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Abstract

Abstractive summarization is an approach to document summarization that is not limited to selecting
sentences from the document but can generate new sentences as well. We address the two main challenges
in abstractive summarization: how to evaluate the performance of a summarization model and what is
a good training objective. We first introduce new evaluation measures based on the semantic similarity
of the input and corresponding summary. The similarity scores are obtained by the fine-tuned BERTurk
model using either the cross-encoder or a bi-encoder architecture. The fine-tuning is done on the Turkish
Natural Language Inference and Semantic Textual Similarity benchmark datasets. We show that these
measures have better correlations with human evaluations compared to Recall-Oriented Understudy for
Gisting Evaluation (ROUGE) scores and BERTScore. We then introduce a deep reinforcement learning
algorithm that uses the proposed semantic similarity measures as rewards, together with a mixed training
objective, in order to generate more natural summaries in terms of human readability. We show that
training with a mixed training objective function compared to only the maximum-likelihood objective
improves similarity scores.

Keywords: Abstractive summarization; Deep reinforcement learning; Evaluation metric; Semantic textual similarity;
Natural Language Inference

1. Introduction

Automatic document summarization aims to create a summary that captures the important details
in a given text. It has become an important research area, with the massive amount of documents
available in social media, online forums, and news articles.

There are two approaches to summarization: extractive and abstractive. Extractive summariza-
tion yields a summary by selecting parts from the given document. As such, it is guaranteed to
generate grammatically correct sentences, however, the resulting summary is constrained to use
sentences in the input text. In contrast, abstractive summarization constitutes a potentially more
powerful approach, as it captures the semantic of the input and generates sentences to summa-
rize it. However, the challenge in this approach lies in producing faithful summaries that are also
natural and grammatically correct.

The two most popular approaches for abstractive summarization are based on supervised
learning and reinforcement learning. In supervised learning models, a teacher-forcing algorithm is
widely used to maximize the log-likelihood of the ground-truth sequence given the input text, or
equivalently minimizes the negative log-likelihood loss (Bengio et al. 2015; Ranzato et al. 2016):
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T
Lmlz—Zlogp(y*t|y*1,...,y*t_l,X) (1)

t=1

where y* = {y*,y*,, ..., y"} is the ground-truth sequence for a given input X.

In reinforcement learning approaches to abstractive summarization, the idea is to learn a pol-
icy that optimizes a specific discrete metric rather than the maximum-likelihood loss. However,
optimizing a model does not guarantee that the output will have better quality and readability
(Liu et al. 2016; Paulus, Xiong, and Socher 2018). Paulus ef al. (2018) suggested that a maximum-
likelihood training objective can be helpful for the policy learning algorithm to generate more
natural summaries, given the fact that it calculates the probability of a token y; based on the previ-
ously predicted sequence {71, . . ., J;—1} and the input sequence X. Hence, they proposed a mixed
training objective, to capture human readability while optimizing the evaluation metrics; this idea
is adopted in our work as well.

The most widely used evaluation metric for summarization is Recall-Oriented Understudy for
Gisting Evaluation (ROUGE), which compares an automatically generated summary to a human-
generated summary by considering the overlapping units, such as n-grams, word sequences, and
word pairs, between them (Lin 2004). Although ROUGE is a widely used evaluation metric, it is
not very suitable for the evaluation of abstractive summarization systems as it relies on superficial
lexical overlap between the ground truth and the generated summaries. Furthermore, for lan-
guages with complex morphology, such as Turkish, the ROUGE metric is even less suitable. For
instance, both of the following Turkish sentences have the meaning of “I want to call the embassy,”
with just a single word of overlap:

Biiytikel¢iligi aramak istiyorum. (“I want to call the embassy.”)
Biiyiikelcilige telefon etmek istiyorum. (“I want to make a phone call to the embassy.”)

While “ara-mak” (call-INFL) is a verb that takes an object in accusative case, “telefon et-mek”
(phone-INFL) is a compound verb in Turkish and the equivalent of the accusative object in the
first sentence is realized with a noun in dative case (highlighted with underline). Although, these
sentences are semantically equivalent, considering the first one as the ground truth and second
one as the generated sentence, ROUGE-1, ROUGE-2, and ROUGE-3 scores of these sentences
would be 0.25, 0, and 0.25, respectively.

Another metric widely used for summarization evaluation is BLEU, which is a precision-based
metric that is mainly used for automatic evaluation of machine translation (Papineni ef al. 2002).
It measures how many n-grams in the generated summary appear in the ground-truth sum-
mary, and also uses a brevity penalty to discourage generated summaries that are shorter than the
ground-truth summary. Similar to ROUGE, BLEU is also a simple measure that is not fully suited
for evaluating summarization quality. Furthermore, with either one of these two metrics, there is
an inconsistency between the training objective and the evaluation measure. In other words, while
training is done by maximum-likelihood objective, testing is done by BLEU or ROUGE metrics
that are based on the number of matching n-grams between the generated summary and the cor-
responding ground-truth summary. On the other hand, we cannot use these two metrics as the
training objective, as they are not differentiable. However, recent studies show that reinforcement
learning can use non-differentiable evaluation measures (Bahdanau et al. 2016; Rennie et al. 2017;
Paulus et al. 2018).

Based on the mentioned issues, we focus on two main challenges in abstractive summariza-
tion: How to evaluate the results and what is a good training objective. In Beken Fikri, Oflazer,
and Yanikoglu (2021), we proposed alternative evaluation measures; here we also propose a
reinforcement learning framework for abstractive summarization that uses these measures.

For evaluation, we propose to use the similarity between the sentence embeddings of the
generated summary and the corresponding ground-truth summary, obtained by the BERTurk
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model using a bi-encoder or cross-encoder architecture. Both models are fine-tuned on the
Turkish Semantic Textual Similarity benchmark (STSb-TR) (Beken Fikri ef al. 2021) and Turkish
Natural Language Inference (NLI-TR) (Budur et al. 2020) datasets, which are translated from the
original datasets for English. We then train an abstractive summarization model using a deep
reinforcement learning framework, where the proposed similarity metric is used as the reward
signal.

To the best of our knowledge, this is the first study to explore large language models fine-tuned
with a translated dataset to obtain similarity measures. Similar to BERTScore, these measures
are based on Bidirectional Encoder Representations from Transformers (BERT) but differ by
evaluating sentence-level similarity rather than token-by-token comparison.

Our paper is structured in the following way: In Section 2, we review recent studies in abstrac-
tive summarization systems. Then, we explain our methodology in Section 3. In Section 4,
we describe our experiments and report our quantitative results as well as qualitative analy-
sis. In Section 5, we discuss our findings and limitations. Finally, in Section 6, we present our
conclusions.

2. Related work

Here we provide a summary of research on abstractive summarization and evaluation metrics.
This section is divided into three subsections, each focusing on different aspects of the field.

