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Exploring the Capabilities of ChatGPT in Machine Translation

Abstract

Amidst the growing interest in Al-driven language models and their extensive application in translation
tasks, this study seeks to provide empirical insights into ChatGPT’s efficacy as a machine translation tool
specifically for the Greek language, a low-resource language. Furthermore, this research explores the
potential optimization of the model’s translation capabilities through the implementation of various
prompting strategies. The evaluation framework employed in this study involves a multifaceted
approach, combining human evaluation and automatic evaluation metrics across diverse text domains.
The primary objectives of this study are to assess the machine translation capabilities of ChatGPT,
identify optimal prompting strategies that enhance the quality of the model’s translation outputs and

evaluate its potential for professional utilization within the translation industry.
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1. Introduction

In recent years, the rapid progression of Artificial Intelligence (Al) and Natural Language
Processing (NLP) has ushered in the development of advanced Large Language Models (LLMs), capable
of performing a wide array of sophisticated tasks. Among these advancements, the advent of ChatGPT in
2022 marked a significant milestone in the field of LLMs and generative Al, exemplifying the rapid
evolution of chatbot technology. Despite the ongoing debates concerning its usability, ChatGPT quickly
garnered tremendous interest from researchers and professionals alike, owing to its multifaceted
capabilities. One particularly intriguing aspect of ChatGPT is its potential in multilingual applications and
Machine Translation (MT), which sparked significant interest within the field of translation studies and

translation industry.

The primary objective of this research is to explore ChatGPT'’s efficacy as a MT tool, with a
specific focus on discovering whether the model is capable of delivering high-quality translations for the
Greek language. Furthermore, we have experimented with optimization prompting strategies aiming to
enhance the quality of machine-generated translations. Our research entailed a comprehensive
evaluation of the model through both theoretical and practical lenses, employing both human evaluation
and automatic evaluation metrics, allowing us to gain deeper insights into the model's translation

capacity, common errors, and potential applications in the translation industry.

To establish a solid foundation for our research and form our expectations accordingly, we
conducted an extensive analysis of ChatGPT’s operational framework, strengths, limitations, and various
applications. This analysis was supplemented by a thorough review of related studies on ChatGPT’s MT
capabilities, with particular attention to prompting techniques and challenges associated with low

resource languages, which are pertinent to our investigation.
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2. ChatGPT

The conversational artificial intelligence (Al) chatbot, ChatGPT?, stands out as a notable exemplar
of the advancements in the field of Natural Language Processing (NLP), and a significant milestone in the
evolution of Al. Following its launch in November 2022 by OpenAl?, it has accumulated a user base
exceeding 180 million individuals, with its official website now recording an average of 1.6 billion
monthly visits in 2024 (Duarte, 2024). The fast-growing Al platform continues to attract attention, and it
has gained unprecedented popularity across diverse user demographics, ranging from individual
consumers to large-scale enterprises. Notably, the scientific and academic communities have shown
significant interest in the research surrounding the development and various applications of ChatGPT.
Ray (2023) clarifies that by “March 2023 more than 3000 articles, reports, news have been published in
various journals, conferences, newspapers, blogs and media reports,” as documented by Google Scholar

(p. 122).

ChatGPT is a sophisticated and versatile Al chatbot that is trained to interpret instructions
provided in prompts and generate contextually appropriate responses in a conversational manner,
allowing it to assist in diverse text-based tasks and applications, and adapt to a variety of contexts and
styles (Ray, 2023; Nazir & Wang, 2023). The term “chatbot” refers to an autonomous computer program
designed to interact with users and simulate human conversation through a user-friendly interface by
responding accordingly to text or voice-to-text input. ChatGPT 3.5 chatbot is equipped with a
conversational and easily accessible interface tailored for internet users, and its open-access website
enables extensive individual utilization, thereby offering the crowd the opportunity to engage with Al

applications. With its already advanced technology and impressive performance, ChatGPT holds the

1 ChatGPT. (n.d.). OpenAl. https://openai.com/chatgpt/
2 OpenAl. (n.d.). https://openai.com
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potential to redefine human-machine interactions and provide alternative solutions for facilitation across

real-world scenarios.

