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Abstract

Paraphrase is an expression of a text with alternative words and orders to
achieve a better clarity. Paraphrases have been found vital for augmenting
training dataset, which aid to enhance performance of machine learning
models that intended for various natural language processing (NLP) tasks.
Thus, recently, automatic paraphrase generation has received increasing at-
tention. However, evaluating quality of generated paraphrases is technically
challenging. In the literature, the importance of generated paraphrases is
tended to be determined by their impact on the performance of other NLP
tasks. This kind of evaluation is referred as extrinsic evaluation, which re-
quires high computational resources to train and test the models. So far, very
little attention has been paid to the role of intrinsic evaluation in which qual-
ity of generated paraphrase is judged against predefined ground truth (refer-
ence paraphrases). In fact, it is also very challenging to find ideal and com-
plete reference paraphrases. Therefore, in this study, we propose semantic or
meaning oriented automatic evaluation metric that helps to evaluate quality
of generated paraphrases against the original text, which is an intrinsic evalu-
ation approach. Further, we evaluate quality of the paraphrases by assessing
their impact on other NLP tasks, which is an extrinsic evaluation method.
The goal is to explore the relationship between intrinsic and extrinsic evalua-
tion methods. To ensure the effectiveness of proposed evaluation methods,
extensive experiments are done on different publicly available datasets. The
experimental results demonstrate that our proposed intrinsic and extrinsic
evaluation strategies are promising. The results further reveal that there is a
significant correlation between intrinsic and extrinsic evaluation approaches.
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1. Introduction

Paraphrase is an expression that delivers the same information of the original
text by using different words and order [1]. It has been proved that paraphrases
play a vital role for augmenting and bringing diversity to existing training data-
set, which significantly improves performance of machine learning models that
intended for NLP tasks. Machine learning models inherently require large train-
ing dataset. If the training sample is big enough, the models can easily capture all
the discrepancies and learn relevant patterns. Failing to find enough dataset ob-
scures application of machine learning techniques to natural language processing
tasks, especially for low-resource and morphologically rich languages [2]. Hiring
people to collect large dataset is not practical. Alternatively, large volume of
synthetic data can be used to train complex machine learning models. Rubin [3]
discussed the validity of synthetic data with the intention of preserving confi-
dentiality of authentic data. Barse et al [4] also used generated artificial data to
train fraud detection system.

Similarly, automatically generated paraphrases have been used to improve
various NLP models, for example, question-answering [5] [6]; information ex-
traction and retrieval [7] [8]; relation extraction [9]; text summarization [10]
[11]; machine translation [12] [13] [14]; automatic generation of reference
translation [15] [16], etc. As a result, recently, in the field of NLP, automatic pa-
raphrase generation received increasing attention. In line with this, quality of
generated paraphrases could be determined based on the impact of generated
paraphrases on the performance of target NLP task.

According to Alexander et al [17], perhaps automatic and manual evaluations
are the most basic dichotomy for evaluating NLP systems. To assess performance
of NLP systems, recruiting human experts is the most straightforward. However, it
has two major limitations: first, humans often generate inconsistent results and the
process is very slow. Secondly, manual evaluation is a time-consuming task and
laborious. In other words, it is a costly evaluation approach. Thus, automatic
evaluation is relatively more vital to evaluate and rank several NLP systems.

Evaluation of NLP systems can also be classified into intrinsic and extrinsic
methods [17], which can be performed either automatically or manually. In an
intrinsic evaluation, quality of NLP systems outputs is evaluated against
pre-determined ground truth (reference text) whereas an extrinsic evaluation is
aimed at evaluating systems outputs based on their impact on the performance
of other NLP systems. For instance, in intrinsic evaluation of paraphrase genera-
tion system, we would ask the following questions: Does the generated paraph-
rase convey meaning of the original text? On the other hand, extrinsic evaluation
of generated paraphrases deals with their impact on the performance of other
NLP systems. In this context, we might ask: Do the incorporated paraphrases
significantly improve performance of question-answering model? Can the gen-
erated paraphrases be used as a surrogate of original text to train text classifica-
tion models? If so, it can be concluded that, extrinsically, the considered pa-