2.1. Supervised learning based approaches

State-of-the-art abstractive summarization models are based on neural sequence-to-sequence
models (Sutskever, Vinyals, and Le 2014). Initial work by Rush et al. (2015) introduced neu-
ral sequence-to-sequence abstractive sentence summarization model with an attention-based
encoder and a feed-forward neural network language model decoder. Chopra, Auli, and Rush
(2016) presented another abstractive summarization model with a convolutional attention-based
encoder and a recurrent neural network (RNN) decoder. Nallapati et al. (2016) further explored
RNNs for both encoder and decoder, with a novel switching generator pointer approach to address
out-of-vocabulary words. In a later work, multi-sentence abstractive text summarization was
addressed by See, Liu, and Manning (2017) through a hybrid pointer generator network and a
coverage mechanism (Tu et al. 2016). Subsequent work by Gehrmann, Deng, and Rush (2018)
was built upon the pointer generator summarization model by introducing content selection for
relevant document portions and a bottom-up copy attention mechanism.

Recent advances in pre-trained language models have significantly enhanced text summariza-
tion as well. Liu and Lapata (2019) introduced BERTSum exploring the use of BERT in text
summarization framework, using both extractive and abstractive approaches. Meanwhile, Dong
et al. (2019) introduced the Unified Pre-trained Language Model with unidirectional, bidirec-
tional, and sequence-to-sequence language modeling objectives. In a prominent work, Raffel et al.
(2020) presented the text-to-text-transfer-transformer (T5) pre-trained on the new open-source
dataset called the Colossal Clean Crawled Corpus (C4) they introduced. In T5, every text process-
ing problem is considered in a text-to-text framework, and a single model can be trained with
the same loss function and decoding process on different NLP tasks. Additionally, Lewis et al.
(2020) proposed BART, a denoising autoencoder for pre-training sequence-to-sequence models.
Pre-training occurs in two steps: First, an arbitrary noising function is used to corrupt the text.
Then, BART is trained to reconstruct the original text. The authors observed improved summa-
rization results. Zhang et al. (2020a) introduced PEGASUS, a transformer-based encoder-decoder
abstractive summarization model with gap-sentence generation. Furthermore, Qi et al. (2020) pre-
sented ProphetNet, a sequence-to-sequence pre-training model based on transformer (Vaswani
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et al. 2017), with future n-gram prediction and n-stream self-attention mechanism. Several recent
works proposed abstractive summarization methods built upon existing large language models
(LLMs) (e.g. GSum Dou et al. 2021, SimCLS Liu and Liu 2021, SeqCo Xu et al. 2022, and BRIO
Liu et al. 2022).

Unlike English, abstractive summarization studies using LLMs in Turkish remain relatively
underexplored. A recent noteworthy study in this direction was conducted by Baykara and
Giingor (2022a) who introduced a new Turkish summarization benchmark dataset named TR-
News. The authors experimented with BERTSum and pointer generator networks by incorporat-
ing linguistically-oriented tokenization techniques. Another significant contribution conducted
a comprehensive analysis of BERT models, mBART (Liu et al. 2020), and multilingual text-to-
text-transfer-transformer (mT5) model (Xue et al. 2021) on the Turkish text summarization and
title generation tasks (Baykara and Giing6r 2022b). They evaluated their models on the TR-News
and MultiLingual SUMmarization (MLSum) (Scialom et al. 2020) Turkish datasets, focusing on
ROUGE scores and presenting baseline results. Notably, the authors observed improved perfor-
mance across the combined TR-News and MLSum Turkish datasets. In the scope of our study,
we opted for the utilization of the mT5 model, renowned for its exceptional performance as
showcased on the MLSum Turkish dataset (Baykara and Giingor 2022b).

More recently, reinforcement learning-based approaches have gained more interest in abstrac-
tive summarization, as discussed in the next section.

2.2. Reinforcement learning approaches

Paulus et al. (2018) introduced a neural summarization model in which ROUGE scores were opti-
mized as a reward. The authors adopted self-critical policy gradient training algorithm (Rennie
et al. 2017) and applied a mixed training objective function. Their method showed enhanced
readability of generated summaries and suitability for longer output sequences. Policy-based rein-
forcement learning has been widely adopted for text summarization tasks with various rewards
(e.g. Chen and Bansal 2018; Sharma et al. 2019) and explored with mixed training objectives
(e.g. Pasunuru and Bansal 2018; Kryscinski et al. 2018; Zhang and Bansal 2019; Scialom et al.
2019). In further studies, Bohm et al. (2019) introduced a reward function learned from human
ratings, resulting in improved summarization quality and outperforming state-of-the-art sys-
tems. Similarly, Stiennon et al. (2020) enhanced summary quality by training models to predict
human-preferred summaries, utilizing this predictive model as a reward function for reinforce-
ment learning-based policy fine-tuning. Meanwhile, Zhang et al. (2020c) developed a framework
to evaluate the factual correctness of a generated summary using an external information extrac-
tion system that compares it against the human reference summary. They jointly optimized
factual correctness, textual overlap, and language model objectives via reinforcement learning.
In another work, Laban et al. (2020) proposed an unsupervised abstractive summarization model
that generates summaries directly from source documents by optimizing coverage, fluency, and
brevity using reinforcement learning (RL)-based rewards. Yadav et al. (2021) introduced two
novel question-aware semantic rewards for abstractive question summarization: (1) question-type
identification and (2) question-focus recognition. They integrated these rewards into an encoder-
decoder-based ProphetNet transformer model (Qi et al. 2020) by utilizing the mixed training
objective proposed by Paulus et al. (2018). Recent studies employed reinforcement learning to
generate multiple summaries with varying lengths for a given text (Hyun et al. 2022) and to
optimize factual consistency of generated summaries (Roit et al. 2023).

Similar to the prevalence of supervised learning approaches in English, RL studies for abstrac-
tive summarization are abundant. However, in the context of Turkish, such studies are notably
scarce. The reinforcement learning framework proposed in this paper draws parallels with Yadav
et al. (2021) as we fine-tune BERT-based models to obtain our reward signal. Our goal is to
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enhance the alignment of predicted summaries with the corresponding ground-truth summaries
through a mixed training objective.

While abstractive summarization has seen a steep progress in recent years, research on how to
evaluate the quality of generated summaries lagged behind. In the next section, we discuss research
in evaluating the quality of generated summaries.

2.3. Evaluation metrics

A number of studies have been conducted to assess the factual correctness of the generated sum-
maries. One notable approach, based on the idea that the source document should entail the
information in a summary, was explored by Falke et al. (2019). Their research focused on using
textual entailment to identify factual inaccuracies in generated summaries. They attempted to
reduce factual errors by considering the re-ranking of alternative summaries using models trained
on Natural Language Inference (NLI) datasets. However, their findings demonstrated that stan-
dard NLI models struggled to assess factual correctness. In a similar vein, Kryscinski et al. (2020)
developed a model-based approach for evaluating factual consistency in generated summaries at
the document-sentence level. Meanwhile, Zhao, Cohen, and Webber (2020) addressed the prob-
lem of unsupported information in generated summaries known as “factual hallucination.” To
assess faithfulness, Durmus, He and Diab (2020) and Wang, Cho, and Lewis (2020) proposed
question-answering-based frameworks.

