JAYAWARDENA, L. and YAPA, P. 2025. Improving quality and domain-relevancy of paraphrase generation with graph-
based retrieval augmented generation. In Proceedings of the 10th International conference on computing and
artificial intelligence 2024 (ICCAI 2024) [online], pages 196-208. Available from:
https://doi.org/10.1145/3669754.366978

Improving quality and domain-relevancy of
paraphrase generation with graph-based
retrieval augmented generation.

JAYAWARDENA, L. and YAPA, P.

2025

© 2024 Copyright held by the owner/author(s). Publication rights licensed to ACM.

mAl R This document was downloaded from

@RG U https://openair.rgu.ac.uk


https://doi.org/10.1145/3669754.366978

Check for
Updates

Improving Quality and Domain-Relevancy of Paraphrase
Generation with Graph-Based Retrieval Augmented Generation

Lasal Jayawardena*
lasalcj@gmail.com
Robert Gordon University
Aberdeen, United Kingdom

ABSTRACT

Paraphrase generation is a fundamental area of research in Natu-
ral Language Processing (NLP) and Natural Language Generation
(NLG), due to its sequence-to-sequence (Seq2Seq) nature. Paraphras-
ing, spanning across various domains, poses challenges for simpler
model architectures due to the extensive knowledge required to
generate paraphrases. The added constraint of generating diverse
paraphrases further complicates the task for models trained on exist-
ing datasets. We present a methodology that leverages Graph-Based
Retrieval Augmented Generation (G-RAG), capable of utilizing both
entity and phrasal knowledge to address this issue. We demonstrate
through experiments that this approach enables both complex mod-
els like Large Language models (LLMs) and smaller Seq2Seq models
to generate more diverse paraphrases without compromising se-
mantic similarity. Furthermore, this approach’s capacity to integrate
domain-specific knowledge makes it particularly effective across
different domains, enhancing its applicability in varied contexts.
The results are further corroborated by human evaluation and ex-
tensive quantitative analysis focusing on semantic similarity, lexical
diversity, syntactic diversity, and grammatical correctness to gauge
high-quality paraphrases.
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1 INTRODUCTION

Paraphrase Generation (PG) entails the rephrasing of text while
preserving its original meaning, serving as a vital tool in Natural
Language Processing (NLP). This has been a longstanding endeavor
within the realm of NLP for decades. Such a generation of varied
linguistic expressions that maintain the same informational core
serves as a powerful instrument for data augmentation. This aug-
mentation is instrumental in elevating the performance across a
spectrum of NLP tasks. The ability to create a plethora of semanti-
cally similar expressions enhances the diversity of training datasets,
which in turn, bolsters the robustness and the ability of NLP models
to generalize across different contexts [19, 29].

The application of PG is vast and spans many domains, enhanc-
ing the capabilities of systems in understanding and generating
human-like dialogue. In the domain of question-answering systems,
PG is not just an asset but a necessity for generating responses that
are not only precise but also display a rich variety in phrasing. This
variety mirrors the nuanced ways in which humans converse, lead-
ing to more natural interaction [9, 42, 48]. Beyond dialogue systems,
the influence of PG extends to the field of information retrieval.
Here, PG plays a pivotal role by expanding the range of expressions
that can be recognized and matched to user inputs during their
search queries. This expansion significantly enhances the likelihood
of retrieving relevant and comprehensive information, thereby im-
proving user experience and the efficiency of information access [1].
Moreover, PG is indispensable in the process of paraphrase identi-
fication, which involves the critical evaluation of textual material
to determine if disparate segments deliver equivalent meanings.
This process is foundational in ensuring the integrity and reliability
of communicative exchanges across various platforms [2, 40, 44].
In the rapidly evolving landscape of chatbot technology, PG con-
tributes to the enrichment of conversational dynamics, enabling
these automated agents to engage users with a greater degree of
authenticity and variety [41].

Despite the broad applications and their vital contributions, per-
sisting challenges remain, particularly in handling unknown words,
entities, and phrases that are often domain-specific. The emergence
of Large Language Models (LLMs) has propelled the field forward
[31], offering substantial improvements in language understanding
and generation. Yet, even these advanced models encounter difficul-
ties when dealing with out-of-vocabulary terms or unique jargon
that are characteristic of specialized fields [53]. This limitation is
particularly evident when these models, trained on expansive but
generic datasets, are applied to niche domains. The models’ per-
formance can be compromised as they struggle to adapt to the
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terminologies and contextual nuances specific to each domain, lead-
ing to a decrease in the quality and relevance of the generated
paraphrases.

In response, our paper introduces an innovative methodology de-
signed to enhance the domain adaptability of paraphrase generation
models. By leveraging the power of Graph-Based Retrieval Aug-
mented Generation (G-RAG), our approach facilitates the dynamic
integration of domain-specific knowledge into the paraphrase gen-
eration process. This not only improves the diversity and contextual
relevance of the paraphrases but also ensures their applicability
across diverse domains. The efficacy of our models is rigorously
tested through extensive qualitative and quantitative evaluations,
showecasing their ability to address the existing challenges in PG
effectively.

2 RELATED WORK

2.1 Paraphrase Generation

The field of PG has evolved significantly over the years, transi-
tioning from traditional methods to more advanced, contemporary
approaches. Early methods in PG primarily relied on rule-based sys-
tems [22], thesaurus-based techniques [17], and Statistical Machine
Translation (SMT) based approaches [46]. The advent of neural
networks introduced neural-based approaches [35], which marked
a substantial leap forward. Another significant development was
the use of back translation [14, 45], providing new dimensions in
paraphrase generation.

