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Abstract

Text summarization involves analyzing large amounts of text, selecting the salient text
features, and arranging them coherently. The graph-based TextRank and statistical topic
modeling are unsupervised approaches for generating an extractive synopsis. Deep learn-
ing models are supervised, data-driven, and pre-trained on a huge corpus of data, making
a significant contribution to automatic text summarization systems. Despite grammatical
correctness and coherence, deep learning-based summarization systems are prone to fac-
tual inconsistency. This has hindered the applicability of transformer-based summarizers,
particularly in critical domains where misleading summarization systems can lead to severe
consequences due to their significant social impact. This work proposes an ingenious hy-
brid hierarchical approach that combines unsupervised approaches, such as the TextRank
algorithm and Latent Dirichlet Allocation (LDA)-based summaries, with contemporary
transformer-based language models. When validated on three benchmark summarization
datasets, empirical results prove that our hybrid hierarchical transformer-based approach
mitigates the factual inconsistency problem inherent in abstractive summarization. The
improved summary consistency score of the abstractive summaries generated with our
multilevel hybrid approach, in comparison to the fine-tuned baseline transformer-based
language models, increases trust in transformer-based summarizers.

Keywords: Latent Dirichlet Allocation; summary consistency score; supervised learning;
TextRank; transformer; unsupervised learning

1. Introduction

Extracting valuable information from a large corpus of text is text mining. Text and web
search, mining themes and important topics, summarization, and document understanding
are tasks that are unique to text and web data. With exponentially increasing web data,
there is an increasing need for categorization and summarization of text data. A generated
synopsis presents the key points from the entire block of data in a crisp and precise form
to make it comprehensible. Ambiguous text, long and complex documents, and text with
multiple themes, creative writing styles, and highly technical content pose a challenge
for the task of summarization. Text mining [1] encompasses multiple domains, including
information retrieval, data mining, machine learning, natural language processing, and
deep learning. The main purpose of text mining is to analyse unstructured data and find
hidden patterns to facilitate decision-making. Topic modeling is a probabilistic technique
for semantic analysis [1] that requires no training data and performs semantic analysis by
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extracting latent topics in an unsupervised manner. Each document is categorised into
various topics or themes. Each theme can be considered as a soft cluster of words. Each topic
consists of a probabilistic distribution of words. Latent semantic analysis [1] and Latent
Dirichlet Allocation [1] are two popular techniques of topic modeling under the umbrella
of text mining. Information retrieved from large text can aid in crucial decision-making,
which has a substantial social impact. The knowledge extracted from large text using text
mining techniques can be applied in critical domains such as healthcare, governance, and
the media, impacting our daily lives. The summarization of large texts available online
can provide key insights for decision-making, where any misinterpretation of facts can
have disastrous effects. In recent times, the widespread usability of deep learning-based
summarization systems has been hampered due to their factual inconsistency. Any false
narrative in the digital news media can affect our daily lives alarmingly. Hence, the veracity
of the synopsis must be safeguarded to avoid spreading any misleading information.

Although previous work has explored the combination of LDA with the BART model,
it did not address the factual consistency problem [2—-6]. Cristian et al. [7] use topic labelling
in which, for a corpus of documents, topic clustering is performed using the LDA model.
The topic labels are generated and input into the BART model with the corpus of documents.
Thus, the BART model is trained for topic labelling. Large pre-trained transformer models
are fine-tuned in a weakly supervised manner using an unsupervised LDA model to obtain
meaningful labels. Prior work focuses on topic labelling using the combination of the
LDA model with BART, while our work provides a solution to the factual consistency
problem. Jijo et al. [8] review existing text summarisation methods, including the Textrank
algorithm, fuzzy logic, Latent Semantic Analysis, and deep learning techniques. However,
the paper does not fuse any of the methods, nor does it address the factual consistency
problem. In Chen et al. [9], the results of TextRank and the BART model are combined
to obtain more thematic key sentences, which are then fed back into the BART model to
produce the final summarisation. Our approach is different, as the extractive TextRank
summary is input to the BART model without any splicing with the abstractive output
of the BART model. Also, the prior work assesses the summaries using general quality
metrics of summarisation, such as ROUGE [10], based on token overlap, and hence did
not capture the factual correctness [11,12].

This work provides a viable solution to the factual inconsistency problem in
transformer-based deep sequence-to-sequence models. Our work addresses factual incon-
sistency introduced in the synopsis due to wrong entities, incorrect factual information,
swapping of entities and misleading semantics wherein the synopsis is not in concordance
with the source text. Addressing factual inconsistency in deep learning-based summari-
sation is a timely and critical research problem, especially for high-stakes domains such
as media, medical, law, and governance. Current state-of-the-art large language models
provide coherent human-like summaries, but factual inconsistency or hallucination is still a
challenge. In critical applications such as summarisation of medical reports, the essential
quality parameter is factual consistency or correctness. Similarly, false news from the media
can be misleading, affecting our daily lives. This work makes the following significant
contributions: (1) Provides a solution to the factual inconsistency problem in language
models, which hampers the usage of these models in critical and sensitive domains where
factual accuracy is the main parameter for the assessment of the quality of the summary.
(2) Introduces a hybrid hierarchical deep learning approach that combines unsupervised
learning of text with transformer-based encoder-decoder models to boost the factual consis-
tency of generated abstractive summaries. (3) The proposed hybrid approach demonstrates
a significant improvement in the factual consistency score in generated summaries over the
fine-tuned baseline transformer-based language models.
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2. Related Work