Another relevant line of research emerged, focusing on using deep embeddings to compare
generated and ground-truth texts, first in the context of machine translation. For instance, YiSi (Lo
2019) used an embedding model or cross-lingual embedding model to evaluate lexical semantic
similarity using cosine embeddings. Zhang et al. (2020b) presented BERT Score, a metric calculat-
ing the similarity between generated and reference translations. This similarity is assessed using
the power of BERT by summing cosine similarities between token embeddings. Several works pro-
posed neural evaluation metrics by leveraging pre-trained language models (e.g. MoverScore Zhao
et al. 2019, BLEURT Sellam, Das, and Parikh 2020, COMET Rei et al. 2020, Prism Thompson and
Post 2020, and BARTScore Yuan, Neubig, and Liu 2021). In a more recent work, Zhao, Strube,
and Eger (2023) introduced DiscoScore that uses BERT to model discourse coherence from dif-
ferent perspectives. Meanwhile, Eddine, Shang, and Vazirgiannis (2023) presented DATScore as
an extension of BARTScore (Yuan et al. 2021) and data augmentation techniques.

In this study, we propose to use a BERT model with a cross-encoder or bi-encoder architecture
to measure the similarity between two summaries, by training it on a translated sentence similarity
dataset.

3. Methodology

We present our methodology by first describing semantic textual similarity (Section 3.1) and nat-
ural language inference (Section 3.2) tasks used in our work and the proposed approaches. We
also summarize major datasets in these two areas, along with recent works on translation of these
datasets into Turkish. We then describe the proposed evaluation method, which is based on fine-
tuning pre-trained language models (cross-encoders and bi-encoders) to learn to predict semantic
similarity between two pieces of text (Section 3.3). Finally, we describe our abstractive summariza-
tion approach via policy gradient reinforcement learning, using the proposed semantic similarity
measure as a reward (Section 3.4).

It is important to highlight that our selection of models and datasets is rooted in established
benchmarks for the English language. Furthermore, drawing inspiration from the pioneering
work of Reimers and Gurevych (2019), we opt for models—BERTurk, mBERT, and XLM-R—that
reflect a range of language-specific and cross-lingual capabilities.
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Table 1. Sample translations from the Semantic Textual Similarity benchmark dataset along with the cor-
responding English sentences. The similarity score between two Turkish sentences are set to the similarity
between the corresponding English sentences (Beken Fikri et al. 2021) (Section 3.1)

Sentence 1 Sentence 2 Similarity score
T: Adam ata biniyor T: Bir adam ata biniyor 5.0
E: The man is riding a horse E: Amanisriding on a horse

T: Bir kiz ugurtma uguruyor T: Kosan bir kiz ugurtma uguruyor 4.0
E: A girlis flying a kite E: A girl running is flying a kite

T: Bir adam gitar ¢aliyor T: Bir adam sarki soyliiyor ve gitar caliyor 3.6
E: Aman is playing a guitar E: Aman is singing and playing a guitar

T: Bir adam gitar ¢aliyor T: Bir kiz gitar caliyor 2.8
E: Amanis playing a guitar E: A girlis playing a guitar

T: Bir bebek kaplan bir topla oynuyor T: Bir bebek bir oyuncak bebekle oynuyor 1.6
E: A baby tiger is playing with a ball E: A baby is playing with a doll

T: Bir kadin dans ediyor T: Bir adam konusuyor 0.0

m

:Awoman is dancing

E: Amanis talking

3.1. Semantic textual similarity

Semantic textual similarity aims to determine how semantically similar two pieces of text are. It
has many applications in areas such as machine translation, summarization, text generation, ques-
tion answering, dialog, and speech systems and has become a popular topic with the competitions
organized by SemEval since 2012.

In a recent study, we translated the English Semantic Textual Similarity benchmark dataset
(STSb) (Cer et al. 2017) into Turkish using the Google Cloud Translation API (Google Cloud
2021). The translations in the new dataset, called STSb-TR, were found to be of high quality
(Beken Fikri et al. 2021). The STSb dataset consists of a selection of the English datasets used
in SemEval ST'S studies between 2012 and 2017. There are 8628 sentence pairs in total (5749 train,
1500 dev, 1379 test). Scores range from 0 (no semantic similarity) to 5 (semantically equivalent) on
a continuous scale. Table 1 shows some examples from the STSb dataset and their translations.

In this study, we used the translated dataset to learn the semantic similarity scores of two
summaries by fine-tuning state-of-the-art pre-trained language models.

3.2. Natural language inference

Natural language inference is the study of determining whether there is an entailment, contra-
diction, or neutral relationship between the given premise and the hypothesis sentences. There
are two major datasets in literature for natural language inference in English: the Stanford Natural
Language Inference (SNLI) (Bowman et al. 2015) and the MultiGenre Natural Language Inference
(MultiNLI) (Williams, Nangia, and Bowman 2018). The SNLI dataset has around 570k sentence
pairs while the MultiNLI dataset contains around 433k sentence pairs. The MultiNLI dataset is
similar to SNLI in format, but it contains a wider range of text genres.
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Table 2. Example sentences illustrating the Natural Language Inference task (Budur et al. 2020) (Section 3.2)

English Turkish

Premise Three men are sitting near an orange Ug adam mavi siislemeli turuncu bir
building with blue trim binanin yaninda oturuyor

Entailment Three males are seated near an orange Ug erkek mavi siislii turuncu bir binanin
building with blue trim yakininda oturuyor

Contradiction ~ Three women are standing near a yellow Ug kadin kirmizi siislemeli sari bir binanin
building with red trim yaninda duruyor

Neutral Three males are seated near an orange Ug erkek mavi siislii ve mavi catili turuncu
house with blue trim and a blue roof bir evin yakininda oturuyor

Recently, SNLI and MultiNLI datasets have been translated into Turkish, called NLI-TR (Budur
et al. 2020). Examples shown in Table 2 illustrate the relationships that are represented in the
datasets, by presenting Turkish sentence pairs with their matching original English sentences.

Natural language inference is a closely related task to measuring semantic textual similarity
and has been used as a pre-training step in the English STS studies, for example Reimers and
Gurevych (2019, 2020). The NLI-TR dataset, which is specifically designed for Natural Language
Inference tasks in Turkish, serves as a valuable resource for pre-training our models. By leveraging
this dataset, we enhance the ability of our models to capture contextual and semantic information
unique to the Turkish language. This pre-training step, combined with fine-tuning the STSb-TR
dataset, results in improved similarity models that offer a more accurate representation of text
summarization evaluation.

3.3. Predicting text similarity using fine-tuned large language models

We fine-tune pre-trained large language models, namely BERTurk, mBERT, and XLM-R, to pre-
dict the semantic similarity between two pieces of text. The trainings are done over two related
tasks, using the relevant datasets translated from English: (1) The STSb-TR dataset, which is the
translated version of the English STSb dataset (Beken Fikri et al. 2021). (2) The NLI-TR dataset,
which consists of translated versions of the SNLI and MultiNLI datasets, facilitates research on
natural language inference in Turkish across various text genres (Budur et al. 2020). The models
are either only fine-tuned on the STSb-TR dataset or were first fine-tuned on the NLI-TR dataset
and then on STSb-TR dataset.