Recent advancements have seen the introduction of multi-round
generation [24], which iteratively refines paraphrases, and rein-
forcement learning-based methods [25], which optimize paraphras-
ing through adaptive learning algorithms. Prompt-tuning [5] has
emerged as a technique to fine-tune generation prompts, enhanc-
ing output quality. In addition to these, there has been a focus
on increasing syntactic diversity through methods like sampling
from latent spaces [4] and controlling word order [12]. However,
these techniques often prioritize one aspect of diversity and may
compromise on lexical or syntactic richness.

2.2 Knowledge Integration in Paraphrase
Generation

The contribution by [30] laid the groundwork for knowledge inte-
gration within paraphrase generation for natural language question-
answering systems. Their study focused on leveraging lexical knowl-
edge and features, highlighting the importance of lexical variety for
supporting diverse queries. However, the emphasis on lexical fea-
tures might underplay the pragmatic nuances of paraphrasing, such
as idiomatic usage and sentence flow, which are integral for natural-
sounding language generation. Building on this foundational work,
[50] established a baseline for integrating prior knowledge into
Neural Machine Translation (NMT), employing posterior regular-
ization to embed prior knowledge. This work set a precedent for
knowledge integration in paraphrase generation, emphasizing the
need for background knowledge to enhance semantic consistency in
translations—a principle directly applicable to paraphrasing tasks.

Expanding on this, [28] introduced the concept of integrating
topic knowledge as prior information in paraphrase generation.
Their study illuminated the advantages of contextual awareness,
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showing that including topic information leads to paraphrases that
are lexically diverse and topically coherent. However, they acknowl-
edged the risk of topical bias, where paraphrases might overly ad-
here to the given topic, potentially overlooking other contextual
details. Further exploring the role of knowledge integration, [47]
focused on utilizing entity knowledge within an attention mecha-
nism for enhancing the generation of paraphrased questions. While
their method shows promise in producing context-rich questions, it
is limited by its sole focus on entity knowledge, potentially missing
out on a wider spectrum of semantic information.

In a different area, [26] investigated unsupervised paraphrasing
guided by syntactic knowledge. They employed unsupervised learn-
ing techniques to adhere to syntactic constraints in paraphrasing.
While this approach showcases the strength of unsupervised meth-
ods, it may sometimes yield syntactically accurate but semantically
incongruent results due to the lack of explicit semantic direction.
Lastly, [39] explored diversified paraphrase generation using com-
monsense graphs. Their approach, integrating structured world
knowledge into paraphrasing, aims at generating paraphrases that
are not only diverse but also embedded in commonsense reasoning.
The primary challenge here lies in effectively translating complex
commonsense relations into varied linguistic expressions without
compromising accuracy or falling into generality.

While the above research work has integrated knowledge in
various forms, our study focuses on integrating both phrasal and
entity knowledge. We also leverage contextual embeddings with a
ranking mechanism to leverage the knowledge effectively, which
is vital when dealing with limited context windows.

3 METHODOLOGY

The present study introduces a novel method to conduct G-RAG in
paraphrase generation through knowledge integration. The knowl-
edge integration component is a sophisticated process designed
for processing and integrating knowledge from graph data sources
which are essentially knowledge bases tailored for a specific do-
main. The methodology also discusses the training process of the
Seq2Seq models, which are used to test the effectiveness of the
G-RAG. The inference flow of the LLM and the Seq2Seq models
will also be detailed.

3.1 Knowledge Integration Component

The knowledge integration component is the implementation of
G-RAG. The high-level architecture of the knowledge integration
component can be seen in Fig. 1. The process commences with the
input of a Source Sentence. This sentence is the foundation from
which entities and keyphrases are to be identified and extracted, to
later generate the model prompt. The next stages will be discussed
subsequently.

3.1.1 Entity Recognition and Keyphrase Extraction: In this stage,
the system identifies and recognizes distinct entities within the
source sentence. Entities typically represent real-world objects,
concepts, or names. Simultaneously, key phrases are extracted from
the source sentence. These are phrases that capture the main topics
or concepts discussed in the sentence.
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Figure 1: High-Level Architecture of the Knowledge Integration Component for G-RAG

For keyphrase and entity recognition, a combination of Azure
language services ! and the spaCy library 2 was used.

3.1.2  Entity and Keyphrase Filtering: The entities and keyphrases
recognized in the previous step are filtered through a defined set of
criteria to ensure the selection of only the most pertinent phrases
and most important entities. We employ a rule-based approach
for this. In this approach, we exclude entities that are numerical
values, phone numbers, email addresses, and other types that typi-
cally do not contribute meaningful information. Furthermore, we
apply a similar rule-based method to the keyphrases. Our objective
here is to eliminate common phrases that do not provide significant
insights. To identify these phrases and entities, we utilize regular ex-
pressions and analyze the types of entities returned from the entity
recognition phase. This aids in highlighting unique and informative
keyphrases and entities, enhancing the quality and relevance of our
data for subsequent analysis.