raphrases are useful.
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If the goal is to evaluate quality of generated paraphrases or performance of
paraphrase generation systems, then it is usually easier to use automatic evalua-
tion metric for intrinsic evaluation [17] [18]. However, automatic intrinsic eval-
uation of paraphrase generation systems is also becoming harder for two main
reasons: first, it is difficult to find an acceptable ground truth (reference paraph-
rases). It is very challenging for human to produce complete and ideal reference
sentences or phrases [19]. In other words, as previously proposed automatic
evaluation metrics rely on lexical matching, if the terms or fragments in the gen-
erated paraphrases do not exist in the human generated reference paraphrase,
despite their goodness, those systems will be penalized which is unfair.

Secondly, because of various characteristics of paraphrases, the generated pa-
raphrases that have high metric score with the corresponding reference paraph-
rases might be not genuine. For example, if a paraphrase generation system ge-
nerates an exact copy of the original sentence or phrase, based on the funda-
mental definition of paraphrase, the generated text is actually not a paraphrase
rather copy of the original text. Thus, the system that generates an exact copy of
the original text deserves a low metric score. However, researchers have not
treated this situation in much detail.

Thus, in this study, we propose an appropriate automatic evaluation metric
for paraphrase generation systems, which is intrinsic evaluation approach. In the
proposed metric, we incorporate a way of discouraging copying of words or
phrases from the original text and encouraging using of alternative words in the
generated paraphrases. Further, we use generated paraphrases to train different
NLP models and assess their impact, which is an extrinsic evaluation method.
The aim is to explore relationship between intrinsic and extrinsic automatic
evaluation of paraphrase generation systems. Our main contribution can be
summarized as follows:

e Based on lesson learned from study in [14], we generate paraphrases and
prepare them for analyzing intrinsic and extrinsic evaluation strategies and
assess their relationships.

e For intrinsic evaluation, we propose a suitable automatic evaluation metric
for paraphrase generation system.

e For extrinsic evaluation, we make use of generated paraphrases and train
various sentiment classification models and assess their impact on the per-
formance of these models.

e We conduct extensive experiments on different publicly available dataset
configurations. The experimental results show that the proposed intrinsic
and extrinsic evaluation strategies are promising. The results also demon-
strate that there is a significant correlation between intrinsic and extrinsic
evaluation of paraphrase generation systems.

The remainder of this paper is organized as follows: In Section 2, first we re-
view related works in terms of paraphrase generation approaches and paraph-

rase evaluation methods. In Section 3, we describe the proposed intrinsic and
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extrinsic evaluation strategies and their implementation details. Experimental
results and discussion are presented in Section 4. Finally, conclusions are drawn

in Section 5.

2. Related Work

In this section, we review the related work from the following two perspectives:

paraphrase generation and evaluating quality of generated paraphrases.

2.1. Paraphrase Generation

Paraphrase generation (PG) is a process of presenting and conveying informa-
tion of original sentence/phrase in alternative words and order [17] [20]. Pa-
raphrase generation approaches may be divided into two main categories. 1)
rule-based; and 2) machine learning based approaches.

Rule-based: In rule-based PG, rules are created manually to transform origi-
nal text into semantically equivalent text or paraphrases [21] [22]. Most of ma-
nually crafted rules were intended to use linguistic resources such as dictiona-
ries, WordNets or thesaurus for replacing words in the original text with their
synonyms [16] [23] [24]. Words in the original text can also be replaced with
their antonyms along with appropriate negation words. Further, linguistic
structure has been leveraged for generating paraphrases. For instance, changing
active voice into passive; adding or deleting function words; co-reference subs-
titution; and changing part-of-speech, just to mention some. In this regard,
study in [1] identified 25 paraphrase generation techniques. Moreover, based on
lexico-grammatical resources, Raymond et al [25] discussed ways of generating
paraphrases from predicate/argument. Study in [26] extended the usage of lin-
guistic resources at lexical and syntactic levels to document structure and layout
for paraphrase generation.