Cao et al. [13] leverage popular OpenlE and dependency parsing tools to extract
triples in the source sentence to reduce fake summaries to handle the Factual Inconsistency
Problem. The dual-attention sequence-to-sequence framework is then proposed to force
the generation conditioned on both the source text and the extracted fact descriptions.
Dou et al. [14] propose a framework that is generalized and takes different input types as
guidance signals. The paper investigates highlighted sentences, keywords, relational tuples
(subject, relation, object), and retrieved summaries as guidance signals. Experiments show
that using highlighted sentences as guidance achieves the best performance. The framework
builds upon a modification of BART, which consists of two encoders that respectively
encode the input source document and guidance signals. The decoder attends to both the
source document and guidance signal. Shin et al. [15] introduce a factuality-guided module
combined with a diffusion-based abstractive summarizer to generate summaries that are
both diverse and factually consistent. The proposed method continually guides factuality
into the intermediate noise at each denoising step, thereby generating summaries that are
not only consistent with the source text but also high in diversity. Li et al. [16] propose
an entity-augmented method (EAM) for factual consistency that uses cross-attention to
focus on entities during the decoding process. The EAM method aims to improve the
faithfulness of the generated summaries by explicitly incorporating and attending to entity
boundary information within the Transformer model. The core of the proposed method
involves adding two key modules to the Transformer: (1) Sparse Entity Matrix which is
placed after the encoder and helps to encode boundary information about entities present
in the input text. (2) Entity Cross-Attention Layer which is added to the decoder and
facilitates the model’s ability to attend to entity representations during the generation
process. Shin et al. [17] have proposed a token-level fact-correction model in abstractive
summarization that uses joint training for generic token-level fact correction. The proposed
fact corrector consists of three modules: the summary fact checker, the token fact checker,
and the fact rectifier. These modules are applied sequentially to a given inconsistent
summary to generate a consistent summary.

Zhu et al. [18] extract the factual information from the article in the form of a relational
knowledge graph and integrate its information into an end-to-end summary generation
process. The knowledge graph is obtained from information extraction results and it
participates in the decoder’s attention. Jin et al. [19] explore the incorporation of semantic
dependency graphs into abstractive summarization models. The model consists of a
sentence encoder, a graph encoder, and a summary decoder. Firstly, the sentence encoder
reads the input sentence and builds its contextual-level representation. Then, the graph
encoder captures the semantic relationships according to the contextual-level representation
and the semantic dependency graph to produce a semantic-aware sentence representation.
Lastly, the decoder produces the output summary with attention to the semantic-aware
representation. Feng et al. [20] filter the training data to reduce false entities in the synopsis,
in addition to proposing a new metric for entity-level factual consistency. Feng et al. [21]
propose a new training algorithm that maximises the proposed factual consistency metric
during model training. Mao et al. [22] use a model-specific approach that integrates multi-
granular factual input during encoding. Crucial factual information, such as the related
time, locations, reasons, consequences, purposes, participants and involved parties, the
complex semantic relations among facts, and the corresponding factual information, is
considered. Pernes et al. [23] use contemporary evaluation metrics like QuestEval and
FactCC to rank the synopsis. Wan et al. [24] analyze the effect of beam search and nucleus
sampling on the factual consistency of generated summaries. Zhu et al. [25] integrate a
knowledge graph into summary generation. Tanay et al. [26] analyze the trade-off between
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the factual consistency achieved by a contrastive learning framework and the overall
quality retained in the generated summary. Meng et al. [27] use fact-corrector models to
improve the factual consistency, while Yue et al. [28] use question-answering models and
multimasking strategies in factual correction models.

3. Proposed Methodology

Among the various challenges of abstractive summarization, factual inconsistency
and unfaithfulness of the summary generated are targeted by this proposed methodology.
When information is extracted from an article and its summary generated using deep
learning models, the factual correctness of the article should be maintained. Furthermore,
the generated summary should not differ from the source text and should be in accordance
with the source text. Although the summaries generated by the transformer-based deep
learning models are fluent, they are not devoid of factual inconsistency. Also, such un-
faithful summaries that deviate from the source text can misguide the reader. Many times,
summaries are used to make critical decisions. Providing misinformation to the information
consumer can have serious consequences. Many critical applications require accurate and
faithful summaries which can aid in decision-making. Extractive and abstractive are the
two approaches for text summarization.

Table 1 differentiates between extractive and abstractive summarization covering fea-
tures such as coherence, cost, speed, complexity, accuracy, context, novelty, and limitations.
The extractive approach involves algorithms for unsupervised learning of text, while the
abstractive approach involves contemporary transformer-based language models.

Table 1. Summarization approaches.