The two main architectures that are fine-tuned to predict sentence pair scoring tasks are cross-
encoders and bi-encoders, illustrated in Fig. 1. In the cross-encoder approach, two sentences are
passed simultaneously to the transformer network, which directly computes their semantic sim-
ilarity score between 0 and 1. We used the cross-encoder architecture described by Reimers and
Gurevych (2019), which is trained with the binary cross-entropy loss:

BCE = (ylog (%) + (1 — y)log (1 — ) )

where y is the ground-truth label and j is the predicted label (Table 3).

The bi-encoder BERT, also called Sentence-BERT, is proposed by Reimers and Gurevych
(2019). It is a modification of the pre-trained BERT network that enables to derivation of seman-
tically meaningful fixed-size sentence embeddings. The training loss varies depending on the
dataset used to train the model: the classification objective was employed during training on
the NLI dataset, while the regression objective was used during the training on the STSb dataset
(Reimers and Gurevych 2019).
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Cross-Encoder Bi-Encoder
[-1,1]
[0,1] Cosine Similarity

Classifier u v
BERTurk / mBERT / XLM-R Pooling Pooling
I T |

Sentence A Sentence B BERTurk / mBERT / XLM-R BERTurk / mBERT / XLM-R
Sentence A Sentence B

Figure 1. Cross-encoder and bi-encoder model architectures (Reimers and Gurevych 2019).

In the regression objective, the cosine similarity between two sentence embeddings is employed
with the mean square error loss:

N
MSE=(1/N) - Z (y — cos_sim(u, ))? (3)
i=1
where y is the ground-truth label and cos_sim(u, v) is the predicted label that represents the cosine
similarity of sentence embeddings v and v.

In the classification objective, the model optimizes the cross-entropy loss between the true
labels and the predictions obtained with softmax, where the logits z for the n-dimensional sen-
tence embeddings u and v of the input texts are concatenated with element-wise difference and
multiplied by a trainable weight W, € R¥*3";

z=W; x [u, v, lu—vl]

k (4)
CE=— Z (y - log (softmax(z)))

=1
The fine-tuned models, in two alternative architectures (cross-encoder and bi-encoder), are
then evaluated for how well they perform in semantic similarity predictions, in the context of
abstractive summarization (see Table 4).

3.4. Policy gradient reinforcement with similarity rewards

As the second major contribution of this work, we have trained an abstractive summarization
model using the reinforcement learning framework, where the proposed similarity metric is used
as the reward signal. In this model, we fine-tuned the mT5 model, which is a multilingual vari-
ant of the text-to-text-transfer-transformer (T5) (Raffel ef al. 2020), that was pre-trained for 101
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Table 3. Correlations between the semantic textual similarities predicted by the fine-tuned models
in varying architecture and train sets, and the corresponding ground-truth similarity scores in the
Semantic Textual Similarity benchmark test set. Pearson and Spearman correlations are reported as

p x 100
Bi-Encoder Cross-Encoder
Model Pearson Spearman Pearson Spearman
Trained on STS
BERTurk 81.97 81.43 83.32 82.22
Trained on NLI first and then on STS
XLM-R 77.26 77.32 81.94 81.21

Table 4. Correlations between ROUGE, BERTScore, and proposed evaluation methods and the human judgments
(Section 4.1.3). Pearson and Spearman correlations are reported as p x 100

Human judgments

Relevance Consistency Fluency Average
Metric Pearson Spearman Pearson Spearman Pearson Spearman Pearson Spearman
Rouge-1 42.8 43.9 28.2 324 21.4 20.3 36.8 37.5
Rouge-2 38.3 41.6 27.4 35.8 16.4 20.8 32.8 38.0
Rouge-L 41.8 42.0 26.3 28.9 20.2 18.6 35.2 35.1
BERTScore 45.5 45.8 25.1 22.5 24.7 19.9 379 38.1
Bi-Encoder BERTurk
STS 55.4 52.8 30.3 30.0 25.6 26.7 44.3 45.9
NLI+ STS 58.8 58.7 32.8 32.7 31.2 30.2 48.8 51.9
Cross-Encoder BERTurk
STS 56.9 53.5 38.0 325 341 27.9 51.3 48.6
NLI 4 STS 60.0 59.2 40.0 34.2 34.6 29.3 53.5 52.1

languages, including Turkish, using a new Common Crawl-based dataset (Xue et al. 2021). The
mT5 model decoder acts as an agent that interacts with the environment to take actions (predicting
the next word in the sequence) based on the learned policy and observes as reward the semantic
similarity of the generated and ground-truth summary.

The model is trained with the self-critical policy gradient training algorithm (Rennie et al.
2017) that was proposed for image captioning. This algorithm enhances the REINFORCE
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Policy Gradient Update

Bi-Encoder / Cross-Encoder Similarity Reward
Figure 2. Self-critical policy gradient training process with bi-encoder/cross-encoder similarity rewards.

algorithm (Williams 1992), by introducing a learned baseline to enhance training stability.
The baseline approximates the expected reward generated by the model itself. This approach
enables models to improve their policies by comparing their performance to their self-generated
sequences, addressing exposure bias issues, and enhancing overall training efficiency. Paulus ef al.
(2018) used the self-critical policy gradient training algorithm for abstractive summarization.

In this study, following a similar approach to Paulus et al. (2018), we generate two separate
summary sequences at each training step: a sampled sequence and a baseline sequence. The
sampled sequence y° is obtained by sampling the words y; from the probability distribution
pWilyys - - -5 yi_1» X). The baseline sequence ? is obtained by greedy decoding, that is by selecting
the word with the highest posterior probability at each time step. We use the proposed semantic
similarity (SemSim(y*, ¥)) between a generated sequence y and the ground-truth y* as our reward
function. Since the generated sequences have varying lengths, we normalize the log probabilities
by dividing them with the sequence lengths. So, L,; is defined as follows:

1 n
Ly = (SemSim(y*, y*) — SemSim(y*, y°)) - (; Z log p(yilyys - - - ,yi_l,X)> (5)
t=1

In Equation (5), minimizing L,; is equivalent to maximizing the conditional likelihood of the
sampled sequence y* when it receives a higher reward than the baseline sequence y”. This opti-
mization process encourages the model to generate sequences that are more likely to receive
higher rewards compared to a baseline sequence.

The reinforcement learning process, using the bi-encoder and cross-encoder similarity
rewards, is visualized in Fig. 2. The training is actually done in two stages: It starts with minimizing
only the maximume-likelihood loss given in Equation (1). The second stage of the training consists
of fine-tuning with a mixed training objective, which is a combination of maximum-likelihood
training objective and the reinforcement training objective, as described in (Paulus et al. 2018):

Liixed =YL+ (1 —y)L,y (6)

where L, is the reinforcement learning loss defined in Equation (5), L,; is the maximum-
likelihood loss defined in Equation (1), and y is a scaling factor. Training only with L,; to optimize
a specific metric may not guarantee the quality and readability of the generated sequence; hence,
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we have used a mixed training objective to optimize a specific measure with reinforcement training
objective L,; as well as to increase quality and readability of the output with maximum-likelihood
training objective L,,;.