3.1.3 Knowledge Extraction: The filtered entities and keyphrases
are then passed to the Knowledge Extractor, which interacts with
the graph knowledge database. This is a specialized knowledge
base structured in a graph format, which contains both entity and
phrasal knowledge. The initial knowledge base was built on entities
and phrases built on the Quora Question Pair Dataset [15] and the
PAWS Dataset [52], where the knowledge itself was obtained from
Google Knowledge Graphs®. The knowledge base is stored as a
Neo4J* graph database, but this can easily be interchanged with
other graph-like storage methods like ontologies. Full visualization
of the knowledge base and node attributes can be seen in Fig. 2
which was built using NeoDash®. The knowledge base initially has
close to a million knowledge nodes which can be used in knowledge
extraction. In cases where new entities to phrases are encountered
new knowledge is updated using the source graphs. The extraction
is done by first using an exact match on an entity or phrase and later
based on a similarity basis of the node text attribute by leveraging

!https://learn.microsoft.com/en-us/azure/ai-services/language-service/
Zhttps://github.com/explosion/spaCy
3https://developers.google.com/knowledge-graph

“https://neodj.com/

Shttps://neodj.com/labs/neodash/

the Cypher Query Language. The most relevant nodes are then
found by utilizing contextual embeddings. By default, we use Ope-
nAT’s text-embedding-ada-002 model [32] due to its state-of-the-art
performance, but this could be easily interchanged.

3.1.4 Template Generation: The culmination of the knowledge
integration process is the Template Generator. This component takes
the relevant knowledge nodes and the ranks entities and phrases to
construct a model prompt. This prompt encapsulates the integrated
knowledge in a format that is primed for paraphrase generation
by using the most important entity and phrasal knowledge for the
context size of the model.

When selecting the most appropriate entity and phrases, two
separate methods are followed. Given a set of entities E, each entity
e € E is represented by a tuple containing its category, subcategory,
confidence score, and maximum similarity score to a knowledge
node (cosine score). The ranking function R assigns a priority to
each entity based on its category, its confidence score, and its maxi-
mum similarity score.

First, we define a priority function P for the categories as follows:

if category is "Person’,
if category is "Location’,
if category is ’Organization’,

if category is ’Event’,

P(category) = (1

if category is "PersonType’,
if category is Product’,

if category is "Skill’,

0 N U W N =

otherwise.

The ranking of entities is then performed by a ranking func-
tion R(E), which sorts entities based on their category priority,
confidence score, and maximum similarity score:

R(E) = sort (E,key =

(P (ecategory)s ~€confidences emaxfsimilarityiscore)) @)
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Here, €category> €confidence> and €max_similarity_score represent the
category, confidence score, and maximum similarity score of the
entity e, respectively. The minus sign before the confidence score
indicates that a higher confidence score results in a higher rank.

After reaching a certain minimum threshold in the similarity
scores for entities, keyphrases are included in the ranking. These
key phrases are considered only if their similarity scores are above
the same threshold. This ensures that both entities and keyphrases
included in the final ranking are of high relevance and similarity to
the knowledge nodes.

The final product of the Knowledge Integration Component
is the Model Prompt, which is a structured textual representation
of the integrated knowledge, ready to be utilized. The prompt is
generated with the help of a custom template generator, that creates
the prompt with respect to the model context size and the relevant
knowledge nodes of the sentence. This prompt is built in the most
optimized manner so that it doesn’t have redundant tokens to
maximize what can fit into the model. This final prompt represents
the result of applying G-RAG.

3.2 Seq2Seq Model Training

In the study, we also utilized small Seq2Seq models to integrate
with G-RAG. Two distinct sets of models and datasets were created
for this purpose and sequence-level knowledge distillation[18] was
applied. This was done to demonstrate the effectiveness of the
G-RAG component.

3.2.1 Dataset Creation: Initially, we generated a dataset using
the ChatGPT (gpt-3.5-turbo) LLM, primarily leveraging the Quora
Dataset and PAWSWiki [52], while consciously avoiding PAWSQQP
due to its overlap with Quora. A similar second dataset was then
created using ChatGPT in conjunction with G-RAG. The paraphrase
pair generation for both datasets involved filtering out offensive
content using OpenAI’s Moderation Endpoint. This process yielded
nearly 2 million unique sentence pairs for each dataset. The purpose
of this was to create one set of models that do not use G-RAG and
the other that can integrate it.

3.2.2 Training Models: For the training phase, we distilled two sets
of three models each: T5-small [37], Flant5-small [6], and BART-
base [21]. The first set was distilled with the dataset created without
G-RAG, while the second set was distilled in conjunction with G-
RAG. The training was conducted using the parameter efficient
Low-Rank Adaptation of Large Language Models (LoRA) method
[13], with hyperparameters optimized for both efficiency and G-
RAG compatibility. The LoRA technique was applied through the
use of a library specifically designed for Parameter-Efficient Fine-
Tuning (PEFT), developed by Hugging Face®.

Before choosing LoRa, we ran preliminary experiments where
we tried using vanilla fine-tuning of the models, applying Adaptive
Budget Allocation for Parameter-Efficient Fine-Tuning (AdaLoRA)
[51], and also running Efficient Finetuning of Quantized LLMs
(QLoRA) [7]. The vanilla fine-tuning process would have been ideal
given a large allocation of resources for tuning, especially GPUs,
but since we were working with a large corpus and limited GPUs,
the resources were not sufficient for this approach. Thus making a

Shttps://github.com/huggingface/peft
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parameter efficient method suitable. Out of the parameter efficient
techniques, LoRA was the most stable in model training compared
to AdaLoRA and QLoRA. The preliminary experiments converged
faster for LoRA and sample inference showed the model had adapted
better compared to the other two. This was the reason we chose
LoRA as the main training methodology for the models.