Extractive Abstractive

Extracts key sentences Generates new sentences
Directly copied text Not directly copied text

less coherent more coherent, fluent

Limited by the original sentences condenses effectively

may miss implicit connections captures implicit relations

High accuracy potential for errors

Lower cost, simpler algorithms advanced NLP

Best for speed, accuracy Best for Complex contextual text

Two popular approaches for unsupervised learning are applied here: the probability-
based Topic Modeling approach [29], where patterns in text are formed based on their
occurrences together, and the graph-based TextRank algorithm [30], which ranks the
sentences based on their similarity. The proposed methodology applies unsupervised
learning of text, like TextRank and Topic Modeling-based summarization, to handle the
Factual Inconsistency Problem inherent in transformer-based abstractive summarization.
This section further discusses the LDA-based extractive summarization, and the TextRank
extractive approach before explaining in detail the proposed hybrid hierarchical deep
learning approach. The last subsection discusses the datasets used as a valuable testbed for
our proposed methodology.

3.1. Extractive Summarization

In case of LDA-based Extractive Summarization, along with the source article, the
number of topics is given as a hyperparameter when building the LDA model. Before
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building the LDA model with the inputs, the source text is first sentence tokenized. Then,
each sentence is preprocessed by tokenization, removal of stopwords, and lemmatization.
This is followed by vectorization.

Using the probabilistic model, the input text is clustered into topics with a coherence
score. The sklearn library with the LDA Model is leveraged for extracting a summary from
the LDA Model in Python 3.12.13. As illustrated in Figure 1, once the input text is clustered
into topics, the most representative sentences from each cluster are picked to form the
summary. The number of sentences to be picked from each topic cluster is again given
as input.

1.
Input number
of sentences to

PRE-
PROCESS

EACH be picked
SENTENCE from each
1. Set No topic cluster.

1. of Topics

INPUT SENTENCE Tokenize 2
ARTICLE| ~|TOKENIZE

> | Pick the most | ] LPA SUMMARY

VECTORIZATION 2. Apply

2. LDA representative
Remove Model sentences from
Stopwords each topic
cluster.
3.
Lemmatize 3.
Merge the

sentences from

LDA Summary Generation Process. 2boves

Figure 1. LDA summary generation.

TextRank is a variant of the PageRank algorithm for extractive summarization that
does not require labelled data. The TextRank algorithm determines the importance of a
sentence by analyzing its similarity to other sentences. A sentence is considered more
important if it is similar to many other sentences. Figure 2 displays the system flow for
TextRank summary generation. The input preprocessing involves removing duplicates,
missing values, special characters, and irrelevant features. The text cleaning is followed by
the stemming, lemmatization, and tokenization of the input. TextRank is an unsupervised
approach where the text document is depicted as a graph with nodes as sentences. The
edges or links between the nodes represent the similarity between the sentences. The
sentences in the summary are numbered K, and this value is chosen by the user. Identical
sentences tend to have the same similarity value. The cosine similarity given in Equation (1)
is widely used for extractive text summarization. The sentence similarity score based on
cosine similarity ranges from 0 to 1. The ranking of sentences is computed based on the
score. The summary includes only the top-ranked sentences [30].

A-B

CosineSimilarity(A, B) = g v

3.2. Hybrid Hierarchical Deep Learning Approach

Deep learning models have been a game-changer in the field of natural language
processing. NLP tasks such as translation, summarization [31-33], and natural language
generation have witnessed human-like performance with the advent of deep-learning
models such as attention-based pointer networks, generative adversarial networks, and
the transformer-based encoder—decoder models. Attention-based transformer models [34]
have revolutionized text summarization and can be classified primarily as encoder-only
models, decoder-only models, and encoder-decoder models. Encoder-only models, such
as BERT [35], are applied for text classification, while decoder-only models are used to
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generate text. The encoder—decoder models like BART [36], T5 [37] and Pegasus [38],
which differ primarily in their pretraining objective, are apt for text-to-text transfer with
varying input and output text length. Such encoder—decoder models are popularly ap-
plied for NLP tasks such as text summarization and translation. The transformer-based
encoder-decoder models give good performance on summarization tasks but suffer from
the Factual Inconsistency Problem. We design the hybrid hierarchical language model,
which combines the abstractive approach of the deep learning models with the extractive
approaches of unsupervised learning of text. The hybrid approach is multilevel with the
extractive approach in the first level followed by the abstractive approach. In the first tier,
which is extractive, we apply two extractive methods of summarization: TextRank and
topic modeling. In the second tier, we apply three encoder-decoder models: BART, T5,
and Pegasus.

Input Article

Preprocessing
Cleaning,
Stemming,
Lemmatization, Tokenization

Graph Co'#‘lstruction

v

Sentence Ranking Based On
Cosine Similarity

'

Salient Sentence Selection

¥

oect

summary | Flowchart of TextRank

Figure 2. TextRank summary generation.