4. Experiments and quantitative results

We evaluate the effectiveness of the proposed similarity measures and abstractive summariza-
tion model, along with the pre-trained language models and datasets used in our experimental
framework.

4.1. Evaluation of fine-tuned models for predicting semantic similarity

As explained in Section 3.3, we fine-tune different pre-trained language models for predict-
ing the semantic similarity between two summaries. Here we describe the pre-trained models
(Section 4.1.1) used in our evaluations, along with the results of two evaluations. In the first
one, we evaluate the fine-tuned models in terms of the correlations of their predicted similar-
ity scores and semantic similarities obtained in STSb-TR dataset (Section 4.1.2). In the second
evaluation, we present comparison of human evaluations with the proposed and alternative eval-
uation measures (Section 4.1.3). Details of the Turkish summarization dataset are given in Section
4.2.1.

4.1.1. Pre-trained language models

We experimented with the pre-trained language models BERTurk, mBERT, and XLM-R for
semantic similarity using both bi-encoder and cross-encoder architectures. For summarization,
we used the mT5 model (Xue et al. 2021).

BERTurk and mBERT. BERT is a deep learning model based on pre-training bidirectional repre-
sentations from unlabeled text using a masked language model pre-training objective. In contrast
to unidirectional language models for pre-training, masked language model pre-training objective
allows the representation to combine the left and right contexts (Devlin et al. 2019). In this study,
we used BERTurk (Hugging Face 2021b), which is a BERT model for Turkish (Schweter 2020),
and mBERT (Hugging Face 2021a) is a multilingual BERT pre-trained on the top 104 languages
with the largest Wikipedia corpus (Pires, Schlinger, and Garrette 2019).

XLM-R. XLM-RoBERTa model (Hugging Face 2021c) has been pre-trained on a large filtered
CommonCrawl data containing 100 languages using a multilingual masked language modeling
goal (Conneau et al. 2020). In this study, we used the model to compute sentence embeddings
similar to BERT models. We also integrated it into the siamese network used in Sentence-BERT.

mT5. mT5 (Xue et al. 2021) is a variant of the text-to-text-transfer-transformer (T5) model
(Raffel et al. 2020) that was pre-trained for 101 languages on a new Common Crawl-based
dataset. It has the same model architecture as T5 and its pre-training objective includes T5’s self-
supervised training, but not T5’s supervised training. So, it has to be fine-tuned before applying
to any downstream task like text summarization.

4.1.2. Evaluation of fine-tuned models for semantic similarity

Following the work of Reimers and Gurevych (2019), we fine-tuned our models on the NLI-TR
dataset with a 3-way softmax-classifier for one epoch with the bi-encoder, and four epochs with
the cross encoder. We used a batch size of 16, an Adam optimizer with learning rate of 2e-5, and
a linear learning rate warm-up over 10% of the training data. In our bi-encoder training settings,
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we used the default mean pooling. Then, we fine-tuned each model on the STSb-TR dataset with 4
epochs and 10 random seeds as suggested by Reimers and Gurevych (2018, 2019). Only the XLM-
R bi-encoder model was trained with 20 random seeds on STSb-TR to have at least 5 successful
models.

The fine-tuned models are evaluated by calculating the Pearson and Spearman correlations
between their predicted similarity scores and the gold similarity scores that are published in the
original English STSDb dataset (Cer et al. 2017). The results, presented in Table 3, show that the sim-
ilarity scores predicted by our models are highly correlated with the ground truth, with the highest
correlation being achieved by the BERTurk model trained with both datasets and a cross-encoder
architecture (4th row of results). This shows that the proposed similarity measure, especially the
BERTurk cross-encoder model, is a good option for measuring sentence similarity.

Another observation is that training the models first on the NLI-TR dataset increases the per-
formance of the model in assessing semantic similarities. This is particularly noticeable for the
XLM-R models. The BERTurk model gives very good results when trained directly on the STSb-
TR dataset, but it shows even higher performance when trained on the NLI-TR dataset first. These
results show the benefits of multi-task learning, in line with the literature.

In the rest of the paper, we evaluate the four best-performing models (BERTurk cross-encoder
and bi-encoder models trained on STS or NLI + STS) as evaluation measures and use the two
best-performing models (BERTurk cross-encoder and bi-encoder models trained on NLI 4 STS)
for training abstractive summarization models.

4.1.3. Comparison of the proposed similarity measures with human evaluations

In addition to evaluating semantic similarities using a sentence similarity dataset (Section 4.1.2),
we also evaluate their performance in evaluating generated summaries. For this, we compare
the correlations of the predicted similarities with human evaluations and compare them to the
correlations of ROUGE and BERTScore, for comparison.

For this evaluation, we use generated summaries by the pre-trained mT5 model (Giindes 2021)
for 50 randomly selected articles from the MLSUM Turkish dataset (see Section 4.2.1). The gener-
ated summaries were evaluated by native Turkish annotators on a scale of 1 (very bad) to 5 (very
good), in terms of relevance (selection of important content from the source), consistency (the
factual alignment between the summary and the summarized source), and fluency (the quality of
individual sentences) and evaluate each criterion separately.

We then compared alternative semantic similarity-based evaluation methods, namely ROUGE
scores, BERTscore, and the proposed evaluations, and computed their correlations with human
judgments about the quality of the summarization. The results shown in Table 4 show that
semantic similarity-based evaluation correlates with human judgments better than ROUGE and
BERTScore evaluations. Furthermore, cross-encoder-based similarity measures showed higher
correlations with human evaluations compared to bi-encoder-based similarity measures, as also
observed in previous work (Beken Fikri et al. 2021).

All the correlations were significant (p < .05) except for the correlations between Fluency
and bi-encoder BERTurk model trained on STS, BERTScore, ROUGE-L as well as correlations
between BERTScore and consistency. The Pearson and Spearman correlations are also visualized
in Figs. 3 and 4, respectively.

The details of the summary annotation process are as follows. The annotators’ (3 university
students, 1 Ph.D. student, and 1 professor) age ranged between 23 and 66 (avg. 32,8). The partici-
pants were paid a small amount for successful completion of the evaluations. They were given one
text and the corresponding summary at a time. Three examples were given in the instructions to
illustrate how to rate the summaries. Each participant attended only once and there were no time
limit in the evaluation process. The analysis of the annotations showed that average relevance was
3.5+ 0.8, average consistency was 4.5 £ 0.8, and average fluency was 4.3 & 0.8. Inter-annotator
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agreement in terms of Krippendorff’s alpha scores (Krippendorff 2011) for fluency, consistency,
and relevance were 0.33, 0.34, and 0.35, respectively, which shows that there is a fair agreement.
Each of the three criteria (relevance, fluency, and consistency) has 50 evaluations.

4.2. Evaluation of the proposed summarization models

In this section, we compare the performance of the summarization models that are fine-
tuned using the maximum-likelihood estimation (MLE)-only or the reinforcement learning (RL)
paradigm with the proposed similarity measures as the reward signal. The evaluation consists of
two parts. In the first part, we give different evaluation results (ROUGE, BERTScore, or proposed)
for summaries generated by different models (Section 4.2.3). In the second one, we give human
assessment of summary quality (Section 4.2.4).

