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Abstract. Definition extraction is the task to identify definitional sentences au-
tomatically from unstructured text. The task can be used in the aspects of ontol-
ogy generation, relation extraction and question answering. Previous methods use
handcraft features generated from the dependency structure of a sentence. Dur-
ing this process, only part of the dependency structure is used to extract features,
thus causing information loss. We model definition extraction as a supervised
sequence classification task and propose a new way to automatically generate
sentence features using a Long Short-Term Memory neural network model. Our
method directly learns features from raw sentences and corresponding part-of-
speech sequence, which makes full use of the whole sentence. We experiment
on the Wikipedia benchmark dataset and obtain 91.2% on F score which out-
performs the current state-of-the-art methods by 5.8%. We also show the effec-
tiveness of our method in dealing with other languages by testing on a Chinese
dataset and obtaining 85.7% on F} score.
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1 Introduction

Definitions play an important role in creating and enriching ontology concepts from
unstructured text [1]. Definitions are also put to use in Question Answering to solve
“what is” problems [2]. A big challenge is how to collect definitions from emerging
mass text, since manually extracting definitions from unstructured text can be costly
and slow. Therefore automatic definition extraction has drawn much attention in Natural
Language Processing.

Current state-of-the-art methods treat definition extraction as a supervised classifi-
cation task where a sentence is classified as definitional or not. The key point of this
task is to generate features which are usually manually selected in previous approaches.
For example, DefMiner system [3] specifies 12 features (8 word level features,3 sen-
tence level features and 1 document level feature). In a weakly supervised method [4],
they use 14 features to describe a sentence. Both methods use many manually selected
features (e.g. dependency path distance: distance from the current word to the root of
the sentence in the dependency tree) to approximately describe a sentence structure
from its dependency tree. However there are two shortcomings in these features. First
of all, they can only reflect part of the dependency tree which may lose hidden structure



feature of sentences. Moreover they rely on the output of dependency parsing which in-
volves error propagation. Therefore we focus on studying a method which can generate
features directly from raw sentence.

In this paper, we propose a supervised learning method where features for definition
extraction are automatically learned from raw sentences. Instead of relying on depen-
dency parsing result, we regard a sentence as a word sequence and directly learn from
the whole sequence. We generate sentence feature using recurrent neural network with
Long Short-Term Memory (LSTM) due to the reason that LSTM has shown great abil-
ity in capturing long-term and short-term dependencies in a sequence. In our method,
a sentence will first be transformed into a sequence consisted of word feature vectors.
A LSTM encoder will be trained to encode the sequence into a vector representation.
Finally a logistic regression classifier will be used to predict the sentence label with its
feature vector. Instead of manually selecting features from dependency parsing, our sen-
tence feature vector is directly generated by our LSTM encoder automatically, which
can reduce the work of sentence feature engineering.

We evaluate the performance of our method on a Wikipedia benchmark corpus [5]
and a Chinese dataset' originated from Baidu Baike?. The result shows that our method
can significantly outperforms current state-of-the-art approach in F1 measure by 5.8%,
and improve the recall to 92%. The main contributions of this work can be summarized
as follows:

— We propose a new method utilizing LSTM to do definition extraction.

— Our method does not rely on handcraft patterns nor features manually specified
from sentence dependency parsing. It can reduce the work of feature engineering
for supervised learning based methods by automatically learning structure features
from sentence sequence.

— Our method relies little on linguistic features and can be used for definition extrac-
tion in multiple languages. Our experiments prove its effectiveness in both English
and Chinese.

The rest of the paper is organized as follows. We briefly introduce related work in
section 2. Then section 3 describes the method we use to build our definitional classifi-
cation model. We describe our experiment in section 4, followed by results and analysis
in section 5. Finally, our paper is concluded in section 6.

2 Related Work

The task of definition extraction has attracted many attention in the past few years. Pre-
vious researches can be divided into three kinds: pattern based [8, 9], semi-supervised
learning [5, 4] and supervised approaches [10, 3].

! You can download it from http://166.111.7.170:28090/zh.zip
2 http://baike.baidu.com



2.1 Pattern based methods

The method focusing on the use of lexico-syntactic patterns, is first put forward by
Hearst [11]. However relying on simple definitional patterns (such as is-a, is called)
matching can be noisy, since short patterns may not fully represent the sentences* struc-
ture features. Some systems [8, 12] use patterns to extract candidates which will be
further checked by grammar analysis. In order to introduce more complex patterns,
a method [9] uses part-of-speech (POS) tag patterns rather than simple sequences of
words.