Each model was trained on the corresponding datasets with
techniques like lower casing and setting the maximum sequence
length to 512. We employed the Adam optimizer, an epsilon value of
1e-08, a learning rate of 0.0003, and a dropout rate of 0.1. The LoRA
configuration included a rank of 8 and an alpha value of 32. Training
times varied, with T5-small requiring 24 hours, Flant5-small 30
hours, and BART-base 50 hours, using RTX A100 40GB GPUs. The
main difference between models is that one set is accustomed to the
G-RAG prompt structure that incorporates the knowledge whereas
the other follows the convention prefix-based generation method
where in all models, "paraphrase” was used as the prefix for the
input sentences during training.

3.3 Model Inference

Model inference involves two distinct approaches: standard model
inference and inference using G-RAG. In standard model inference,
each model (ChatGPT, BART, T5, and Flan T5) was configured
with specific hyperparameters to optimize performance. These pa-
rameters included settings for maximum token generation, early
stopping, sampling methods, temperature for randomness control,
and n-gram repetition restrictions. For the inference, the LoRA
weights will be loaded to the model architecture and inference will
be conducted on top of the tuned architecture. Post-processing
steps were taken to enhance the output’s readability and accuracy.
This involved capitalization of the start character, performing entity
case correction by leveraging the SpaCy NER model, and applying
de-duplication to maintain output diversity.

Inference with G-RAG involves an additional step of generating
prompts using the knowledge integration component before pass-
ing them to the models. This is the main difference between G-RAG
compared to the standard inference. Before the Inference when the
source sentence is given for the paraphrase, the knowledge integra-
tion is done as shown in Fig.1. This process includes configuring the
context window size in the knowledge integrator for each model,
including ChatGPT. The context window size is important because
it determines the amount of knowledge that can be passed in for
model inference. For smaller models limited knowledge is passed,
whereas in models with larger context windows, more knowledge
can be integrated making the quality of inference higher. The order
of knowledge injected, by the template generator, for inference is
determined by the ranking mechanism discussed earlier in Section
3.1.4.

Once the prompt is generated from the template generator, this
is used as the input for the LoRA tuned model. The model weights
especially tuned for the G-RAG models will be loaded with LoRA.
These weights are different from the standard inference models.
The inference parameters for each model were adjusted accord-
ingly to accommodate the additional context provided by G-RAG.
The post-processing steps for G-RAG inference are similar to those
of standard model inference, focusing on enhancing readability
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and ensuring the accuracy and uniqueness of the generated para-
phrases. By employing both standard and G-RAG augmented infer-
ence methods, we aimed to explore the differences in output quality
and relevance.

4 EVALUATION

In assessing the effectiveness of the G-RAG approach, we employed
a comprehensive evaluation strategy, encompassing both quanti-
tative and qualitative methods. Our quantitative evaluation was
grounded in the analysis of a diverse set of just more than 100,000
paraphrase pairs, carefully curated from the Wiki Answer[10],
MRPC [8], Twitter URL [20], and MSCOCO [23] datasets. This ap-
proach allowed us to gauge the models’ performance with G-RAG
and without it for both the LLM and Seq2Seq models. Complement-
ing this, our qualitative evaluation involved a dual approach: first,
engaging human annotators to provide insights on the paraphrases,
and second, utilizing an innovative evaluation methodology lever-
aging LLMs. This section details the results and insights gleaned
from this multifaceted evaluation process, which follows a gold
standard evaluation strategy that is not commonly seen in most
paraphrase generation research [54].

4.1 Quantitative Analysis

The focus of our quantitative analysis lies in determining the quality
and variety of the paraphrases. This evaluation will concentrate on
three critical aspects: similarity in semantics, diversity in syntax,
and lexical diversity.

4.1.1 Semantic Similarity: In this study, our approach to evaluat-
ing semantic similarity involves generating sentence embeddings
from both the original texts and their paraphrases using a variety
of models. The similarity between these embeddings is quantified
using the cosine similarity method. This involves computing the
scores by subtracting the cosine similarity metric from one, and
comparing the base text with its paraphrased counterpart.

For this purpose, several models have been utilized. The Ada
Score is calculated with the assistance of the text-embedding-ada-
002 model developed by OpenAlI [32]. Meanwhile, the SimCSE Score
is obtained using the sup-simcse-roberta-large model created by
SimCSE [11], and the PromCSE Score leverages the sup-promcse-
roberta-large model from PromCSE [16]. Additionally, models from
the sentence-transformers library [38] are employed in this analysis.
The Mpnet Score is extracted by using the all-mpnet-base-v1 model,
and the Roberta Score is determined through the all-roberta-large-
v1 model.

The results, as illustrated in Table 1, reveal that applying G-RAG
has not comprised the semantic similarity, and in some cases, it has
improved the model performance in this aspect. The variations in
similarity scores are minor and likely stem from lexical differences
and sentence structure differences.

4.1.2  Syntactic diversity. The concept of syntactic diversity in para-
phrasing is quantified by comparing the complexity and range of
sentence structures in a paraphrased text against the original. This
aspect, a key indicator of paraphrase quality, signifies that the
rephrased sentences exhibit not just variation but also depth in
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linguistic structure. To assess this, specific metrics that focus on
the syntactic structures of sentences are employed.