4.2.1. Summary dataset

We use the MLSUM Turkish dataset for training and testing our summarization models. MLSUM
is the first large-scale MultiLingual SUMmarization dataset that contains 1.5M+ article/summary
pairs including Turkish (Scialom et al. 2020). The dataset was created using the same methods as
the CNN/DailyMail dataset (Nallapati et al. 2016). They used news articles as the text source and
their highlights/descriptions as the summary (Scialom et al. 2020).

The MLSUM Turkish subset was built by crawling the articles on Turkish website (Internet
Haber) between 2010 and 2019. All articles under 50 words and summaries under 10 words were
eliminated. The data was split into train, validation, and test sets, with respect to the publishing
dates. The data from 2010 to 2018 was used for training, data between January and April 2019 was
used for validation, and data up to December 2019 was used for test (Scialom et al. 2020). There
are 249,277 train, 11,565 validation, and 12,775 test samples in the dataset.

4.2.2. Summarization models

In our summarization models, we used mT5 (Xue et al. 2021), which is a variant of T5 model
(Raffel et al. 2020). This model was then fine-tuned on MLSUM Turkish dataset for abstractive
summarization.

The details of the training process are as follows. We started fine-tuning the mT5, by mini-
mizing the maximum-likelihood loss for 15 epochs, using a batch size of 8, accumulation steps
of 4, and learning rate of 10e-5 with Adafactor optimization and cosine annealing learning rate
decay schedule (Loshchilov and Hutter 2016). The maximum news length was set to 512 and max-
imum summary length was determined as 120. We initialized our reinforcement learning models
with the fine-tuned models that best performed on the validation set in terms of bi-encoder and
cross-encoder similarity scores (Beken Fikri 2023). We continued training one more epoch with
the mixed objective learning function (Equation (6)) for cross-encoder and bi-encoder similarity
rewards separately. The scaling factor y was set to 0.95. We also continued training each initial
model one more epoch with only maximum-likelihood loss, to obtain comparable results. Further
training was not possible due to time and computational resources.

In the continued MLE-only and reinforcement learning models, maximum news length and
maximum summary length were set to 256 and 60, respectively, and batch size was 4 due to mem-
ory constraints. It should be noted that the same maximum summary length is used for target
summaries in both training and testing. We utilized the scripts provided by Yadav et al. (2021)
and adapted them for our work.
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Table 5. Results of the mT5 summarization models trained on MLSUM dataset. We reported the average
results for MLE-only (that best performed on validation set in terms of bi-encoder and cross-encoder similarity
results) and RL training objectives on the MLSUM test set (Section 4.2). All values are scaled to 100

Similarity based evaluation ROUGE
Model Cross encoder Bi encoder R-1 R-2 R-L BERTScore
Bi-encoder
. MLEm,t,a, e 5870 T 6632 . 3314 B 2247 B 3182 e 7609 B
MLE-only 59.14 66.39 33.60 22.82 32.19 75.88
MLE+RLROUGEL 5907 6647  33.62 2297 3220 7577
© MLE+RLBiencoder  59.34  66.68  33.62 2290 3222 1576
Cross-encoder
MLE,n,t,a[ SR 5857 I 6614 3327 2256 3195 . 7622
. MLEonly e 5923 [ 6648 i 3370 - 2289 . 3228 R 7593 .
MLE + RL cross-encoder 59.29 66.57 33.64 22.97 32.21 75.79

4.2.3. Evaluation of summarization models with different metrics

We evaluated the summaries generated by the fine-tuned mT5 models (Section 4.2.2) for input
articles from the MLSUM Turkish test set. Specifically, we compare the semantic similarity,
ROUGE, and BERTScore evaluation results for summarization models trained with MLE and
MLE + RL with bi-encoder and cross-encoder semantic similarity rewards, as well as ROUGE-L
rewards. The results shown in Table 5 indicate the average performance of the mT5 summarization
models on the MLSUM test set. The given results vary significantly across the different met-
rics. This is expected, since each metric measures different aspects of the similarity between the
ground-truth summary and the generated summary. The lowest scores are obtained with ROUGE,
while the highest scores are obtained with BERTScore. However, the scores are not directly com-
parable among themselves and a high BERTScore does not necessarily imply that the generated
summaries are of higher quality. One limitation of BERTScore is that it primarily focuses on
token-level similarity, which may result in overestimated scores.

For the case of the proposed evaluation models (similarity-based evaluation), we see that train-
ing the summarization model with the RL paradigm gives the best results for both the bi-encoder
or cross-encoder models (rows 4 and 8 of the results), compared to MLE-only or RL with ROUGE-
L score as the reward metric. This is not the case for ROUGE or BERTScore. We thus see that
improving the evaluation measure yields an improvement in overall quality of the summaries, as
we already showed that the bi-encoder and cross-encoder similarity scores are better aligned with
human judgments (Section 4.1.3).

4.2.4. Human evaluations for the summarization models

In addition to the quantitative analysis of the summarization models using well-known ROUGE,
BERTScore, and our proposed measures, we analyzed the effectiveness of our proposed frame-
work qualitatively as well. For this, we collected human evaluations of generated summaries in
three dimensions to better assess the model outcomes. To collect human evaluations, we first
identified the list of generated summaries, which were different in all fine-tuned models and from
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Table 6. Human evaluations for the summarization models (higher the better). Results are shown for the
bi-encoder and cross-encoder models separately and together (all). n is the sample size (Section 4.2.4)

Human judgments
Relevance Consistency Fluency Average

Bi-encodern=25

MLEonly e 302i128 s 318il38 299i146 306i121
CMLE4RLROUGEL 2934128 318=134 288415 2994122

MLE+RUBiencoder 3124138 3404138 300156 3214129
Cross-encoder n =25
. MLEonly T 287i129 o 317i 137 S 3l4i 145 S 306 ;1;1‘9

MLE + RL ROUGE-L 3.11+1.25 3.38+1.38 3.30 +1.43 3.26£1.19

MLE + RL cross-encoder 3.03£1.32 3.54 +1.34 3.30+1.48 3.29+1.20
Alln=50

MLE-only 2.94+1.29 3.18+1.37 3.07+1.45 3.06 £1.20

MLE -i;‘RL ROUGE—L ) ) 3.02+ lv.27 o 3.28+ 1.37' ) 3'.‘09 + 1;49 ) ) 3;i3 +1.21
CMLE+RUsimilarity  3.084135  3.47+136 320415 3254124

the actual summaries. Then, we randomly sampled 25 documents for bi-encoder models and 25
documents for cross-encoder models (50 documents in total) as human evaluation sets.