However methods which use patterns manually selected usually suffer from low
recall. The expression of definitional sentences can vary greatly in different datasets, so
it is difficult to craft complete patterns which can identify all definitional sentences. Due
to lack of generating ability caused by the simple strategy of pattern matching, a fully
automated way using genetic programming is proposed to learn individual weights of
features [13]. The genetic programming based method takes the combination of features
into consideration but it ignores the importance of the order of feature occurrence.

2.2 Semi-supervised methods

Semi-supervised approaches [14,4] show that bootstraping is efficient for definition
extraction. The basic idea of these methods is to start from gold sentences and extract
more from articles in other datasets such as ACL Anthology Reference Corpus (ACL
ARC) [15].

Word-Class Lattices (WCLs) [S5] use a directed acyclic graph to represent defini-
tional sentences. WCLs method uses “’star patterns” to make sentence clustering and
then learns the sentences’ structure in each cluster. Unlike patterns consisted of short
phrases, their ”star patterns” are drawn from sentences where all infrequent words have
been replaced with a wildcard (*), so they can capture long distance dependency of sen-
tences with these star patterns. Although they form generalized sentences with WCL,
their result for WCL (F; of 75.23%) is close to the performance of method only us-
ing star patterns (F of 75.05%). It shows that even only using sequence structure of
frequent words, we can also predict whether a sentence is definitional or not well .

2.3 Supervised methods

This line of research area is to regard definition extraction task as a supervised sequence
classification work. A method [10] proves to work well on a corpus of Dutch Wikipedia
articles. They generate three kinds of features to describe a sentence: sentence-level
features (e.g. the position of the sentence in a document); word-level statistic features
(e.g. bigrams, bag-of-words); word-level syntax features (e.g. determiner type). With
these features, they use naive Bayes, maximumu entropy (MaxEnt) and the support
vector machine (SVM) as different learners and find MaxEnt has the best performance.
Sentences® linguistical structural features are taken into consideration in an approach
proposed by [16]. A random forest classifier is used to capture more deep features of a
sentence structure.



DefMiner [3] uses Conditional Random Fields (CRF) to predict the function of a
word in a sentence as term, definitional part or others. One of their key contributions is
the analysis of a real world corpus: W00 (a manually annotated subset of ACL ARC).
They use a combination of lexical, orthography, dictionary lookup and corpus statistics
(e.g. sentence position, idf) as features. Meanwhile, they also use features manually
selected from dependency tree to describe sentence long distance structures.

Another approach relying on syntactic dependencies is proposed by [7]. They focus
on extracting features from the dependency parsing of a sentence. Each noun in a sen-
tence will be represented into a numeric vector according to its syntactic dependencies
with other nouns in the same sentence. The vector representation will be fed to two
classifiers to determine whether the noun is hyponym, hypernym or neither of two. If a
sentence has both hyponym and hypernym, it will be labeled as definitional. Their work
highlights the importance of learning from relations of words.

Supervised approaches face the challenge that manually specified features involve
many feature engineering work. Meanwhile, structure features are chosen from part
of the dependency tree, which may not be able to fully describe the whole sentence
structure.

Our method focus on capturing the whole sentence structure feature so as to auto-
matically generating sentence features for supervised classification.

3 Our method

In our method, we design our procedure based on the assumption that we can determine
whether a sentence is definitional or not by certain structures. We call these sentence
structures as definitional structures. Definitional structure can be a short phrase or a
long discontinuous word sequence.

Previous pattern based approaches use patterns to describe definitional structures.
In order to increase the generalization ability of our model, we use feature vector to
reflect the usage of definitional structure and classify sentence according to its feature
vector instead of simple pattern matching.

Our method considers definition extraction as a supervised classification work where
a typical challenge is how to generate feature from long-term definitional structure. Pre-
vious supervised based approaches learn definitional structure using n-grams or condi-
tional random field (CRF). These algorithms have strong ability in learning short-term
dependency features but are weak in capturing long-term definitional structure. There-
fore, we generate sentence feature using LSTM which is fit for both short-term and
long-term structure learning.

Our method consists of the following three steps: (See Fig 1 for graphical structure.)