Machine learning based: In machine learning based PG, rules that help to
generate paraphrases are created automatically from the data [19] [27] [28].
Scheme in statistical machine translation (SMT) has been adopted for paraph-
rases generation [29] [30]. The main difference between them is that in SMT
source and target language texts are from different languages (bilingual) whereas
in paraphrase generation both source and target side texts are from the same
language (monolingual). Further, various advanced machine learning approach-
es have also been adopted for paraphrase generation. For instance, deep neural
network [31], deep reinforcement [32], generative adversarial network (GAN)
[33], and combining deep generative variation auto encoder (VAE) with se-
quence-to-sequence long short-term memory (LSTM) models [34]. However, to
train the deep learning neural network models, scarcity of training dataset is no-
ticeably a challenging issue. It should be noted that generative models are capa-
ble to generate paraphrases that totally different from the original text in surface
form but semantically similar. In this regard, however, existing automatic evalu-

ation metrics are not appropriate to judge quality of generated paraphrases be-
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cause the most commonly used automatic evaluation metrics rely on lexical
matching. Thus, to fairly assess performance of generative models for paraph-

rase generation, semantic oriented automatic evaluation metrics would be vital.

2.2. Evaluating Paraphrase Generation Models/Systems

Evaluation of NLP models or systems is a more general term. Philip and Jimmy
[18] discussed various categories of NLP systems evaluation approaches. Ac-
cording to them, there are several evaluation dichotomies: automatic versus
manual; formative versus summative; intrinsic versus extrinsic; and component
versus end-to-end. Further, there is a kind of evaluation called adequacy and
fluency. These evaluation approaches can also be applied to specific NLP task
including paraphrase generation.

According to Philip and Jimmy, recruiting humans and ask them to assess
quality of NLP systems output on the basis of pre-determined criteria is the most
straightforward. However, it has two main limitations: firstly, human judgments
are notoriously inconsistent. In other words, there is a low inter-annotators
agreement. Secondly, manual evaluation approach is a time-consuming and la-
borious task. Thus, automatic evaluation approach is increasingly receiving more
attention.

Evaluation can also be considered as part of development life cycle of NLP
system because all developers need to evaluate the system under study at the
modular level, which is referred as formative evaluation. On the other hand,
evaluation of the systems at the final stage, after integrating the whole modules
but before deploying to the real working environment, is referred as summative
evaluation. Formative and summative evaluations are very similar with that of
component and end-to-end evaluations respectively. Component based evalua-
tion is assessing quality of the system at individual component rather than eva-
luating the system as a whole at once. For instance, in order to evaluate parsers
that developed based on part-of-speech tagger and other components, the com-
ponent based evaluation is intended to evaluate the parser based on the
part-of-speech tagger first and also based on other components, individually. In
contrast, in the end-to-end evaluation, quality of the whole system is evaluated
at once.

The most commonly invoked NLP systems evaluation approaches are intrin-
sic and extrinsic. In intrinsic evaluation, system output is evaluated against the
pre-determined ground truth (reference text) whereas in extrinsic evaluation
quality of system output is assessed based on its impact on the performance of
other NLP systems [35] [36]. Intrinsic evaluation can be further divided into two
main categories: adequacy and fluency. Adequacy is aimed to judge how much
of the meaning expressed in the ground truth is preserved in the system output
whereas fluency dealt with the intuitively acceptable linguistic structure or
grammatical correctness of systems outputs. In extrinsic based evaluation me-

thods (aka task-based evaluation), quality of generated texts (paraphrases) can-
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not be determined until the generated paraphrases are used for training and
testing the models. Accordingly, one can judge quality of various generated pa-
raphrases or performance of paraphrase generation systems after observing the
improvement or validity of generated paraphrases to be a surrogate for the orig-
inal texts.