In the evaluation process, the participants were given the news article and three generated
summaries from the MLE-only, MLE + RL model with ROUGE-L reward and the bi-encoder or
cross-encoder reward. They were asked to rate each predicted summary on a scale of 1 (very bad)
to 5 (very good) in terms of relevance (selection of important content from the source), consis-
tency (the factual alignment between the summary and the summarized source), and fluency (the
quality of individual sentences) and evaluate each criterion separately. The ground-truth sum-
mary was not provided during the evaluation of these three generated summaries. Overall, the
participants evaluated 150 summaries and they were paid TRY500 for non-degenerate comple-
tion of the evaluations. Five native Turkish speakers participated in our study (2 undergraduate,
1 university graduate, and 2 graduate students) ages between 21 and 29 (avg. 24). Inter-annotator
agreement in terms of Krippendorff’s alpha scores (Krippendorff 2011) for relevance, fluency, and
consistency were 0.17, 0.18, and 0.22, respectively, showing that there is a slight to fair agreement.
Each of the three criteria (relevance, fluency, and consistency) has 150 evaluations.

The results of the human evaluations are presented in Table 6. We first observe that the RL
model with the bi-encoder similarity reward outperformed the MLE-only model and the RL
model with the ROUGE-L reward in all dimensions (relevance, consistency, fluency) and on aver-
age. Similarly, the RL model with cross-encoder similarity reward outperformed the MLE-only
model and RL model with ROUGE-L reward in all but one dimension. Finally, the overall com-
parison (last 3 rows of Table 6) shows that the models trained with similarity rewards performed
better than the MLE-only model, in all the evaluation criteria.

In Tables 7 and 8, sample articles from MLSUM Turkish test set with the reference and gener-
ated summaries are given along with the corresponding translations. In the examples, we see that
the summaries generated by RL models with bi-encoder and cross-encoder similarity rewards are
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Table 7. Sample article with the reference and generated summaries from MLE-only model and MLE + RL models with
ROUGE-L and bi-encoder similarity rewards, respectively

Artlcle

Bursa’nin Izmk |lce5| Abdulvahap Mahalle5| ndekr evlerlnden sabah saatlerlnde tarlalarlna callsmaya glden vatanda§lar
yol kenarindaki bahgede, ceviz agacina asili 2 6l sincap gordi. Hemen polis ile belediyeyi arayan vatandaslar duruma
tepki gosterdi. Olay yerine gelen ekipler, bacaklarindan iple agaca asilan 6lu sincaplari, agactan indirdi. Polis, sincaplari
oldurup, agaca asan k|§| ya da k|§|ler| tesplt etmek u;ln sorU§turma baslattl

Citizens, who went to work in the/r fields in the morning hours from their homes in the Abdu[vahap District of Bursa’s lzmk

district, saw 2 dead squirrels hanging on a walnut tree in the garden by the roadside. Citizens who immediately called the

police and the municipality reacted to the situation. The teams who came to the scene took the dead squirrels, which were
hung from the tree with a rope from their legs, from the tree. The police launched an investigation to identify the person or
persons who killed the squirrels and hung them on the tree

Reference summary

BURSA’nin iznik |l(;esmde olduruldukten sonra bacaklarlndan ceviz agacina |ple asrlmls 2 sincap, bulundu Polls
smcaplarl oldurup agaca asanlarl ariyor

After being killed, 2 squrrre[s were found hang/ng from a Walnut tree by aropein the Izn/k d/str/ct of BURSA The pollce are
looking for those who killed the squirrels and hung them on the tree

Generated summary (MLE-only)

Bursa’nin iznik ilgesi Abdulvahap Mahallesi’ndeki evlerinden sabah saatlerinde tarlalarina calismaya giden vatandaslar,
ceviz agacma a5|l| 2 olu smcap gordu

Citizens, who went to work in their f/e[ds in the morning hours from therr homes in the Abdulvahap District of Iznrk dlstrlct of
Bursa, saw 2 dead squrrre[s hangmg ona Wa[nut tree

Semantlc S|m|lar|ty scores BERTurk+NLI + STS (Cross Encoder/ Bi- Encoder) 69. 53/ 63.03

Generated summary (MLE + RL ROUGE- L)

Bursa’nin Iznrk ilcesi Abdulvahap Mahallesr ndekr evlerlnden sabah saatlerlnde tarlalanna callsmaya glden vatanda§lar
yol kenarlndakl bahcede ceviz agacma asili 2 6lu smcaplarl agactan indirdi. Polis, sinc.

Bursa’nin Iznlk /I;eSIAbduIvahap Maho[[esr ndek/ evlerlnden sabah saat[er/nde tarlalar/na calr§maya g/den vatandoslar yol
kenar/ndakl bahcede ceviz agacma asrllz olu smcaplarr agactan mdlrdl Polrs squr

Semantic 5|m|lar|ty scores BERTurk+NLI + STS (Cross- Encoder/ Bi- Encoder) 70. 12/ 64.67

Generated summary (MLE + RL Bi- Encoder)

Bursa’nin iznik ilcesinde, yol kenarlndakl bahcede ceviz agacina aS|l| 2 olu sincap bulundu Polls bacaklarlndan |ple
agaca asrlan 2 olu smcaplan oldurtip, agaca asan kl§| ya da kisileri te. .

Two dead squrrre[s were found hanging from a Wa[nut tree in the garden by the road in lzn/k d/str/ct of Bursa. The pollce
id. . .the person or persons who killed 2 dead squirrels hanging from the tree with a rope from their legs and hanged them on
the tree

Semantic 5|m|lar|ty scores BERTurk+NLI + STS (Cross Encoder/ Bi- Encoder) 81. 02/ 89.62

more similar to the reference summaries, compared to the summaries generated by ROUGE-L
reward and MLE-only models, in terms of semantic similarity scores. It should be noted that the
reference or generated summaries could be truncated as we restricted the maximum summary
length in our experiments.
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Table 8. Sample article with the reference and generated summaries from MLE-only model and MLE + RL models with
ROUGE-L and cross-encoder similarity rewards, respectively

Article

Olay, baskent T|fl|s tekl blrteknol0J| magazasmda meydana geldl 32 yaslnda oldugu bellrtllen blr klsl magazaya glrerek
bir kadin galisani bicakla rehin aldi. Soyguncu, magazayi soymaya calisti. Glivenlik kamerasina yansiyan gériintiilerde,
stiphelinin kadini koluyla boynundan kavrayarak tuttugu ve elindeki bigagi sallayarak diger calisanlari tehdit ettigi
gorildi. Polis ekiplerinin geldigini goren siipheli, kadini birakarak ellerini havaya kaldirdi ve teslim oldu. Gézaltina alinan
suiphelinin 7 ila 10 yil arasi hapis cezasina ¢arptirilabilecegi belirtiliyor

The incident occurred in a technology store in the capital, Tbilisi. A 32-year-old man entered the store and took a female
employee hostage with a knife. The robber tried to rob the store. In the footage reflected on the security camera, it was seen
that the suspect grabbed the woman by the neck with his arm and threatened other employees by waving the knife in his
hand. The suspect, who saw the police teams coming, left the woman, raised his hands in the air and surrendered. It is stated
that the suspect, who was taken into custody, could be sentenced to 7 to 10 years in prison

Reference summary

Glircistan’da soygun amaciyla bir teknoloji magazasina giren kisi kadin calisani bigakla rehin aldi. Polisi gériince kadini
b|rak|p tesllm olan suphell gozaltlna almlrken olay ise san|ye s.