For a detailed Tree Edit Distance analysis, the "Ted-F" metric is
utilized. This involves forming constituency parse trees for both the
paraphrased and original sentences using Stanza[36]. These trees
are then converted into bracket notation using regex and the NLTK
library [3]. The comprehensive Tree Edit Distance is subsequently
computed using the APTED library [33].0On the other hand, the
"Ted-3" metric narrows its focus to the top three levels of the Tree
Edit Distance. While it follows a similar procedure to "Ted-F", it
specifically calculates the Tree Edit Distance for the tree’s first three
layers.

Employing the Kermit library [49], the "Kermit Score" is de-
rived by first calculating the cosine similarity between the syntactic
vectors of the original and paraphrased sentences. This similarity
measure is then subtracted from one, with the syntactic embeddings
being generated from the syntax trees of the sentences.

The diversity measured by the "Subtree K Score" pertains to the
Subtree Kernel. It starts by creating constituency parse trees for
both sentences using Stanza, transforming them into NLTK Tree
format, and then identifying all subtrees. The diversity score is
determined by the proportion of unique common subtrees with the
total unique subtrees, subtracted from one. Similarly, the "Node Pair
K Score" calculates Subtree Node Pair Kernel diversity, differing
from the "Subtree K Score" only in its use of node pairs rather than
subtrees.

The findings, as presented in Table 2, demonstrate that utilizing
G-RAG improves the syntactic diversity quite significantly. The
improvement is seen in both the LLM and the Seq2Seq model. Given
the improvement was achieved with no comprise in semantic simi-
larity is a huge achievement.

4.1.3 Lexical diversity. Lexical diversity refers to the variety and
range of words used in a text, reflecting the breadth of vocabulary
and the use of synonyms. This concept is particularly important in
paraphrasing, as it helps assess the extent of vocabulary variation.
To measure lexical diversity, we employed a variety of metrics.

The "BOW Overlap Score" measures the commonality of tokens
between the original and paraphrased texts. This is done by calcu-
lating the shared tokens’ proportion against the total token count
and then deducting this value from one.

The "Corpus BLEU Score" and "Corpus BLEU2 Score" are both
derived using the SacreBLEU Library [34], with the latter employing
a specific smoothing function known as "method1". Both scores are
adjusted by subtracting them from one.

Similar to the Corpus BLEU score but on a sentence level, the
"Sentence BLEU Score" is computed using the SacreBLEU Library
and then reduced by one.

The "METEOR Score", calculated with the NLTK library, and the
"ROUGE Scores" (ROUGE 1, ROUGE 2, and ROUGE L), computed
using the Google Research library”, are all adjusted by subtracting
one from each.

The "Token N/U Score" closely resembles the BOW Overlap
Score but differs slightly in its calculation. It’s based on the pro-
portion of shared tokens to the total unique tokens, with the final
value being reduced by one.

https://github.com/google-research/google-research
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Table 1: Semantic Similarity Scores Comparison of Models with and without G-RAG.

Model ADA Score (1) SimCSE Score () PromCSE Score (1) Roberta Score () Mpnet Score (1)
ChatGPT
w/o G-RAG 95.60% 91.25% 99.41% 88.23% 87.03%
w/ G-RAG 96.24% 93.14% 99.60% 90.20% 90.91%
T5 Small (Distilled)
w/o G-RAG 97.28% 94.59% 99.67% 92.77% 92.60%
w/ G-RAG 96.92% 93.85% 99.76% 92.09% 91.88%
Flan T5 Small (Distilled)
w/o G-RAG 97.75% 95.42% 99.71% 93.71% 93.69%
w/ G-RAG 96.74% 94.34% 99.66% 92.61% 92.64%
BART Base (Distilled)
w/o G-RAG 98.07% 95.77% 99.72% 94.04% 93.77%
w/ G-RAG 96.80% 95.61% 99.76% 92.98% 93.37%
Table 2: Syntactic Diversity Scores Comparison of Models with and without G-RAG.
Model Ted-F Score (1) Ted-3 Score (1) Kermit Score (1) Subtree K Score () Node Pair K Score (1)
ChatGPT
w/o G-RAG 21.24 4.53 66.94% 92.77% 79.20%
w/ G-RAG 21.29 4.48 70.88% 94.96% 84.54%
T5 Small (Distilled)
w/o G-RAG 17.29 3.99 54.89% 83.36% 66.58%
w/ G-RAG 18.45 4.23 62.97% 87.33% 73.25%
Flan T5 Small (Distilled)
w/o G-RAG 18.38 4.40 54.96% 83.23% 65.45%
w/ G-RAG 18.68 4.42 64.30% 86.55% 71.68%
BART Base (Distilled)
w/o G-RAG 23.45 5.06 61.98% 88.97% 72.30%
w/ G-RAG 23.79 5.05 65.86% 89.63% 73.31%

The "Google BLEU Score" is determined using Huggingface’s
Evaluate library®, with the score being decreased by one. Similarly,
the "TER Score" (Translation Error Rate), "WER Score" (Word Er-
ror Rate), and "CharacTER Score" (Character Error Rate) are all
calculated using the same library.

As shown in Table 3 and Table 4, the models that integrated G-
RAG show an improvement in lexical diversity. Manual inspection
further showed that the G-RAG prompt encourages the model to
generate longer paraphrases. This is especially beneficial when
dealing with data augmentation in certain domain-specific tasks.

4.2 Qualitative Analysis

To gain comprehensive insights into our model’s performance, we
undertook a qualitative analysis through two primary approaches:
evaluations by human reviewers and assessments using an LLM.