If the basic intention is to assess quality of the paraphrases, task-based evalua-
tion might not be a good choice. Because, training and testing of machine learn-
ing models requires high computational power and large dataset, which is not
available in most cases. Thus, intrinsic method or automatic evaluation metric
for paraphrase generation systems would be more preferable. However, as far as
we know, only three automatic evaluation metrics have been proposed to assess
performance of paraphrase generation systems: ParaMetric [37], PEM (Paraph-
rase Evaluation Metric) [38], and PINC (Paraphrase In N-gram Changes) with
BLEU (Bilingual Evaluation Understudy) [39].

ParaMetric automatic evaluation metric is similar with the Pyramid method
[40] that proposed to evaluate performance of text summarization systems. Both
are intended to complement automatic evaluation by employing human anno-
tators for introducing varieties to the reference paraphrases. Even though it is a
good attempt, it is very challenging to prepare complete and ideal reference pa-
raphrases. As an alternative, to establish semantic equivalence, a trainable metric
called PEM was proposed to use a second language as a pivot. Although PEM
was shown to correlate well with human judgments, the requirement of large
parallel text for training is as difficult as generating paraphrases. On the other
hand, PINC was proposed to assess dissimilarity between paraphrase and source
text. For dissimilarity measurements, PINC score is computed in an opposite to
the BLEU. Further, the authors also used BLEU for measuring adequacy and
fluency of generated paraphrases against the source text. Accordingly, the au-
thors used BLEU and PINC as a two dimensional scoring metric, which is logi-
cal. However, the measurement is solely relying on lexical matching by ignoring
semantic similarities, which can be a fundamental defect.

In the literature, the BLEU metric [41], which was originally proposed for as-
sessing quality of machine translation systems has been used for evaluating qual-
ity of generated paraphrases. BLEU metric relies on n-gram lexical matching,
which has several flaws. It fails to evaluate generated text based on their meaning
and the considered geometric mean of n-units in BLEU ends up with unfair
score. This limitation is severe when it comes to the evaluation of paraphrase
generation systems. For instance, evaluation of generated paraphrases against
reference paraphrases by using lexical matching based metrics might not aligned
with the fundamental definition of paraphrase. The basic definition of good pa-
raphrase is that it should be lexically dissimilar with the source text while pre-
serving its meaning. In other words, it seems better to evaluate the generated
paraphrases against the original text. What if paraphrase generation model/system

generate an exact copy of original text. Obviously, the generated text cannot be
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considered as a paraphrase it is a copy of the original text. Thus, it is very im-
portant to consider this criterion in the development of automatic evaluation
metric for PG, like study in [39].

In some studies, researchers used METEOR metric [42] rather than BLEU,
which was also originally proposed to evaluate MT systems. Stemming and syn-
onym matching techniques have been incorporated in METEOR, which helps to
alleviate problems of exact matching in BLEU. However, METEOR requires
linguistic resources such as parsers and WordNet, which are very difficult to find
fully fledged linguistic resources for most languages. It would be better to leve-
rage other linguistic resources like publicly available pre-trained word embed-
ding models that proved to capture syntactic, semantic, and morphological si-
milarity of the words [43] [44]. Noticeably, word embedding models are in-
creasing published for several languages [45] and even relatively easier to devel-
op from scratch.

Therefore, in this study, we propose a suitable semantic oriented automatic
evaluation metric for paraphrase generation systems. Further, we also evaluate
quality of generated paraphrases based on various sentiment classification mod-
els. Consequently, we conduct a correlation analysis between the automatic
evaluation metric scores and task-based evaluation results. We describe proce-

dure of doing this in the next section.

3. Method

In the literature, intrinsically, the BLEU metric has been commonly used to eva-
luate quality of paraphrases. Extrinsically, quality of generated paraphrases has
also been assessed based on their impact on various NLP tasks such as ques-
tion-answering, information retrieval, text summarization, machine translation
etc. Although intrinsic evaluation is relatively more practical, the commonly
used automatic evaluation metrics are not suitable to evaluate performance of
paraphrase generation systems. Thus, we propose simple but yet more appropri-
ate and effective automatic evaluation metric for paraphrase generation system
and analyze relationship it has with the task-based automatic evaluation me-
thods.