Figure 3 depicts the overall architecture of the proposed methodology, which includes
the fine-tuning of the pre-trained model, the hybrid deep learning approach, including the
TextRank-Transformer model and the LDA—-Transformer model, the hybrid knowledge-
enhanced deep learning approach, involving the LDA-TextRank-Transformer model, and
the natural language inference model SummaC [39] for evaluation. For each element
of the pipeline, such as LDA-Transformer, TextRank—Transformer, and LDA-TextRank—
Transformer, we validate our approach across three distinct datasets (BBC, CBC, and
MeetingBank) covering different text styles and lengths. The transformer-based deep
learning models are finetuned on appropriate news dataset or dialogue dataset. The
finetuned models can be leveraged from the hugging face framework.
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Figure 3. The architecture of the hybrid hierarchical deep learning approach.
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In the TextRank-Transformer model, the graph-based extractive TextRank summary
is input into the finetuned Transformer-based baseline language model. In the LDA-
Transformer model, the statistical extractive LDA summary is input into the finetuned
Transformer-based baseline language model. Thus, the TextRank-Transformer model
and the LDA-Transformer model of the Hybrid Deep Learning Approach are hybrid
and multilevel with the extractive approach followed by the abstractive approach. The
rationale applied is that, with the extractive approach of summarization in the first tier,
followed by the abstractive approaches, the factual errors can be curbed. The knowledge-
enhanced approach addresses the problem of semantic irrelevancy by feeding additional
input to the model. Examples of guidance information include keywords, length tokens,
salient sentences, facts and semantics using graphs and relations, template-based refer-
ence summaries [40]. The hybrid knowledge-enhanced deep learning approach has two
diverse extractive summaries of the same article input into the deep learning Transformer
model. In this hybrid hierarchical architecture, one extractive summary is knowledge-
enhanced/guided by the other augmenting extractive summary. The rationale is that this
will ensure all the salient points from the source article is covered in addition to address-
ing the factual inconsistency problem. Hence, the LDA summary is augmented with the
TextRank summary, and it is input to the fine-tuned Transformer model.

Deep learning models rely heavily on training data and are computationally intensive,
while the proposed methodology fuses the statistical LDA approach and the graph-based
TextRank approach with the deep learning approach, reducing the dependency on large
training data. In each element of the pipeline, the input article is pre-processed, vectorised,
and then input to the extractive model. The output of the extractive model is input to
the transformer-based language model. In the LDA- TextRank-Transformer pipeline, the
output of the extractive models is combined and then input to the transformer-based
model. Finally, the output is evaluated by the NLI-based model, which gives the Summary
Consistency Score. The higher the score, the more factually consistent the summary.
SummacC serves as the central evaluation measure.

The other evaluation metric applied in the experiments is QAGS Score. QAGS meth-
ods involve the following three steps: question generation, question answering with the
document and summary, and finding common answers in the document and summary [41].
The generated summary is input to the pre-trained RoOBERTa model, which generates the
questions for it. The same set of questions generated from the summary are input to the
question-answering model along with the source text, to output the keyword answers. Sim-
ilarly, the keyword answers are generated for the generated summary. Entity or keyword
matching is performed between the two sets of answers: one generated for the source text
and the other generated for the summary for the same set of questions. This evaluation
gives the QAGS Score [41]. The Factsumm Python package is used for the implementation
of the QAGS Score [42]. The QAGS Score [43] is calculated as shown in Equation (2).

Matched Entities (Summary, Source)
Total Entities (Summary)

QAGS SCORE = )

SummacC [43] is the contemporary metric for factual inconsistency based on natural
language inference with two variants: (1) SummaCyzg (zero-shot) and (2) SummaCcony
(Convolution). From the NLI pair matrix that is generated, the technique for generating
the final score varies in the two variants of SummaC. For SummaCyg, the final score is
calculated by first taking the highest value of each column in the pair matrix and then
calculating the average value. Hence, SummaCyzg does not have trained parameters and is
called zero-shot. For SummaCcony, the convolution layer makes it insensitive to extreme
values, which can be noise or outliers. SummaCcony gives good performance by capturing
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sentence-level inconsistencies and ignoring the noise. The probability distribution of the
NLI pair matrix in the form of a histogram is mapped to a binning matrix, which when
passed through the convolution layer computes the final score. SummaCcony gives good
performance by capturing sentence-level inconsistencies and ignoring the noise. Thus,
for each synopsis sentence, the convolution layer maps the entire distribution to a single
score. Hence, SummaCcony has trained parameters since the NLI pair matrix is binned
and trained using a convolution layer. Thus, the two variants of SummaC apply different
aggregation techniques on the NLI pair matrix to map it to the final score.
The SummaCyg [43] is calculated as shown in Equation (3).

SummaCyzg = Max of Each Column(NLI Matrix) 3)

The SummaCcony [43] is calculated as shown in Equation (4).