Human Evaluation: For the human evaluation, we engaged five
independent reviewers proficient in English. The task involved

8https://github.com/huggingface/evaluate
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examining 3200 pairs of paraphrases sourced from four diverse
datasets: MRPC, MSCOCO evaluation subset, Twitter URL, and
Wiki Answer. Each dataset source and model pair contributed 100
pairs, ensuring a balanced mix for each model set. The selection
was meticulously done to represent the sentence length variation
accurately across sources. The paraphrases given for human eval-
uation are a representation of the benchmark datasets used for
quantitative analysis.

Our evaluation criteria were based on a 5-point Likert scale, as
delineated in [43], focusing on Semantic Similarity, Lexical Diver-
sity, Syntactic Diversity, and Grammatical Correctness. The criteria
were defined as follows:

Semantic Similarity was rated on a scale where a score of 5
indicated a near-perfect alignment in meaning with the source text,
encompassing similar ideas, conclusions, or arguments. A score of
1, on the other hand, indicated a complete divergence in meaning,
reflecting different ideas or arguments.

Lexical Diversity was assessed with a score of 5 representing a
wide and rich vocabulary, marked by the use of diverse words, syn-
onyms, and phrases, and minimal repetition. A score of 1 indicated
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Table 3: Lexical Diversity Scores Comparison of Models with and without G-RAG (Part 1).

Model Lexical BOW (1) Corpus BLEU (1) Sentence BLEU (1) METEOR (1) ROUGE-1(f) ROUGE-2 (1)
ChatGPT
w/o G-RAG 50.55% 99.54% 84.01% 43.20% 42.56% 70.15%
w/ G-RAG 53.97% 99.60% 86.90% 45.06% 46.46% 73.79%
T5 Small (Distilled)
w/o G-RAG 35.42% 99.46% 65.79% 29.50% 28.19% 50.78%
w/ G-RAG 38.88% 99.48% 68.69% 30.66% 30.30% 52.03%
Flan T5 Small (Distilled)
w/o G-RAG 34.06% 99.48% 63.93% 27.80% 26.23% 47.05%
w/ G-RAG 39.76% 99.52% 71.28% 32.73% 33.19% 50.12%
BART Base (Distilled)
w/o G-RAG 39.49% 99.50% 75.71% 36.27% 33.51% 59.79%
w/ G-RAG 42.48% 99.53% 76.02% 36.70% 33.96% 60.82%
Table 4: Lexical Diversity Scores Comparison of Models with and without G-RAG (Part 2).
Model ROUGE-L (1) Token Intersection (1) Translation Edit Rate () Word Edit Rate (f) CharacTER (1)
ChatGPT
w/o G-RAG 54.17% 62.93% 63.05 77.44 77.90
w/ G-RAG 56.85% 66.09% 66.11 78.06 85.95
T5 Small (Distilled)
w/o G-RAG 42.17% 43.52% 49.05 66.83 54.80
w/ G-RAG 43.14% 48.60% 50.13 67.15 57.50
Flan T5 Small (Distilled)
w/o G-RAG 41.98% 40.94% 48.77 69.97 56.02
w/ G-RAG 43.76% 51.48% 51.84 68.84 63.31
BART Base (Distilled)
w/o G-RAG 52.11% 49.68% 59.23 82.47 68.00
w/ G-RAG 52.89% 54.17% 59.44 73.65 68.95

a narrow range of vocabulary, characterized by repetitive usage of
limited words or phrases.

Syntactic Diversity was measured where a score of 5 denoted
significant variation in sentence structures, including a mix of sen-
tence types, lengths, and constructions. A score of 1 suggested
little to no variation in sentence structure, with reliance on limited
sentence forms and frequent repetition.

Grammatical Correctness was evaluated with a score of 5 repre-
senting flawless grammar, including accurate punctuation, spelling,
and syntax. Conversely, a score of 1 indicated substantial grammat-
ical errors that impacted understanding, such as frequent mistakes
in spelling, punctuation, or syntax.

The guidelines provided to the human reviewers are detailed in
Fig. 4. It’s important to note that while grammatical correctness is
often assessed in similar research, it’s particularly vital in evaluating
the efficacy of paraphrasing. The results from this human evaluation
are compiled in Table 5. The results further prove that using G-
RAG has indeed enhanced the model performance to generate more
high-quality paraphrases that are diverse.
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4.2.1 LLM Evaluation: The recent surge in the application of LLMs
for NLP evaluations is noteworthy. As highlighted in [27], LLMs
have shown superior capabilities over traditional reference-free
metrics, leading to their increased adoption in NLP research. Our
study aligns with this trend, incorporating an LLM-based evaluation
method, specifically utilizing the gpt-4 model from OpenAl, which
was at the forefront of LLM technology during our research period
[31].

For our LLM evaluation, the dataset used mirrored that of the
human evaluators. To ensure consistency and a level playing field
with the human evaluation, we carefully crafted the LLM prompts,
replicating the guidelines provided to human annotators. These
prompts are detailed in Fig. 3.

This methodological innovation in our research could signifi-
cantly influence future studies in this domain. It underscores the
importance and potential of LLMs in NLG evaluations, offering in-
sights for future research and advancements in evaluation methods.
The results derived from this LLM evaluation are presented in Table
6.
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Table 5: Results of Human Evaluation on Models with and without G-RAG.