— Token transformation: each word in a sentence will be transformed into a token
according to its frequency in training set. (Section 3.1)

— Word feature generation: each word will be represented as a word vector by cap-
turing features of the word‘s context. (Section 3.2)

— Sentence feature generation: A LSTM encoder will be used to automatically
transform a sentence into a vector representation by learning sentence hidden struc-



ture feature. A classifier will also be trained to predict a sentence label by its feature.
(Section 3.3)

3.1 Token transformation

In definition extraction, for most of the words, we care more about its POS tag rather
than the word itself. For example, We do not care the difference between “Cat is an
animal” and ”Dog is an animal”. Thus these two sentences can be transformed to one
sentence "NN is an NN” by replace some words with their POS tags.

Due to the above reason, a word is transformed into a token to maintain its most
significant form for definition extraction. In this step, we pick top N frequent words
from our training set. The reason we do not choose words’ tf-idf is that some words
(e.g. is, a, etc.) are important to form a definitional pattern in spite of their low idf.
These chosen words form a set /' which can be regarded as a cluster of words. These
words are potential constituent part of definitional patterns. More precisely, given a
sentence S of length n, for the i-th word w; of s, we produce token ¢; by *:

w; w; € F

t; =

3.2 Word feature generation

After transforming each word into a corresponding token, our next question is how to
generate the features of these tokens. In supervised classification based methods, they
use words bigrams [10] and POS tag bigrams [17] as sentence features and use infor-
mation gain method to reduce the count of features. However, they make their features
completely independent with each other. For example, if we only use a bigram (Num,
N) as feature, then other bigrams (e.g. (Adj, N)) will never be taken into consideration.

In order to describe the similarity between tokens, we use a vector to represent a
token so that we can measure their similarity by calculating their distance. The more
similar two tokens are, the less influence will be caused when one changes to another.
We use the context of a token (i.e. tokens near the token) to describe the token as the
context can reflect the usage of the token.

Word2vec [18] is a useful method to generate a word vector representation by max-
imum the possibility of the occurrence of a word according to its context. The method
works on the assumption that similar words have similar context which is also fit for
our situation. Thus we use word2vec to encode tokens in our training set.

3.3 Sentence feature generation

Sentence features can be divided into two kinds. One is to generate features only within
a single sentence (e.g. bag-of-words, n-grams [10], the presence of determiners in the
defines, etc.). The other kind is using features beyond a sentence such as the position of
a sentence in the document [3].

3 Our pos tagger tool is from http://nlp.stanford.edu/software/tagger.shtml
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Fig. 1. Structure of our model.

However features beyond sentences are often corpus dependent. Take sentence po-
sition feature for example, sentences appearing at the beginning of documents are likely
to be definitional in wikipedia documents, while things may not be the same with other
corpus.

Due to this reason, we focus on extracting features from a sentence only by learning
its definitional structure. Previous methods generate features from sentence dependency
parsing, which can only reflect part of structure feature. In our method, we will treat a
sentence as a sequence of tokens and use LSTM to capture the whole structure of the
sequence.

Feature generator Our feature generator consists of a single layer of Long short-
term memory (LSTM) unit [19] which is designed to overcome the gradients vanishing
problem in recurrent neural network (RNN) [20]. LSTM uses special gates to control
the flow of data in repeating module, which can help them be capable of learning long-
term dependencies. LSTM uses three gates to implement the repeating module: a forget
gate f to control of the flow of cell state, an input gate i to control the inputing data
and an output gate o to control the output of the module. Each LSTM unit maintains a
memory cell c.

Given a sentence s of length n, we get a sequence of word feature vectors x in the
word feature generation step. For the ¢-th token in x, the output h of LSTM is given by

h; = oitanh(ct)
where the output gate is given by
0; = c(Wox; + Ushy_1 + Voey)
The cell state is calculated by

c; = frep1 +iicy



where ¢; denotes a new memory content computed by
¢; = tanh(Wex; + Uchy 1)
Meanwhile, the forget and input gates are computed by
fi =0c(Wsx, +Ush;_q + Vye,_q)

it = o(W;x¢ + Ushy_1 + Ve 1)

We use the n-th output h,, of LSTM as the feature vector of the sentence.

Joint learning of feature generator and classifier Given a sentence feature vector X,
we use a logistic regression classifier o(w”x) to predict the sentence label. The final
result is influenced by both parameter w of classifier and the sentence feature vector x.
Therefore we train our classifier and sentence feature generator together.

