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1 Introduction

The European Economic and Social Committee (2019) [1], has noted that health
literacy, i.e., the ability to read and comprehend medical texts, is essential for
public health. However, in a report on health literacy of the German popula-
tion published by Schaeffer et al. (2018) [2] the results showed that the lack of
understanding mainly stems from an inability to understand highly specialised
literature written in a subject-specific manner. This is especially true for medical
and pharmaceutical texts.

In order to rectify this problem and to make medical information more available
to a broader audience they must be translated into a simpler equivalent. This
process is called Text Simplification (TS). TS involves splitting long and syn-
tactically complex sentences into shorter and clearer ones. However it is critical
that the core message should be preserved after T'S has been applied. Today,
Automatic Text Simplification (ATS) is a central topic in Natural Language
Processing (NLP) research not only because of its interesting challenges but also
its ability to democratize specific domains such as health information [3].

Research in TS often approach the problem as Neural Machine Translation
(NMT). Since the development of transformer models, they have achieved State-
Of-The-Art (SOTA) performance in NMT [4, 5]. However, current SOTA NMT
approaches require large parallel corpora for training, which is particularly lack-
ing in the medical domain. Especially for the use in TS, such a biomedical specific
parallel corpora is unfortunately not available. To ensure that we have enough
datasets with sufficiently large parallel corpora to employ NMT on TS tasks, we
evaluate our approach on a dataset with biomedical text, but also on a general
TS dataset.

Pre-trained Language Models such as BERT [5] have shown to improve data-
poor NLP tasks [6]. We hope similar improvements can be achieved on low-data
parallel corpora. Lee et al. (2020) [6] have trained BERT on a large-scale biomed-
ical corpora specifically for use in biomedical tasks.

NMT models traditionally are optimized with Maximum Likelihood Estima-
tion (MLE), which results in generated text that often is too dissimilar with
human translations. In this work, we want to overcome this issue by using the
idea of Goodfellow et al. (2014) [7] to use a Generative Adversarial Network
(GAN) to jointly train a generative Neural Text Simplification (NTS) model G
that produces simplified sentences which are difficult to distinguish from human
simplifications for a discriminative model D. We hope that due to the adversar-
ial training the generative NT'S model can utilize the discriminator to learn the
distribution of human simplified output sentences, i.e., it learns what the golden
sentences look like.

We also want to ensure that our NTS model achieves high evaluation scores



in the mainly used evaluation metrics (e.g., sentence-level BLEU [8], METEOR
[9] or TER [10]). Reinforcement Learning (RL) based training objectives alone
do not solve this problem [11]. Therefore, inspired by Yang et al. (2018) [12],
we use a sentence-level based similarity evaluation metric (e.g., sentence-level
BLEU, METEOR or TER) and a lexical simplicity based metric (SARI [13])
as objectives in addition to the naive GAN objective, for the policy gradient
training based on the REINFORCE algorithm [14].

2 Problem Statement

We want to learn from SOTA approaches in general NMT and study how well
they can be exploited for NTS. Therefore we want to tackle the following key
challenges:

Using Transformers in NTS. Transformers have shown better perfor-
mance in general NMT tasks than traditional NMT models like RNNSearch
[15]. We want to study whether the same applies to NTS.

Using BERT as Word Embedding Layer in NTS. We would like to
make use of two advantages of BERT: (1) We exploit the fact that BERT has
contextual understanding in the hope that our model has a strong semantic
preservation. (2) BioBERT [6] is pre-trained on large-scale corpora. We hope
this prior knowledge will improve the results even on small datasets. We want to
investigate if a domain-specific contextual language model improves the results
of our NTS model.

Using Adversarial Training with a novel Reward Function. Our
multi-objective based reward function aims to achieve high scores in common
evaluation metrics but also to generate human-like simplifications. We experi-
ment with different similarity evaluation metrics at sentence-level such as sentence-
level BLEU, METEOR or TER in combination with SARI as additional rein-
forcement objectives besides the naive GAN objective. We want to investigate
whether our NTS model shows a better performance in TS due to the adversarial
training. We also want to find out if our reward function improves the results of
our NTS model in comparison to the naive GAN objective.

Our focus lies on the training and evaluation of our proposed approach for NTS.
Unfortunately, due to the lack of specific biomedical parallel corpora, we cannot
focus only on biomedical text. However, our main goal is to investigate whether
we can achieve SOTA results on parallel corpora with biomedical text that are
better than those of generalized TS approaches.

3 Related Work

3.1 Neural Text Simplification

Recent work in TextVSimpliﬁcation utilizing neural networks has shown promis-
ing results [17, 18]. Stajner and Saggion (2018) [19] have shown that NTS ap-
proaches perform better than SOTA ATS approaches. They found that NTS



models have a higher accuracy rate in correct changes of medical terms and
produce a more simplified output than any ATS approach. Van den Bercken
et al. (2019) [16] have applied a similar architecture on medical text resulting
in improvements, when using NTS instead of ATS. However, they pointed out
that NTS algorithms trained on general parallel corpora perform well on general
language simplification tasks, but poorly on medical text simplification [34, 35].

3.2 Transformers in NMT

Vaswani et al. (2016) [4] introduced transformers, a novel network architecture
which achieves SOTA results in machine translation tasks such as WMT2014
English-German and WMT2014 English-French. This architecture allows faster
training than RNN and CNN based architectures, since significantly more par-
allelism is allowed. Extensions and modified variants of transformer networks
have already been successfully applied to several other NMT tasks [20, 21, 22].
Recently, the original architecture of transformers has been improved by adding
longer attention spans to solve the context segmentation problem [32], and the
RL training was stabilized by a gating mechanism [33].