To achieve the stated goals, we performed the following three activities:

1) We adopted existing paraphrase generation method in [14] for generating
paraphrases.

2) Based on the various characteristics of the paraphrases, we proposed a
suitable automatic evaluation metric for evaluating quality of paraphrases or for
evaluating performance of paraphrase generation systems.

3) For comparison, we identified some sentiment classification models that
help use to assess quality of generated paraphrases. Consequently, we calculated
the correlation between intrinsic and extrinsic evaluation results. The overall
workflow is depicted in Figure 1 and we describe each process in the next con-

secutive sections.
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Figure 1. The general workflow architecture. It should be noted that the hyper-parameter
settings of the models trained on the original dataset are the same with the models trained
on the paraphrases dataset.

3.1. Dataset

In this study, we used datasets from two sources: first, for evaluating proposed
automatic evaluation metric, we used 26 k and 13 k annotated phrase-paraphrase
pairs that randomly drawn from Paraphrase Database (PPDB) and Wikipedia
respectively that made publicly available by Pavlick et a/ [46]. Secondly, for eva-
luating quality of generated paraphrases, we used large movie reviews dataset!
that shared by Maas et al [47]. Accordingly, we randomly draw 5000 reviews
from 50,000 large movie review dataset along with the class label annotated by
human. Then, we divided this dataset into three parts: 2500 reviews for training;

2000 reviews for validation; and the remaining 1000 reviews for testing.

3.2. Paraphrase Generation Methods

Based on the text augmentation techniques proposed in [14], we generated three
groups of paraphrases, which can be referred as paraphrase generation system 1,
2 and 3 (PGI, PG2, and PG3). The first system (PG1) is intended to generate
paraphrases by replacing words of the original text with the first most similar
word in the vector space whereas the second and the third systems are intended
to generate paraphrases by replacing the words in the original text with the
second and third most similar words in the vector space respectively. For this
purpose, we used publicly available pre-trained word embedding model that
trained on Word2Vec [48]. To determine the most similar word of the original

word in a vector space, we make use of python library called gensim.

3.3. Automatic Evaluation Metric for Paraphrase Generation

In order to evaluate quality of generated paraphrases, intrinsically, we develop a
word embedding based evaluation metric for paraphrase generation (WEEM4PG
for short). In WEEMA4PG, we opt to compare the generated paraphrases directly

with the original text. By this, we address lack of human generated reference pa-

1

https://ai.stanford.edu/~amaas/data/sentiment/
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raphrases. Further, comparing quality of generated paraphrases against the origi-
nal text is better than comparing against the reference text because it helps to
minimize some discrepancies. For instance, paraphrase is a way of expressing
the original text with alternative words but deliver the same meaning. To con-
firm this, it is better to use the original text rather than using reference paraph-
rases. Thus, in WEEMA4PG, we set criteria in which we discourage the overlap-
ping words and encourage substitution of the words with the alternative words,

see Equation (1).

N(OAP) | Xiw

WEEMA4PG =
N(ONP) || length(P)

(1

where N (.) represents the number of overlapping words between paraphrase (P)
and original text (O). The w;is the cosine similarity value between a word at po-
sition “7” in the generated paraphrase and the nearest word among the words in
the original text in the vector space.

The first part of Equation (1) is square root of number of overlapping words
divided by the total number of overlapping words between the original and the
paraphrase texts, which is incorporated to discourage severe overlapping words

whereas the second part helps to encourage semantic similarities.

