. These coded sentences are associated to a
desired output, which is classified according to the importance degree of the
sentence in relation to the ideal extract. The possible values are: None, Small,
Small-Medium, Medium, Medium-Large, and Large frequency. The classification
of the frequency for the sentences that represent the desired outputs is obtained
through the method of the gist sentencd] discovery.

For every sentence all word letters are converted to upper case, for unifor-
mity [15]. The employed features are [5]:

1. Size of the sentence: long sentences often present greater informative con-
tent, considered more relevant for the text [I6]. The size of a sentence is
calculated taking into account the amount of words that belong to it, except
the words belonging to the StopLiS@. The sentences in the text are classi-
fied as: Small, which represents the size of the smaller sentence in the text;
Medium, representing the average-size sentence, or Large, which represents
the size of the larger sentence in the text;

2. Sentence position in text: the position of the sentence can indicate its rel-
evance [3]. In SABIO, similar to NeuralSumm [5], it is considered that a
sentence can be in the beginning (first paragraph), at the end (last para-
graph), or in the middle (remaining paragraphs) of the text;

3. Sentence position in paragraph where it belongs: the position of the sentence
in the paragraph can also indicates its relevance [I8]. In SABIO, it is con-
sidered that a sentence can be in the beginning (first sentence), at the end
(last sentence), or in the middle (remaining sentences) of the paragraph;

8 In SABIO the end of a sentence can be indicated by conventional punctuation marks:
period, exclamation mark, or question mark.

9 To know which is the gist sentence, the approach mentioned in GistSumm [6] is
used. In this approach, a sentence is positioned according to the importance degree
it represents in the text where it belongs.

10 StopList is a list of very common words or words considered irrelevant to a text,
mainly because of their insignificant semantic values [17].
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4. Presence of gist sentence words in the sentence: sentences that contain words
of the gist sentence, that is, a sentence that better expresses the text main
idea, tends to be relevant [6];

5. Sentence value based on the distribution of words in the text: sentences with
high value often are relevant to the text [I9]. The value of each sentence is
calculated by the sum of the occurrence number of each one of its words in
the whole text divided by the number of the words in the sentence, and the
obtained result in this operation will be related to the values mentioned in
the first feature (Small, Medium, and Large);

6. TF-ISF of the sentence: sentences with high value of TF-ISF (Term Frequency
- Inverse Sentence Frequency) are representative sentences of the text [20]. For
each word of a sentence, the TF-ISF measure is calculated by the formula:

log(n)

TF—ISF(w) = F(w) x S(w)
where
F(w) is the frequency of the word w in the sentence,

n is the number of words in sentence in which w belongs, and

S(w) is the number of sentences in which w appears.

The TF-ISF value of a sentence is the average of the TF-ISF values of each
one of its words, and the obtained result of this equation will be related to
the values mentioned in first feature (Small, Medium, and Large);

7. Presence of indicative words in the sentence: indicative words (cue words)
often indicate the importance of the sentence content [21]. This feature is the
only dependent on language, genre, and text domain. SABIO uses the same
indicative words used in NeuralSumm [5]: evaluation, conclusion, method,
objective, problem, purpose, result, situation, and solution.

4 Evaluation of SABIO

The comparisons between the training algorithms Back-propagation and
GeneRec for SABio were conducted concerning the number of epochs necessary
for convergence, processing time, and quality of the generated summary.

The first comparison aims to show the necessary time for the ANN convergence
with the training algorithms Error Back-propagation [12] and GeneRec [11]. In
order to achieve this, tests were conducted with learning rates 0.10, 0.25, 0.35, or
0.45 and also tests with different numbers of neurons in hidden layer: 10, 11, 12,
20, or 25.

It was observed that when SAB10’s ANN was trained with GeneRec, the mini-
mum erroi_] could be reached within a smaller number of epochs, when compared
to Back-propagation. Figure[Ilshows the best performances for both algorithms.

Although the displayed results in Fig. [l intend to compare minimum errors
in relation to the number of epochs and processing time for the algorithms

1 The mean quadratic error formula is related to the derivative of the activation function
(sigmoid) [4]. For the comparisons, it was considered that the network “converged”
when the minimum error reached the value of 0.001.
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Fig. 1. Best performances in SABIO tests. Back-propagation with 25 hidden neurons
and learning rate of 0.35 converges in 115 epochs and 8 seconds. GeneRec with 11
hidden neurons and learning rate of 0.45 converges in 57 epochs and 3 seconds. The
curve for GeneRec keeps its saw aspect for epochs over 57 (not shown in the figure).
But this is irrelevant in this case, since the minimum error had already been reached.

GeneRec and Back-propagation, it is considered relevant to state that the re-
call rate obtained by the GeneRec training revealed greater than the recall
rate by Back-propagation training (the F-Measure was respectively 33.27 and
30.97).