SummaCcony = f * (Binning Matrix(NLI Matrix)) 4)

3.3. Datasets

Our proposed methodology is further tested with news articles from the BBC News
dataset [44] and the CBC News dataset [45]. The Meeting Bank dataset [46] is a benchmark
dataset with transcripts along with their synopsis. It provides a valuable testbed for our
proposed methodology. The average length of the news articles in the BBC News dataset
is less than 500 tokens. The BBC News dataset is well-curated and does not need pre-
processing. The CBC News dataset consists of web-scraped pandemic news articles from
the CBC News Site for 2020, which examines the sentiments of the public around the world
and the narration of global events during the pandemic. The CBC News dataset consists of
6787 unique rows that reflect the count of news articles. The average length of the news
articles in the CBC News dataset is approximately 1350 tokens. Hence, it consists of lengthy
and complex news articles that require pre-processing. Unstructured data usually contains
noise, which is filtered out by pre-processing steps before feeding it to the NLP model.
Details of the CBC News dataset are depicted in Table 2.

Table 2. Unique column values in CBC news dataset.

Column Unique Rows
ROWID 6787
AUTHORS 352

TITLE 4998
PUBLISH-DATE 4136
DESCRIPTION 4988

TEXT 5041

URL 5139

After removing the missing values from the columns, as shown in Table 3, and remov-
ing duplicate tuples, the dataset now has 5043 tuples, as depicted in Table 4. The headline
of the news, the short description of the news, and the text article of the news from the
dataset are used for further analysis to compute their individual length in tokens. Thus, the
length of the news headline, the length of the article, and the length of the news description
are appended to the CBC News dataset as new columns. Text cleaning was performed
on the CBC News dataset, including removing anything not number/alphabet, emojis,
large blank spaces, HTTP/URLs/HTML tags, special characters/noise, and expanding
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contractions. The benefits of dataset pre-processing include faster training time as the size
of the dataset eventually decreases, and it boosts performance by reducing the ambiguities
caused by variations in text formatting.

Table 3. Missing values in CBC News dataset.

Column Unique Rows
DESCRIPTION 0.0003 per missing values
URL 0.0003 per missing values

Table 4. CBC News dataset shape.

Criteria Shape

Including duplicates and missing values (6787, 3)

Excluding duplicates and missing values (5043, 3)

4. Experimental Setup

Hugging Face was leveraged as the deep learning framework for abstractive sum-
marization. The Python Sumy package in the Google Colab setup was leveraged for the
implementation of the TextRank algorithm. The Sklearn Python package was leveraged to
build and apply the LDA model for topic modeling. After multiple trials, the number of
topics is selected based on the LDA model with the least perplexity. It is validated on both
the BBC and the CBC datasets. All details of the parameters set for the implementation of
extractive approaches, LDA and TextRank are presented in Table 5.

Table 5. Parameters for extractive summarization.

Model Package Parameters

LDA Sklearn NoOfTopics = 3 (for BBC News dataset),
LDA Sklearn NoOfTopics = 4 (for CBC News dataset),
TextRank Sumy NoOfSentences = (ArticleLength)/10
TextRank Sumy 2 (for ArticleLength less than 300)
TextRank Sumy 20 (for ArticleLength more than 2000)

The count of sentences in the synopsis is given as input to the TextRank algorithm
based on the length of the source article. For very small articles with a token length of less
than 300, the count of sentences in the extractive summary is set to 2. For very long articles
with a token length of more than 2000, the count of sentences in the extractive summary is
set to 20.

Whilst training the ‘sshleifer/distilbart-cnn-6-6" pre-trained model, the hyperparame-
ters include the maximum learning rate, number of epochs, per device batch size, and the
maximum length. For decoding strategies, the hyperparameters set includes beam size,
length penalty, max-length, and min-length.

All details of the hyperparameters using the BLURR package for the ‘sshleifer/distilbart-
cnn-6-6" model are exhibited in Table 6 above. The Blurr library, which is an integration
of OpenAl with Hugging Face, is used for fine-tuning and training. For fine-tuning and
model training of BART, the imported Python libraries included transformers, dataset,
bert-score, blurr, and their dependencies. The pre-trained model is fine-tuned with the BBC
News dataset. Tuples from each category of articles, ranging from business, entertainment,
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politics, sports, and technical, are extracted from the BBC News dataset and combined
to fine-tune the BART model. The hyperparameters are set and input into the training
algorithm. The hyperparameters are related to both the network architecture and the
training algorithm. Hyperparameters include dropout, activation function, number of
epochs, learning rate, and batch size, among others. During fine-tuning, the model is
trained for 10 epochs. Applying our approach to other encoder-decoder models like T5 and
PEGASUS that differ in their pre-training objective. All three transformer-based models
are fine-tuned on the Samsum dataset for dialogs and tested on the MeetingBank dataset,
which has meeting data between interlocutors. When testing our approach on news articles,
we pick the version of the encoder—decoder models from the Hugging Face hub that are
finetuned on CNN news articles for T5 and Pegasus PEGASUS.

Table 6. Training hyperparameters.