3.4. Identifying Models for Extrinsic Evaluation

In order to determine quality of generated paraphrases, extrinsically, we first
train sentiment classification models on the original movie reviews and predict
on the reserved test dataset. The prediction results were saved to be used later for
comparison. Similarly, we train the models on the paraphrases that generated
from the original movie reviews and predict on the same test dataset. Then, we
compare prediction results of sentiment classification models that trained on the
original and paraphrase reviews. Accordingly, we can judge the impact of gener-
ated paraphrases on these models or to determine whether the generated pa-
raphrases can be a valid surrogate for the original reviews, which in turn helps to
determine quality of generated paraphrases. For this purpose, we identified four
types of sentiment classification models:

1) Simple Multi-Layer Perceptron Neural Network (SMPNN);

2) Multichannel Convolution Neural Network (MCNN);

3) Gated Recurrent Unit based Recurrent Neural Network (GRU-RNN) and;

4) Long Short-Term Memory based Recurrent Neural Network (LSTM-RNN).

All models were developed based on Keras python library. The network con-
figurations of these models are similar on some hyper-parameter settings. For
instance, in all networks, the input layer (embedding layer) is defined with the
input and output dimension of 5000 and 300 respectively, and input length of
500. Similarly, loss of all models is computed based on the binary cross entropy.
Adam optimizer and accuracy metric are used in all cases. Further, the number
of epochs to train all models is 30. Batch size of MCNN is 16 whereas 128 for the
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other three models. These hyper-parameter values were determined by tri-
al-and-error process or tuning and we used the default values for the other hy-

per-parameters.

4. Results and Discussion

4.1. Correlation Results of Automatic Evaluation Metrics

To analyze correlation between automatic evaluation metrics and human judg-
ments, we used human judgments of PPDB 2.0 that made publicly available by
[46] and report the results in Table 1. The table compares correlation coeffi-
cients of our proposed automatic evaluation metric (WEEM4PG) and other auto-
matic evaluation metrics. Accordingly, WEEM4PG is in the middle position among
the 5 competing metrics. Supervised scoring model in PPDB 2.0 and cosine similar-
ity that based on word embeddings of rare words are better than WEEM4PG. A
possible explanation for this might be that scoring techniques of these two metrics
were adjusted according to the characteristics of phrase-paraphrase pairs in PPDB.
For instance, in the supervised learning, phrases reserved for testing might ap-
pear in the training set. Similarly, in the cosine similarity based metrics, the con-
sidered rare words are defined in the context of PPDB.

Apart from WEEMA4PG, for calculating scores, all automatic evaluation me-
trics reported in Table 1 are limited to a phrase level. In other words, WEEM4PG
is intended to evaluate paraphrases against the original text beyond the phrases.
Further, unlike other metrics, WEEM4PG is proposed to evaluate paraphrases of
all kind including paraphrases in PPDB.

4.2. Prediction Accuracy Results of Sentiment Classification Models

We assessed the impact of generated paraphrases by evaluating performance of
sentiment classification models that trained on four dataset configurations:
original text, paraphrases generated based on PG1, paraphrases generated based
on PG2, and paraphrases generated based on PG3. We used validation dataset to
fine-tune the models hyper-parameters whereas testing dataset to evaluate per-

formance of the final models.

Table 1. Spearman’s (p) correlation of automatic evaluation metrics for paraphrase gen-
eration on two datasets: sample from PPDB 2.0 and Wikipedia. The best score is hig-
hlighted bold. All correlation coefficients are significant at 2< 0.05.

Source of dataset PPDB Wiki
#Phrase-Paraphrase pairs 26,455 13,954
P (paraphrase/phrase [49] 0.414 -
Heuristic scoring in PPDB 1.0 [50] 0.407 -
Cosine similarity based on word embeddings of rare words [46] 0.463
Supervised scoring model in PPDB 2.0 [46] 0.713 -
WEEMA4PG (Ours) 0.435 0.382
DOI: 10.4236/jcc.2020.82001 10 Journal of Computer and Communications
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Table 2 compares prediction accuracy results of four different sentiment clas-
sification models. As can be seen from the table, MCNN performs best on all
training datasets when compared to other counterpart models. Performance of
all models except GRU-RNN that trained on the original reviews is best when
compared to the same network configuration trained on the generated paraph-
rases, which is logical and expected. However, GRU-RNN that trained on the
paraphrases of PG2 outperforms same model that trained on other datasets in-
cluding the original dataset, which is somewhat counterintuitive and also diffi-
cult to justify.