Aperson Who entered a technology storein Georgla wrth the intention of robbery took the female employee hostage wrth a
knife. The suspect, who left the woman and surrendered when he saw the police, was taken into custody, while the incident
was second by's. . .

Generated summary (MLE only)

Italya nin baskentl Tiflis'te bwteknolop magazasina glrerek b|r kadln callsanl blcakla rehln ald| Olayda 3 klsl gozaltma
al|nd|

He broke intoa technologystore in Tbl[lSI the cap/tal of ltaly, and took a female employee hostage Wlth a kn/fe Three
people were detained in the incident

Semantic similarity scores BERTurk+NLI 4 STS (Cross-Encoder/ Bi-Encoder): 65.10/ 68.69

Generated summary (MLE + RL ROUGE- L)

ANTALYA’nin Tiflis |lcesmde b|r teknolop magazasina glrerek b|r kadln cal|san| blcakla rehln aldl Polls eklplermm
geldigini goren stipheli, kadini birakarak ellerini havaya kaldirdi.

He entered a technology store in the Tbilisi district of ANTALYA and took a female employee hostage with a knife. The suspect,
Who saw the polrce teams com/ng, raised hIS hands in the air, leavmg the woman.

Semantic S|m|lar|ty scores BERTurk+NLI + STS (Cross Encoder/ Bi- Encoder) 72. 69/ 85.93

Generated summary (MLE + RL Cross-Encoder)

italya’nin baskenti Tiflis’teki bir teknoloji magazasina girerek, bir kadin calisani bicakla rehin aldi. Polis ekiplerinin
geldlgml goren suphell kadini blrakarak eller|n| havaya kaldlrd| ve tesllm oldu

He broke into a technologystore in TbllISI the caprtal of ltaly, and took a female employee hostage wrth a knrfe The suspect
Who saw the pol/ce teams comlng, left the woman, raised his hands in the air and surrendered

Semantlc S|m|lar|ty scores BERTurk+NLI + STS (Cross Encoder/ Bi- Encoder) 72. 70/ 87.21

5. Discussion
5.1. Findings and contributions

Our work introduced novel BERT-based semantic similarity evaluation measures to assess the
quality of abstractive summaries. We showed that the proposed similarity models have higher
correlations with human evaluations, compared to ROUGE scores and BERT Score. By observing
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that our proposed evaluation measures have high correlations with human preferences, we used
the similarity measures as rewards in a reinforcement learning framework. This unique approach
offers a novel way to guide the model toward generating summaries that better align with human
preferences and offer semantic coherence. We show the effectiveness of our strategy through the
outcomes of ablation experiments. Our results show that training by optimizing semantic similar-
ity scores instead of ROUGE scores or MLE-only training yields better summarization results, in
terms of both semantic similarity scores and human evaluations.

We have shown that for low-resource languages such as Turkish, the translated STSb dataset
works well for fine-tuning BERT models for predicting semantic similarity. In addition, the
two-step fine-tuning, first on the natural language inference task using the NLI-TR dataset and
then with STSb-TR, has shown to be more successful compared to only using the most related
dataset (STSb-TR). This is in line with other results in literature, where multi-task learning helps
with generalization. The introduction of the NLI-TR dataset, with its extensive training sam-
ples, added a significant volume of diverse linguistic patterns and contextual information to our
model. Furthermore, the NLI-TR dataset is designed to capture entailment and contradiction rela-
tionships between sentences. This dataset-specific feature corresponds to the nature of semantic
similarity tasks, where measuring the degree of similarity often involves analyzing the contextual
alignment and relatedness between sentences. Hence, the improvement we observed in semantic
similarity model outcomes can be attributed to the transfer of knowledge acquired during NLI-TR
fine-tuning to the STSb dataset.

5.2. Limitations

BERT-based similarity models have been shown to be effective in various natural language pro-
cessing tasks; however, they may struggle with detecting minor differences between compared
sentences. In our study, BERT models were fine-tuned on semantic textual similarity benchmark
dataset, which has sentence pairs along with their human annotated similarity scores, including
sentence pairs with small lexical differences but high semantic similarity. However, the dataset size
is also rather small, with a limited scope and biased toward specific topics, genres, or domains. We
applied a pre-training step on the NLI- TR dataset successfully for training our semantic similarity
models, to remedy this size limitation to some extent.

In our summarization experiments, we used the mT5 model, which is a multilingual variant
of the T5 architecture. However, unlike its predecessor, mT5 lacks the benefit of supervised pre-
training, needing fine-tuning before it can be efficiently applied to downstream tasks. This fine-
tuning process, involving reinforcement learning, requires a significant amount of computational
time and resources, often requiring an extensive duration. The substantial time required for fine-
tuning limited the ability to investigate a wide range of hyper-parameter settings.

We acknowledge certain limitations in our study related to the human evaluations. Our human
evaluations were conducted in two phases: (1) Correlating human judgments with our proposed
similarity models, and (2) comparing MLE-only and RL models with both ROUGE and our sim-
ilarity rewards. While the first phase involved evaluating 50 article/summary pairs, the second
phase required participants to assess 150 summaries across 50 articles, resulting in a higher cog-
nitive workload. One of the main limitations was the level of subjectivity involved in the human
evaluations. Together with the cognitive load, the subjectivity was more prominent in the sec-
ond phase, resulting in lower inter-annotator agreement. We provided a larger compensation to
participants to assure their motivation and involvement, within budgetary constraints.

Automatic summarization systems are relatively novel but have the potential to be used widely
and increase productivity. On the other hand, the dataset used is a news dataset, which could be
biased in many ways, such as the represented viewpoints. The model trained on this data might
pick up on these biases in its generated summaries.

https://doi.org/10.1017/51351324923000505 Published online by Cambridge University Press


https://doi.org/10.1017/S1351324923000505

Natural Language Engineering 573

6. Summary and conclusion

In this work, we focused on two main issues in abstractive summarization: how to evaluate the
results and what is a good training objective. We presented semantic similarity-based summariza-
tion evaluation measures and a reinforcement learning framework with the semantic similarity
rewards.

We proposed evaluation measures using similarity scores obtained by fine-tuning the BERTurk
model using cross-encoder and bi-encoder model architectures on NLI-TR (Budur et al. 2020) and
STSb-TR (Beken Fikri ef al. 2021) datasets. We showed that the proposed evaluation measures
have better correlations with human evaluations compared to ROUGE scores, according to both
Pearson and Spearman correlations. We further showed that using bi-encoder and cross-encoder
similarities as rewards improved the model results in terms of the proposed evaluation measures,
as well as BERTScore and ROUGE scores. Our qualitative analyses demonstrated that the pro-
posed models can generate summaries that are more similar to the ground truth, as compared to
MLE-only models and RL models with ROUGE rewards.

It is worth mentioning that our rewards are not model-dependent in our reinforcement
learning framework and can be explored in other downstream sequence-to-sequence tasks like
paraphrase generation, text simplification, and semantic search. Also, the suggested framework
can be applied to other languages following the described methodology.
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