In the word feature generation step, a sentence s of length n is generalized to a
sequence of word feature vectors s’. Let 7" denote the cluster of s’. In the sentence
feature generation step, we use h(s’) to represent the n-th step output of LSTM. We
train our model by mining the cost function:

L= Z crossentropy(ys , o (W h(s"))
s'eT’

where y, stands for the label of s/, 1 for definitional and O for the other. w is a parameter
vector. Here crossentropy is given by

crossentropy(a,b) = —(alog(b) + (1 — a)log(1 — b))

We use gradient descent to optimize w and the parameters of our LSTM encoder
together. An open source implementation, Theano [21] is used in our work*. We calcu-
late gradients for all the parameters (i.e. w and parameters of LSTM) and update them
using RMSprop optimizer.

Here we want to emphasize that as pointed by [17], highly imbalanced datasets can
greatly influenced supervised classification based methods. As the training procedure
of our method uses gradient descent, we overcome this problem by setting different
learning rate to positive and negative samples according to their count ratio.

4 Experiments

We prepare two datasets for the evaluation of our method. One is an English dataset [5]
consisted of 1,908 definitional sentences and 2,711 non-definitional sentences manually
annotated from Wikipedia. The other one is a Chinese dataset containing 2,161 defini-
tional sentences and 2,161 non-definitional sentences manually annotated from Baidu
Baike?. In this part, we will describe detail experiment settings and the way we evaluate
our result.

* http://deeplearning.net/software/theano/
5 You can download it from http://166.111.7.170:28090/zh.zip



4.1 Experiment settings

In the word feature generation step, we use Top-1,000 frequent words set for English
dataset and Top-500 frequent words set for Chinese dataset. Every token will be en-
coded into a 50-dimension vector. The output dimension of the LSTM encoder used
in our sentence feature generation step is 50. The parameters of LSTM encoder are
initialized with the uniform distribution with the scale introduced by [22].

For the evaluation of our definition extraction on English dataset, we compare with
the following implements.

— Star patterns: A pattern based method where a sentence is classified as a definition
if it matches any of the star patterns [5].

— Bigrams: A pattern based method which uses bigram classifier for soft pattern
matching [2].

— WCL: A semi-supervised method which uses WCL-3 model to learn lattices sepa-
rately for each sentence field (i.e. DEFINIENDUM, DEFINITOR and DEFINIENS)
[5].

— DefMiner:a supervised method which uses long distance features [3].

— SVM: a supervised method which uses SVM classifier and syntactic dependencies.
[7].

— DR system: a supervised method which only uses syntactic features derived from
dependency relations [6].

— our method+LSTM: Our method using LSTM as sentence feature generator.

— our method+RNN: Our method using RNN as sentence feature generator.
Experiment on Chinese dataset is used as a comparison with the experiment on En-
glish dataset so as to show our method‘s ability in dealing with different languages.

Our training step can be regarded as optimizing a logistic regression classifier and
our sentence encoding layer at the same time. Therefore we need to make sure that
whether our LSTM encoder plays an important role in our method or the performance
is simply influenced by optimizing the logistic regression classifier. Sentences in our
dataset have rather long length thus RNN cannot generate a good sentence representa-
tion due to gradients vanishing problem. Therefore We use RNN as a control experiment
to check whether our LSTM implementation can learn a good sentence representation
vector.

4.2 Measures

— Precision - The number of definitional sentences correctly labeled by our model
divided by the number of sentences marked by our model as definitional.
— Recall - The number of definitional sentences correctly labeled by our model di-
vided by the number of definitional sentences in test dataset.
2PR

— F;-measure - Calculated by 1B with precision(P) and recall(R).

We calculate the above three measures to judge the performance of our method. Exper-
iments are performed with 10-fold cross validation. Dataset is separated into 10 parts
and we use one part as testing set and nine parts as training set in each fold.



5 Results and Analysis

In this section, we will evaluate the overall performance of our method in comparison
with other systems. Additionally, we will show how frequent set influences the perfor-
mance and explain the reason.

5.1 Overall performance

Table 1. Performance on the English dataset

Algorithm  [P(%) R(%) F1(%)
our method+RNN | 55.0 419 47.6
our method+LSTM| 90.4 92.0 91.2

Star patterns 86.7 66.1 75.1
Bigrams 66.7 827 73.8
WCL 98.8 60.7 75.2
DR system 859 853 854
DefMiner 920 79.0 85.0
SVM 88.0 76.0 81.6

In table 1, we display the results of different definition extraction systems on the
English dataset. Results of other systems are obtained from aforementioned literatures
[2,3,5,7,6].

Compared with RNN, LSTM completely outperforms in both precession and recall,
which indicates that our sentence feature generation step does play an important role
and LSTM can preferably encode a sentence according to its structure.