Training Hyperparameters Decoding Hyperparameters
0.00003 (learning rate) beam size = 4

10 (epoch count) length penalty =2

2 (batch-size) max-length = 142
max-length = 1024 min-length = 56

5. Results and Discussion

The summaries generated by our proposed methodology are analyzed in detail and
compared with the output summaries predicted by the baseline fine-tuned Transformer
models. For the CBC News dataset, the average summary length in tokens of the syn-
opsis generated by extractive probabilistic LDA and graph-based TextRank is the same,
which is greater than the summaries generated by baseline state-of-the-art abstractive
summarization model BART, pretrained with a denoising autoencoding objective and
fine-tuned with Tesla T4 GPU. Our proposed hybrid approach generates summaries of
shorter lengths than the baseline BART model. However, the hybrid knowledge-enhanced
approach LDA-TextRank-BART generates summaries slightly longer than the hybrid mod-
els TextRank-BART and LDA-BART. Table 7 below depicts the length of the synopsis
generated by the various models leveraged where the length of the article for the pandemic
news articles is three times that of the BBC news articles.

Table 7. Comparison of summary length in tokens of BBC News dataset and CBC News dataset.

Mean Length Standard Deviation
Model Type BBC CBC BBC CBC
LDA Extractive 127 132 28 25
TextRank Extractive 99 134 62 101
Finetuned BART Abstractive 91 98 31 21
TextRank-BART Hybrid 68 66 26 22
LDA-BART Hybrid 72 69 29 19
LDA-TextRank-BART  HybridKE 88 79 33 21

Table 8 displays the performance metrics for the BBC News dataset and the CBC
News dataset for extractive summarization. For the BBC News dataset, it is observed
that the informativeness and factual accuracy (given by the QAGS score) are marginally
higher for the extractive approaches LDA and TextRank than for the baseline abstractive
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BART model. The SummaCyg Score and the SummaCcony Score are much higher than the
baseline finetuned BART abstractive model when validated on both benchmark datasets,
the BBC News dataset and the CBC News dataset. Table 8 exhibits the fact that the factual
consistency of the extractive LDA approach is greater than the graph-based TextRank
approach. Thus, the probability-based LDA summarization model generates more factually
consistent summaries than the graph-based TextRank as proven empirically and validated
on two benchmark datasets. Hence, the extractive approaches of summarization are more
factually consistent than the abstractive summaries generated by fine-tuned BART, as
proven empirically.

Table 8. Performance metrics for extractive summarization.

ModelsForBBC QAGS SUMMAC SUMMAC cony
FinetunedBART 0.83 0.17 0.30
LDA 0.87 0.60 0.90
TextRank 0.84 0.58 0.63

ModelsForCBC QAGS SUMMACg SUMMAC cony
FinetunedBART 0.82 0.22 0.45
LDA 0.83 0.49 0.89
TextRank 0.79 0.47 0.67

Tables 9 and 10 display the SummaCcony Score for the summaries generated by our
proposed system for the CBC News dataset for articles with lengths ranging from 298 tokens
to 2245 tokens. Our hybrid approaches have an improved factual consistency score than
the baseline model as depicted in Tables 9 and 10. The results show that, in terms of factual
consistency, LDA-BART, TextRank-BART, and LDA-TextRank-BART outperform fine-
tuned BART summaries. Table 9 contains articles of length less than 1000 tokens where we
analyze four articles from the first group of length less than 600 tokens and five articles from
the group of length between 600 and 1000 tokens. It is observed that the factual consistency
of the synopsis generated by our models, TextRank-BART, LDA-BART, and LDA-TextRank-
BART, exceeds the baseline model, as shown by the SummaCcopny scores. Table 10 consists
of four articles in the first bucket with lengths of less than 1500 tokens and five articles in the
bucket with lengths of more than 1500 tokens. Here, again, our approaches display higher
factual consistency scores, which shows the effectiveness of our methodology in nullifying
factual errors. Thus, the novel innovative hybrid approaches, LDA-BART, TextRank-BART,
and LDA-TextRank-BART, generate more factually consistent summaries than fine-tuned
BART. The performance of our methodology in terms of factual consistency is observed
to be comparable in the three LDA-BART, TextRank-BART, and LDA-TextRank-BART
models, outperforming the baseline abstractive BART model. In addition, there is no clear
advantage in augmenting the LDA summary with the TextRank summary before it is input
into the BART model. Further, it is observed that, although LDA summaries outperformed
TextRank summaries in terms of factual consistency, no such conclusion can be drawn
between the hybrid models LDA-BART and TextRank-BART.

Table 11 shows the comparison of the SummaC Score for the summarization of 100 CBC
news articles, which clearly displays the higher scores of factual consistency for our pro-
posed hierarchical hybrid approach. Additionally, it is observed that the factual consistency
scores of the summaries generated by hybrid models and the hybrid knowledge-enhanced
approach are comparable. Table 12 displays the evaluation of the synopsis generated by
our approach applied on the well-curated BBC News dataset. There is an improvement
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in the factual consistency as shown by the SummaC Score. The factual consistency of the
summaries generated by the baseline transformer model is competitive when applied on
the well-curated BBC dataset. The informativeness and semantic similarity of the synopsis
are displayed by RougeL and BERTScoreF1 [47] respectively, which is retained in our
methodology. Thus, our approaches give a balanced summary in terms of coherence,
informativeness, semantic similarity, and factual consistency.

Table 9. Factual consistency score SummaCcony for predicted summaries by our proposed system
for CBC News dataset for articles with length less than 1000 tokens.