The comparison of SABIO with other automatic text summarizers considered
the recall and precision rates of summaries generated by SAB10. To know which
is the best architecture that SABIO could emplo to reach greater recall and
precision rates, preliminary tests with several architectures were conducted, al-
tering the number of epochs, learning rates, and amount of hidden neurond™.
The best architecture found in tests was used to compare SABIO with other
automatic text summarizers.

In order to make comparisons between SABI10 and other automatic summariz-
ers, the F-Measure was employed because besides including recall and precision
rates in its formula, it is often employed to compare the efficiency of automatic
summarizers in relation to their generated summaries [22].

The same conditions found in Rino et al. [22] were employed, that is:

— a compression rate of 70%. Compression rates usually range from 5% to 30%
of the source text content [2]. Other rates displaying similar performances
were experimented;

12 Tn order to make comparisons between treatments considered more biologically plau-
sible and implausible through SABI0O architecture, adaptations were provided in
SABIO in order to be trained with Back-propagation.

13 Preliminary tests were conducted with: a) learning rates: 0.05, 0.15, 0.25, and 0.45;
b) epochs: 2,000 until 10,000 (multiples of 2,000); ¢) hidden neurons: 8, 16, and 22.
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— a 10-fold cross validation, non-biasing process. TeMdrio was divided into
ten distinct groups of texts so that each group contains ten different texts.
For the training set, nine of these groups were employed and for the test,
the remaining group. This way, the texts used for the test do not belong to
the training set. Ten tests were performed (one for each group), and recall,
precision, and F-Measure rates were calculated. Then, averages of these rates
for the ten experiments were extracted.

This experiment made possible the comparison of SABIO with other auto-
matic text summarizers which employ exactly the same method and the same
corpus. Table [I] shows the comparative frame among them.

Table 1. Performance (in %) of the systems: SABIO-GR, trained by algorithm
GeneRec, with 22 hidden neurons, learning rate of 0.25 and 4,000 epochs (501 sec-
onds), SABIO-EB, trained by algorithm Error Back-propagation, with 16 hidden neu-
rons, learning rate of 0.45 and 8,000 epochs (896 seconds), among other automatic text
summarizers. Adapted from Rino et al. [22].

Summarizer  Precision Recall F-Measure Difference to SABio-GR’s

rate rate F-Measure in %

Supor 44.9 40.8 42.8 1.90
ClassSumm 45.6 39.7 42.4 0.95
SABio-GR 43.8 40.3 42.0 -
SABio-EB 42.4 38.7 40.5 -3.70
From-Top 42.9 32.6 37.0 -13.51
TF-ISF-Summ  39.6 34.3 36.8 -14.13
GistSumm 49.9 25.6 33.8 -24.26
NeuralSumm 36.0 29.5 32.4 -29.63
Random order  34.0 28.5 31.0 -35.48

SABIO outcomes can be considered satisfactory, because:

— the first place - Supor - Text Summarization in Portuguese [23] reached
performanc 1.90% above SABI10-GR, but it employs techniques that make
computational cost higher than SAB10, like lexical chains and thesaurus;

— the second place - ClassSumm - Classification System [24] - displayed perfor-
mance 0.95% above SABI10-GR, but it also employs high-cost techniques like
semantic analysis, similarity of the sentence with the title (its ideal extracts
must have titles), anaphor occurrence analysis, and tagging.

The third place of SAB10-GR can be considered a very good performance.
In the fourth place, SABIO appears again, but with adaptations in order to run
with algorithm Back-propagation (version EB).

14 The F-Measure is used for performance measurement.
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SABIO presents some similarities with NeuralSumm [5] regarding the em-
ployed training set features (7 of 8 NeuralSumm features are present in SABIO
- the absent feature regards the presence of keywords in the sentence, whose
relevance is questionable). The search for more adequate classifiers for auto-
matic summarization is as important as the selection of the features that better
represent the focused problem [241[5].

5 Conclusion

The increasing interest in applications of automatic text summarizers can be
justified by the need of the modern society in searching of headlines instead of
complete texts in magazines and newspapers, mainly because of lack of time.

Presenting the system SABI0, this paper aims to show that it is possible to
achieve better performance in automatic summarization when a more biologi-
cally plausible model for the ANN training is employed. It is not intention to
reveal weaknesses in existent automatic summarizers neither make comparisons
that can state that one summarizer is “better” than another. Of course, this
“choice” would rely on the “best” features chosen for an automatic summarizer.

SABIO presents several limitations, and it can be improved, but the employ-
ment of more biologically plausible models for automatic text summarization
could represent the achievement of better performance, with greater recall and
precision rates, and also contribute to restore principles of ANNs.
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