Compared with the other previous systems, the performance of LSTM is satisfying.
In our LSTM implementation, we make near 6% progress in the F; measure, which
proves that our method have a good generating ability in extracting sentence features
for definition extraction. Although precision of our method is lower than WCL and
DefMiner, we make a significant improvement in recall performance. We contribute the
improvement to the following reasons:

— Compared with pattern based method, our method does not use any manual specific
star patterns to preprocess sentences. Every possible pattern will be learned in our
LSTM encoder.

— In our method, We use dense feature vectors to encode tokens (i.e. words or POS
tags) in sentences. Tokens are not treated independently but can be calculated sim-
ilarity according to their distance. In other words, we smooth the impact caused
when a token of a sentence change to another, which can improve the generating
ability of our method.

— We do not manually pick sentence structure features but let our LSTM encoder au-
tomatically learn how to generate features. Manually specific dependency features
in previous work use only a small part of sentence dependency parsing tree, which



may lose hidden information. However our LSTM encoder can directly learn from
sentence sequences which ensures the full use of sentence structures.

Our experiment on Chinese dataset reaches a result of 86.7% in precision, 84.7%
in recall and 85.7% in F1 score. Compared with English dataset, sentences in Chinese
dataset have more complicated definitional structures. Considering the possible error
caused in word segmentation and the structure complexity, we think it is a satisfying
result, which shows that our method‘s effectiveness in dealing with different languages.

5.2 Result with different frequent words sets

Table 2. Performance with different Top-N frequent words sets on English and Chinese datasets

Top-N English English Chinese Chinese
F1(%) |Frequency count(%)| F1(%) |Frequency count(%)

Top-0 76.0 0 76.7 0

Top-50 | 87.9 44 84.0 30
Top-100 | 89.6 48 85.1 35
Top-500 | 90.9 61 85.7 52
Top-1,000{ 91.2 68 84.3 60
Top-8,000{ 90.9 90 81.4 88

In order to find out how our word feature generation step affect the performance
of our system, we perform another experiment. In table 2, we present the performance
with different top-N frequent words sets. Here the frequency count refers to the count
of frequency of all the words used in different datasets.

The performance with Top-0 frequent words set is the worst as expected due to
the reason that it replace all the words with their POS tags. The treatment will cause
information loss since original forms of some words (e.g. is, a, etc.) are more important
than their POS tags in definition extraction.

Until Top-500, the F; measure rises quickly when we enlarge our frequent words set
with more words which are often essential parts of star patterns in previous approaches.
The result shows that frequent words are critical in determining a sentence is definitional
or not.

Performance on English dataset becomes rather stable when we choose more words
as frequent words. Even with Top-8,000 frequent words set where POS tags are hardly
used, our method still obtains a satisfying performance. Compared with Chinese, POS
tag feature does not make significant effect on definitional extraction in English. We
believe the main reason lies on the language itself. English definitional sentences have
rather common structures which are usually consisted of frequent words. In our sen-
tence feature generation step, our LSTM encoder gradually learns to reduce the impact
of infrequent words since they are rarely involved in definitional structures. Therefore
it does not matter whether we use words* original forms or their POS tags.

Result is quite different in the Chinese dataset. F; score falls when the size of fre-
quent words set becomes larger than 500, which indicates that POS tagging replacing



step becomes important when dealing with Chinese. The reason lies on the fact that
Chinese sentences do not have common frequent words based patterns which can be
used to classify definitional sentences. POS tags of infrequent words will participate
in classification so replacing these words with their POS tags can help to improve the
performance of our method.

In general, considering both English and Chinese task, we think Top-500 frequent
words set is the best set for our method. Although with this words set, our method
cannot reach its best in English dataset, its F score (90.9 %) is actually very close to
the highest score (91.2%).

6 Conclusion

A method for the task of definition extraction based on LSTM Recurrent Neural Net-
work has been described in this paper. In order to directly learn from the whole raw
sentence, we propose a new way to generate sentence representation.

From the initial idea that LSTM has the ability of learning sequence structures from
sentences, we use a LSTM generator to capture definitional structures in a sentence.
Next, the dataset of our experiment has been presented to the reader, followed by our
detail experiment settings and our results.

We are encouraged by the performance of LSTM implementation, which proves
that our method can learn certain structures from sentences well and is competent for
definition extraction task. Our method can reduce the work of feature engineering for
supervised learning based definition extraction by automatically learning structure fea-
tures from sentence sequence. Besides our method is also proved to be effective in
multiple languages.
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