Article-Length 298 506 514 532 629 680 819 864 928
Finetuned-BART 023 024 031 026 027 040 026 029 026
TextRank-BART 05 083 096 079 077 044 090 0.86 0.79

LDA-BART 0.60 0.83 096 090 085 0.86 088 0.81 0.64

LDA-TextRank-BART 042 083 0.60 080 0.86 0.81 088 0.82 0.70

Table 10. Factual consistency score SummaCeony for predicted summaries by our proposed system
for CBC News dataset for articles with length more than 1000 tokens.

Article-Length 1051 1175 1187 1365 1620 1727 1764 1838 2245
Finetuned-BART 03 032 055 046 034 036 063 053 071
TextRank-BART 093 08 087 061 089 079 092 093 090

LDA-BART 08 091 05 087 080 094 0.90 1 0.91
LDA-TextRank-BART 0.77 084 0.78 087 085 088 088 092 0.74

Table 11. SUMMACscore of 100 news articles of CBC dataset.

Model Type SUMMAC g SUMMAC conv
FinetunedBART Abstractive 0.22 0.45
LDA-BART Hybrid 0.45 0.79
TextRank-BART Hybrid 0.44 0.76
LDA-TextRank-BART HybridKE 0.48 0.78

Table 12. Evaluation of 100 news articles of BBC dataset.

Model RougeL BertScoreF1 SUMMAC cony
FinetunedBART 0.33 0.88 0.30
LDA-BART 0.28 0.88 0.31
TextRank-BART 0.31 0.88 0.36
LDA-TextRank-BART 0.31 0.88 0.30

By applying the NLI-based model SummacC to evaluate the factual consistency of
the synopsis text, the convolution variant SummaCcony Score is more discriminating
and robust than its zero-shot version, SummaCzs. However, there is no correlation of
the increase in summary consistency score with the length of the news articles for the
TextRank-BART model, the LDA-BART model and the LDA-TextRank—-BART model. It is
observed that the extractive approaches are lightweight with a very small processing time.
This makes the proposed hybrid model lightweight and less dependent on the training
data. Hence, the proposed model would be most effective when tested on previously
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unknown data. This is proven empirically when the proposed novel innovative approach
is tested on the CBC News dataset, which consists of web-scraped pandemic news articles
from the Canadian news website. Our approach is applied on three valuable testbeds
using three encoder-decoder models, and the results are displayed below. Since the hybrid
knowledge-enhanced approach LDA-TextRank-Transformer did not have any advantages
in the initial results, further experiments were conducted with the two hybrid approaches
involving LDA and TextRank.

Table 13 shows the evaluation scores for the MeetingBank dataset. We applied our
approach to three encoder-decoder models, BART, T5, and PEGASUS, which differ in
their pre-training objective. The pre-training objective of BART is denoising autoencoder
where original text is reconstructed from corrupted text. In case of PEGASUS, the pre-
training objective is Gap Sentence Generation while T5 predicts missing spans as text.
The MeetingBank dataset, consisting of meeting information between the interlocutors,
is used for testing. The three transformer-based models are fine-tuned on the Samsum
dataset for dialogs. We observe that the hybrid models outperform the baseline models in
terms of factual consistency. Additionally, their ROUGELScore and BERTScoreF1 indicates
that the enhanced factual consistency does not compromise summary quality parameters
such as informativeness, coherence, and semantic similarity. The pipeline of T5 gives the
best performance as its hybrid model LDA-T5 has the highest SummaC score with a 25%
increase over its baseline model.

Table 13. Evaluation scores on MeetingBank dataset.

Model RougeL BertScoreF1 SummaC

ZS Conv

BART 0.19 0.86 —0.05 0.52
LDA-BART 0.22 0.86 0.13 0.59
TEXTRANK-BART 0.21 0.86 0.04 0.59
T5 0.25 0.87 —0.02 0.57
LDA-T5 0.24 0.87 0.26 0.71
TEXTRANK-T5 0.27 0.88 0.18 0.67

PEGASUS 0.25 0.87 0.05 0.6
LDA-PEGASUS 0.23 0.87 0.19 0.66
TEXTRANK-PEGASUS 0.23 0.87 0.14 0.63

The LDA-Transformer model and the TextRank-Transformer models show improved
performance when compared to the corresponding transformer baseline models, as de-
picted in Figure 4 below. The factual consistency of the synopsis is evaluated with the
SummaC Score with its two variants SummaCzg and SummaCcopny. Figure 4 compares
the SummacC scores for each of the models of our proposed methodology for each bench-
mark dataset. To illustrate the effectiveness of the SummacC score, the two variants of the
SummaC score are stacked over each other for each model. The negative SummaCzg Score
indicates that the factual consistency is very low. In the case of the MeetingBank dataset,
we observe that the best performing model in terms of factual consistency is LDA-T5. For
each of the DistilBART, T5, and PEGASUS models, it is observed that the hybrid model
with LDA gives more factually consistent summaries than the TextRank-Transformer
model version. The hybrid models clearly outperform the baseline transformer models
in terms of the factual consistency score. The same observation is true for the other two
benchmark datasets BBC News dataset and CBC News dataset except for some outlier ob-
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servations, such as TextRank-T5 with higher factual consistency score than LDA-T5. Also,
TextRank-DistilBART generates more factually consistent summaries than LDA-DistilBART
for BBC dataset.