3.2.1 Integration of BERT into Transformers to improve NMT. The
language model BERT with its contextualised word representations is also based
on a transformer [5]. Recent studies on NMT [23, 24, 25] started to focus on
the integration of BERT into transformer models for NMT and emphasized
the possible enhancements of NMT models through contextual embeddings like
BERT.

3.3 Reinforcement Learning in NMT

Large improvements over baseline models through the use of RL have been re-
ported when RL is combined with classic objectives (e.g., BLEU or ROUGE) as
demonstrated in [26, 27]. Using RL combined with classic objectives has been
also successfully applied in GAN approaches using adversarial training: Wu et
al. (2018) [28] and Yang et al. (2018) [12] proposed using a policy gradient in
the training objective to optimize directly towards a sentence-level reward.

Furthermore, RL has also been introduced in NTS by Zhang and Lapata (2017)
[30] with a similar objective approach as [28, 12]. Inspired by the Minimum Risk
Training (MRT) method [27, 29], they proposed a combination of BLEU score
and MLE in their approach to train a NTS model for sentence simplification.

4 Approach

The core element of our approach is a NTS model which is trained in a GAN
architecture with adversarial reinforcement learning. The discriminative model



D is used to provide a feedback in form of a reward, to challenge and teach our
generative model G. Overall, our proposed approach can be described as follows:

Generator. The generator G generates word by word a simplified output
sequence y based on the source input sequence x. We follow the work of Parisotto
et al. (2019) [33] and implement our NTS model as an advanced version of the
transformer network, called Gated Transformer-XL (GTrXL).

Discriminator. The discriminator D tries to classify a simplification se-
quence as machine-generated (y,) or human-made (y3). To distinguish between
these two classes, D takes a simplified target sequence y as input and the cor-
responding source sequence x as an additional condition. We follow the work of
Wu et al. (2018) [28] and Yang et al. (2018) [12] and employ a CNN architecture
with a layer-by-layer convolution and pooling strategy to capture matching fea-
tures on different abstraction layers. The CNN takes over the task to classify the
simplified sequence y as machine-generated or human-made. Therefore it takes
y and the corresponding source sequence z as input parameters.

Multi-Objective Reinforcement Learning. Our multi-objective based
reward function consists of two static objectives and a dynamic objective. The
objective Qg;—metric, based on a sentence-level metric and the SARI based ob-
jective Qgqri, are static functions and are not updated during training. Together
with our discriminator D, which is considered as the dynamic objective D, i.e.,
the naive GAN objective, they form the multi-objective based reward function.

BERT Embeddings. In order to use a language model which fits our
biomedical context, we use a domain-specific version of BERT with pre-trained
weights called BioBERT-Large v1.1 (+ PubMed 1M) [6]. The BERT model does
not automatically serve word embeddings. Therefore we follow the proposal of
Devlin et al. (2018) [5] and sum up the last four layers of the BERT model to
get an individual embedding vector for each word. These vectors are then used
for the embedding layer.

4.1 Evaluation

We conduct extensive experiments on a Wikipedia to Simple-Wikipedia simpli-
fication task containing biomedical text. This dataset was presented by van den
Bercken et al. (2019) [16]. It contains 154,805 sentence-pairs in English including
2,267 sentences from the medical domain subset. This dataset is not split into
training and evaluation sets. We follow the proposal of [16] to randomly select 500
medical sentence-pairs for validation and 350 medical sentence-pairs for testing.
The remaining 153,955 sentence-pairs, including 1,417 medical sentence-pairs,
are used for training. We compare our proposed transformer architecture with
BERT embeddings pre-trained on biomedical text with the SOTA approach from
[16] and investigate whether adversarial RL with our proposed reward function,
which is based on a weighted combination of evaluation metrics and the naive
GAN objective, encourages our model to achieve better results than a general-
ized TS approach.

In addition to our evaluation on a parallel corpora with biomedical text, we



employ our approach on Newsela [36], a parallel corpora of news articles in En-
glish. This parallel corpora consists of 1,130 news articles which are rewritten
by professional editors to create high quality simplifications for children at dif-
ferent grade levels (every article is rewritten in four different complexity levels).
The dataset is split into 94,208 sentence pairs for training, 1,129 sentence pairs
for validation and 1,076 sentence pairs for testing. We compare our proposed
approach with the SOTA approach of Zhang and Lapata (2017) [30] and their
evaluation on this dataset. On this corpora we use generalized pre-trained BERT
embeddings from a model called BERT-Large, Cased [5].

4.2 Training Strategy

We first pre-train G on the parallel training set using MLE. After that, we use
G to generate simplifications of source sentences from the training set. We also
pre-train D, using the generated simplifications in combination with the true
parallel data. Both models are trained until they do not significantly improve
any more. Then, we finally jointly train the generator and the discriminator.

To train G only with a policy gradient leads to a weak model performance
[12]. Li et al. (2017) [31] introduced a strategy called teacher forcing to miti-
gating this problem by updating the generator with the reward of human-made
references for simplifications. The teacher forcing training runs one time, once
G is updated by the policy gradient training. After the generator is completely
updated, we use G to generate new simplifications, which are then used again to
train D. For each optimization step of G, we also run one for D. This simulta-
neously adversarial training continues until none of the competitors, neither G
nor D, make any progress.
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