Model Semantic Similarity (1) Lexical Diversity (1) Syntactic Diversity () Grammatical Correctness ()
ChatGPT

w/o G-RAG 4.33 3.43 3.26 4.97

w/ G-RAG 4.40 3.58 3.37 4.96
T5 Small (Distilled)

w/o G-RAG 4.21 3.23 2.95 4.83

w/ G-RAG 4.22 3.35 3.01 4.88
Flan T5 Small (Distilled)

w/o G-RAG 4.05 3.19 2.83 4.74

w/ G-RAG 4.20 3.32 3.04 4.86
BART Base (Distilled)

w/o G-RAG 4.20 3.25 3.16 4.89

w/ G-RAG 4.19 3.30 3.20 4.88

Table 6: Results of LLM Evaluation on Models with and without G-RAG.

Model Semantic Similarity () Lexical Diversity (1) Syntactic Diversity () Grammatical Correctness (1)
Original Dataset 3.40 2.83 2.88 4.37
ChatGPT

w/o G-RAG 4.82 3.51 3.85 4.89

w/ G-RAG 4.85 3.60 3.89 4.90
T5 Small (Distilled)

w/o G-RAG 4.51 2.48 3.20 4.68

w/ G-RAG 4.44 291 3.36 4.82
Flan T5 Small (Distilled)

w/o G-RAG 4.26 2.20 2.85 4.41

w/ G-RAG 4.33 3.01 3.41 4.78
BART Base (Distilled)

w/o G-RAG 4.75 2.63 3.41 4.69

w/ G-RAG 4.70 2.89 3.63 4.71

5 DISCUSSION

The introduction of the G-RAG approach in paraphrase genera-
tion has demonstrated notable improvements in various aspects
of language model performance in paraphrase generation. The re-
sults from both quantitative and qualitative evaluations indicate
that G-RAG enhances syntactic diversity, and lexical diversity in
the generated paraphrases while retaining semantic similarity and
in some cases enhancing that too. One of the key findings is the
consistent improvement is that improvement is seen across varied
model sizes where it was integrated into an LLM and also several
Seq2Seq models which are in comparison small to the LLM. The
ranking mechanism that utilizes the priority function, confidence
scores, and contextual similarity helps rank the most appropriate
knowledge to be integrated into the model. The flexibility of G-RAG
is most effective when dealing with limited model context sizes,
where only limited knowledge can be integrated. All of the models
irrespective of size saw an improvement with the utilization of
G-RAG.
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In our analysis, a comprehensive set of evaluation metrics was
utilized to thoroughly examine the different facets of the para-
phrases produced. We adopted this multi-metric approach acknowl-
edging that relying solely on a single metric might not adequately
reflect the true effectiveness of a paraphrase. This is because single
metrics often concentrate on just one aspect of the paraphrase.
This consideration underscores a significant and ongoing research
challenge. Relying on metrics that are either inappropriate or too
narrow can result in a misleading interpretation of a model’s ca-
pabilities. Future studies, therefore, should focus on creating an
all-encompassing metric that can more comprehensively assess the
quality of paraphrases. The development of such a metric would
not only yield a more accurate evaluation of model performance but
also significantly contribute to progressing the field of paraphrase
generation.

Interestingly, the improvement in lexical diversity hints at G-
RAG’s potential to aid models in avoiding common pitfalls like
repetitive or overly simplistic language use. Additionally, manual
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observations show that it can be used for improving domain rele-
vance as well. The knowledge integration of G-RAG is optimally
used with the help of the ranking mechanism and fitting as much
information as possible with respect to the model context size. The
flexibility of the knowledge extractor and ranking mechanism al-
lows newer research to use other data sources like ontologies in
the future.

Conducting a long-term study to assess the impact of G-RAG
on model learning and adaptation over time would provide valu-
able insights into the sustainability and evolution of this approach
would be valuable. Finally, extending G-RAG to support multiple
languages and evaluating its effectiveness in cross-lingual contexts
could greatly enhance its applicability in global settings.

6 CONCLUSION

This study has successfully demonstrated the efficacy of Graph-
Based Retrieval Augmented Generation (G-RAG) in enhancing the
quality and domain relevance of paraphrase generation. Through
our innovative approach, both LLMs and smaller Seq2Seq mod-
els have shown marked improvements in generating diverse para-
phrases while maintaining semantic accuracy. Particularly notewor-
thy is the ability of G-RAG to incorporate domain-specific knowl-
edge, significantly broadening the applicability of our methodology
across various fields. G-RAG is able to maximize the amount of
knowledge integrated into the models, with respect to varying
model context window sizes and it integrates the most appropriate
information with the help of a unique ranking mechanism. Rigorous
evaluation through a blend of human judgment and quantitative
analysis has validated the improvement of our models in lexical
richness, and syntactic variation. This research not only addresses
existing challenges in paraphrase generation but also sets a new
benchmark for future developments in this critical area of NLP and
NLG.
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A KNOWLEDGE BASE DASHBOARD

Knowledge Graph Analytics
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Figure 2: NeoDash Visualization of the Knowledge Base and Atrributes for G-RAG Integration
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B QUALITATIVE EVALUATION INSTRUCTIONS

Source Text: $source_text

Paraphrase: $paraphrase

Please evaluate the following aspects of the paraphrase in comparison to its source text on a likert scale of
1to 5, where:

Semantic Similarity: This refers to how closely the meaning of the paraphrase matches the meaning of the
source text.

Rating Scale for Semantic Similairty

1: The paraphrase has a completely different meaning or is unrelated to the source text.

2: The paraphrase has a somewhat different meaning from the source text

3: The paraphrase captures the general idea of the source text, but some details or nuances are missing.
4: The paraphrase largely captures the meaning of the source text but may have slight differences in
wording or expression.