Comparison of SUMMAC Score for BBC Dataset.

TEXTRANK-PEGASUS
LODA-PEGASUS
PEGASUS
TEXTRANK-TS

LDA-TS

5
TEXTRANK-DISTILBART
LDA-DISTILBART
DISTILBART

=

01 02 03 04 05 06 07 OB 09

B SUMMACCONY  mSUMMACZS

Comparison Of SUMMAC Score for CBC News
Dataset.

LDA-PEGASUS
TEXTRANK-PEGASUS
PEGASUS
TEXTRANK-TS

LDA-TS

5
TEXTRANK-DISTILBART
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DISTILBART

[=]
=
o
=

0.2 04 0.6

B SUMMACCONY  mSUMMACZS

SUMMAC Score For All Models for MeetingBank Dataset.
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Figure 4. The comparison of the SummaC score of our proposed methodology with the baseline models.
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Figure 5 compares the SummaC scores across the three encoder—-decoder models T5,
PEGASUS, and DistilBART for all three benchmark datasets stacked over each other. Based
on the SummaCyg Score and the SummaCcony Score, the hybrid models of our proposed
methodology outperform the baseline model with the LDA-Transformer models exceeding
the TextRank-Transformer models in terms of factual consistency.

DISTILBART MODEL WITH DISTILBART MODEL WITH
SUMMAC;sScore for all SUMMACeopy Score for all
Datasets Datasets
| TEXTRANK-DISTILBART [ I TEXTRANK-DISTILBART IS
LDA-DISTILBART I LDA-DISTILEART IS
DISTILEART NS DISTILBART S
-0.2 0 02 04 06 08 0 05 1 15 2
m MEETINGBANK mBBC NEWS mCBC NEWS HMEETINGEANK N BBC NEWS N CBC NEWS
TS MODEL WITH T5 MODEL WITH
SUMMAC, Score for all SUMMACcopy Score for all
Datasets Datasets
TEXTRANK-TS C —— TEXTRANK-TS S
LDA-TS I LDA-TS I
T5 1 i e | TS5 S
-05 0 05 : | 15 2 0 05 1 i5 2 25

m MEETINGBANK m BBC NEWS wmCBC NEWS

m MEETINGBANK mBEC NEWS m CBC NEWS

Pegasus MODELWITH Pegasus MODELWITH
SUMMAC Score for all SUMMACqypy Score for all
Datasets Datasets
TEXTRANK-PEGASUS m | TEXTRANK-PEGASUS IEm L]
LDA-PEGASUS =m e LDA-PEGASUS mamm I
PEGASUS = I PEGASUS Imm I
0 05 1 15 2 0 05 1 15 2 25

B MEETINGBANK BBC NEWS mCBC NEWS m MEETINGBANK wm BBC NEWS m CBC NEWS

Figure 5. A comparison of SummaC scores across datasets and models.

Despite the high performance of transformer-based summarizers, surveys have shown
that 30% of the summaries contain factual inconsistencies. The hybrid approach introduced
in this paper addresses the factual inconsistency problem inherent in transformer-based
abstractive summaries. This can positively impact the usability of transformer-based
summarizers, especially in critical domains such as Medical, Media, and Governance,
where factual consistency of the generated synopsis is essential. Beyond news datasets, the
proposed approach can be applied to other practical domains such as biomedical, legal, or
scientific text.
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6. Conclusions

Transformer-based models are hampered by their reliance on static training data. Any
bias inherent in the training data is magnified by the transformer-based deep learning
models. The unsupervised learning of text induced in the hybrid approach reduces the
dependency on the training data. The hybrid models give better results in comparison
to the baseline transformer-based encoder—-decoder models in terms of the factual consis-
tency of the generated summaries. The rationale for harnessing the hybrid approach is
the high factuality of extractive summarization approaches, as proven empirically. Our
innovative lightweight hybrid approach is a multilevel architecture that leverages Tex-
tRank as well as LDA to solve the factual inconsistency problem in the state-of-the-art
abstractive summarization model. Our approach is able to achieve a reasonable trade-off
between factual consistency and other summary quality parameters like informativeness,
semantics, and coherence. Empirical results prove that our hybrid approach mitigates the
factual inconsistency problem inherent in abstractive summarization. Rather than relying
on a single generative model, this hybrid approach combines multiple models of diverse
strengths to create a more accurate and reliable final prediction. We validate our approach
with three distinct datasets (BBC, CBC, and MeetingBank) with different text styles and
lengths. Current large language models (LLMs) such as the GPT series, Llama, and other
recent open-source LLMs achieve strong performance in abstractive summarisation but the
problem of factual inconsistency or hallucinations persists. The proposed hybrid method
can be applied to improve the factual consistency of modern LLMs, and generalized to
other sensitive domains.
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