Closer inspection of results in Table 2 shows the differences of prediction ac-
curacy of the models trained on the original text are very small when compared
to the prediction accuracy of the models trained on the generated paraphrases.
Thus, it can be concluded that the generated paraphrases are valid to be a surro-

gate for the original reviews.

4.3. Correlation between Intrinsic and Extrinsic Evaluations

Table 3 presents the correlation between intrinsic and extrinsic evaluation re-
sults. In other words, this table illustrates association between WEEM4PG scores
and prediction results of sentiment classification models. As can be seen from
the table, Pearson’s and Spearman’s correlation between WEEM4PG scores are

significantly correlated with the prediction accuracy results of MCNN on the

Table 2. Prediction accuracy of four sentiment classification models that trained on four
dataset configurations. Testing dataset is common in all cases. The best score is hig-
hlighted in bold.

Training Set SMPNN MCNN GRU-RNN LSTM-RNN
Original review (baseline) 73.08 83.00 51.44 49.92
Paraphrase PG1 65.04 68.28 51.16 49.24
Paraphrase PG2 65.76 74.04 66.00 48.88
Paraphrase PG3 64.36 74.68 51.28 49.36

Table 3. Pearson’s (r) and Spearman’s (p) correlation between WEEMA4PG scores and
prediction accuracy results of four sentiment classification models. All models are trained
on the original text and the trained models are used to predict paraphrases generated by
PGI, PG2, and PG3 from test dataset. The single and double superscript stars indicate the
correlation is significant at the P = 0.05 and P = 0.01 respectively. Best results are hig-
hlighted in bold.

WEEM4PG, PG1 WEEM4PG, PG2 WEEM4PG, PG3

Models
r P r P r P
SMPNN -0.007 -0.009 0.163* 0.121 -0.014 -0.039
MCNN 0.206** 0.301** 0.286** 0.271** 0.061 0.063
GRU-RNN 0.201** 0.155** -0.078 —0.088 —0.066 —0.085
LSTM-RNN 0.033 0.079 0.076 0.010 -0.1 -0.154
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paraphrases generated by PG1 and PG2. Further, although the correlation coef-
ficient values are very low, WEEMA4PG has also a significant correlation with
SMPNN on paraphrases generated by PG2 and with GRU-RNN on paraphrases
generated by PGl. However, no significant correlation was found between
WEEM4PG and all sentiment classification models on paraphrases generated by
PG3. Moreover, no evidence was found regarding correlation between WEEM4PG
and LSTM-RNN on all test datasets. Thus, it can be concluded that intrinsic

evaluation method can agree with at least some extrinsic evolution methods.

5. Conclusion

In this study, the aim was to propose intrinsic and extrinsic automatic evaluation
strategies and to explore association between them. The obtained experimental
results show that the proposed word embedding based automatic evaluation
metric (WEEM4PG) is promising. The results also revealed that WEEM4PG has
a significant correlation with accuracy prediction results of some sentiment clas-
sification models. Taken together, the results suggest that WEEM4PG is more
practical for three main reasons: first, it intended to evaluate quality of generated
paraphrases against the original text, which helps to address lack of human gen-
erated reference paraphrases. Second, relatively, it is simple to use and cheaper
when compared to extrinsic evaluation methods. Third, in the evaluation
process, WEEM4PG is designed to discourage lexical overlapping while encour-
aging semantic similarities between the original texts and generated paraphrases,
which preserve the fundamental definition of paraphrase. However, as this study
is tended to evaluate how much meaning of the original text is preserved in the
generated paraphrases (adequacy), unfortunately, assessment of grammatical
correctness or fluency of generated paraphrases was ignored. Thus, further work

is needed to evaluate paraphrases on the basis of adequacy and fluency.
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