5: The paraphrase has an identical or nearly identical meaning to the source text.

Lexical Diversity: This aspect evaluates the range and richness of vocabulary used in the paraphrase,
considering its comparison to the source text.

Rating Scale for Lexical Diversity

1: The paraphrase shows a limited use of words and lacks diversity when compared to the source text.

2: The paraphrase exhibits some variation in word choice but heavily relies on a few specific terms, which
may not reflect the lexical diversity of the source text.

3: The paraphrase demonstrates moderate diversity in vocabulary, but there is room for improvement in
terms of incorporating more varied word choices from the source text.

4: The paraphrase displays a good range of vocabulary, utilizing several different words and expressions
that align with the lexical diversity of the source text.

5: The paraphrase showcases an extensive array of vocabulary, demonstrating excellent lexical diversity
that closely matches or surpasses the richness of the source text.

Syntactic Diversity: This aspect assesses the structural variations in the paraphrase compared to the
source text.

Rating Scale for Syntactic Diversity

1: The paraphrase closely mirrors the sentence structure of the source text with minimal variation.

2: The paraphrase shows some minor changes in sentence structure but largely follows the same pattern as
the source text.

3: The paraphrase introduces moderate variations in sentence structure, deviating from the structure of the
source text in certain aspects.

4: The paraphrase exhibits significant syntactic diversity, using different sentence structures while still
conveying the same meaning as the source text.

5: The paraphrase displays a high level of syntactic diversity, employing various sentence structures
creatively while maintaining the meaning of the source text.

Grammatical Correctness: This evaluates the grammatical accuracy of the paraphrase.

Rating Scale for Grammatical Correctness

1: The paraphrase contains numerous grammatical errors that significantly impact comprehension.

2: The paraphrase has several grammatical errors that occasionally affect understanding.

3: The paraphrase includes some grammatical errors, but they do not hinder overall comprehension.

4: The paraphrase demonstrates good grammatical correctness with only occasional minor errors.

5: The paraphrase is grammatically flawless, with no errors or inaccuracies.

Please provide your ratings for each aspect using the following json format:

{"Semantic Similarity": [Rating from 1 to 5],

"Lexical Diversity": [Rating from 1 to 5],

"Syntactic Diversity": [Rating from 1 to 5],

"Grammatical Correctness": [Rating from 1 to 5]}

Figure 3: Prompt used during LLM Evaluation Process
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Instructions for the Annotation Task

Task Overview

In this annotation task, your objective is to evaluate a paraphrase in comparison to a given
source text. The paraphrase should be rated on four criterias using a scale of 1 to 5.

Breakdown of the Task and Rating Scales

Provide ratings for the paraphrases on a scale of 1 to 5 in comparison to its source text on four
key criterias.The criterias are Semantic Similarity, Lexical Diversity, Syntactic Diversity, and
Grammatical Correctness. Below is a breakdown of each criterion and its rating scale.

Semantic Similarity: This refers to how closely the meaning of the paraphrase matches the
meaning of the source text.

Rating Scale for Semantic Similairty

1: The paraphrase has a completely different meaning or is unrelated to the source text.
2: The paraphrase has a somewhat different meaning from the source text
3: The paraphrase captures the general idea of the source text, but some details or nuances are
missing.
4: The paraphrase largely captures the meaning of the source text but may have slight
differences in wording or expression.
5: The paraphrase has an identical or nearly identical meaning to the source text.

Lexical Diversity: This aspect evaluates the range and richness of vocabulary used in the
paraphrase, considering its comparison to the source text.

Rating Scale for Lexical Diversity

1: The paraphrase shows a limited use of words and lacks diversity when compared to the
source text.
2: The paraphrase exhibits some variation in word choice but heavily relies on a few specific
terms, which may not reflect the lexical diversity of the source text.
3:The ate: diversity in vocabulary, but there is room for
improvement in terms of incorporating more varied word choices from the source text.
4: The paraphrase displays a good range of vocabulary, utilizing several different words and
expressions that align with the lexical diversity of the source text.
5: The paraphrase showcases an extensive array of vocabulary, demonstrating excellent lexical
diversity that closely matches or surpasses the richness of the source text.

Syntactic Diversity: This aspect assesses the structural variations in the paraphrase compared
to the source text.

Rating Scale for Syntactic Diversity

1: The paraphrase closely mirrors the sentence structure of the source text with minimal
variation.
2: The paraphrase shows some minor changes in sentence structure but largely follows the
same pattern as the source text.
3: The paraphrase introduces moderate variations in sentence structure, deviating from the
structure of the source text in certain aspects.
4: The paraphrase exhibits significant syntactic diversity, using different sentence structures
while still conveying the same meaning as the source text.
5: The paraphrase displays a high level of syntactic diversity, employing various sentence
structures creatively while maintaining the meaning of the source text.

Ce : This the ical accuracy of the p
Rating Scale for Grammatical Correctness

1: The paraphrase contains numerous grammatical errors that significantly impact
comprehension.

2: The paraphrase has several grammatical errors that occasionally affect understanding.
3: The paraphrase includes some grammatical errors, but they do not hinder overall
comprehension.
4:The good gr: al correctness with only occasional minor
errors.

5: The paraphrase is grammatically flawless, with no errors or inaccuracies.

Once you have read the intructions and are clear with the task at hand. Switch to the
Annotation Sheet in this excel file.

Figure 4: Instruction Sheet given to Human Evaluators
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