ChatGPT is based on the Generative Pre-Trained Transformer (GPT) architecture for language
model development, which is typically used for natural language processing tasks like text generation
and language understanding. It is important to highlight the disparity between the architecture of GPT
models, and Generative Adversarial Network (GAN) models which are primarily used for image
generation (Ray, 2023). These differences extend beyond their respective applications and pertain to
their structural and functional features. In the context of GPT architecture, ChatGPT 3.5 was developed
as an advancement of its predecessors, earlier versions of GPT models developed by OpenAl, and serves
as a direct progression of the InstructGPT language model, incorporating improvements in adaptability
and functionality (Ouyang et al., 2022). Notable features that distinguish ChatGPT from initial GPT
models include its dialogue-based format and its fine-tuning with the employment of both supervised

learning and Reinforcement Learning from Human Feedback (RLHF) (Ray, 2023, p. 125).

Since its release, ChatGPT has emerged as an efficient tool with extraordinary performance in
task resolution, successfully assisting in a variety of applications including data analysis, content
generation, machine translation, education and healthcare assistance. Despite the significant challenges
and ethical concerns that prevail in preliminary evaluation studies, the renowned chatbot exhibits the
potential to surpass them. Following the employment of GPT-43 architecture in the platform in March
2023, ChatGPT’s overall performance was significantly boosted, allowing it to unveil heightened
capabilities and undertake more sophisticated tasks (Jiao et al., 2023). Even though the software upgrade
would provide our research with deeper insights into the chatbot’s outputs and capabilities, we

considered evaluating the earlier version of ChatGPT due to its accessibility to professionals, thereby

3 GPT-4. (n.d.). OpenAl. https://openai.com/index/gpt-4/
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facilitating extensive assessment of a widely available tool. This section aims to provide an in-depth
overview of ChatGPT, delving into its background, operational framework, strengths, limitations, and

applications.

2.1 Origins of ChatGPT

As previously noted, ChatGPT stands as one of the latest groundbreaking creations of OpenAl,
representing a significant milestone in the organization’s line of work. OpenAl is an Al research
organization that was founded in 2015 by Elon Musk, Sam Altman, and other investors and is now
headquartered in San Francisco. Within the broader framework of developing Artificial General
Intelligence (AGI)* for the benefit of humanity, OpenAl’s primary objective is to facilitate the progression
of Al by empowering researchers and developers with tools and resources to effectively innovate in Al
technologies while fostering a safe and beneficial environment for Al utilization (Alawida et al., 2023;
Ray, 2023). Since its inception in the field of Al, OpenAl has garnered significant support and investment,
facilitating the production of innovative applications that extend beyond NLP. At the forefront of its
development initiatives is the creation of the novel series of GPT language models, which sequentially
encompass GPT-1, GPT-2, GPT-3, GPT-3.5, and GPT-4. Most of these versions and similar affiliated models
are accessible through the OpenAl Application Programming Interface (API)®, which enables developers
to integrate them into their applications and services. In this way, users can easily apply the Al
technology provided by OpenAl for their tasks on “a general-purpose text-in and text-out cloud platform”

(Lisowski, 2024). In this context, the OpenAl API gives access to a range of pre-trained Al models, each

4 Artificial General Intelligence (AGI) is the science-fiction version of artificial intelligence (Al), where artificial machine
intelligence achieves human-level learning, perception, and cognitive flexibility (Mucci & Stryker, 2024).

> The OpenAl Application Programming Interface (API) serves as a gateway for developers to access OpenAl’s pre-trained Al
models, including versions of GPT and others, via a cloud-based service hosted on Microsoft Azure. It allows easy integration of
OpenAl’s Al capabilities into various applications and services (Lisowski, 2024).
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with distinct capabilities, which extend beyond the different versions of GPT. Presented below is a brief

description of several noteworthy and innovative models developed by OpenAl in recent years.

(1)

(2)

DALL-E: In January 2021, OpenAl released DALL-E®, a transformer language model that
utilizes the capabilities of GPT-3 in a multimodal setting as it is trained to generate and
modify images based on natural language input prompts (Roumeliotis & Tselikas, 2023). A
year later, in April 2022, OpenAl launched its successor DALL-E 27, and in 2023 its latest and
more advanced version DALL-E 3% which was integrated with Chat-GPT. Through these
iterative upgrades, the model is now capable of demonstrating incredible results in image
generation, visual quality, and adherence to prompt semantics, effectively overcoming the
substantial errors of its predecessors (O'Connor, 2023). Notably, these advancements also
include the incorporation of ethical guidelines designed to limit the generation of violent
and adult content and the production of images that resemble the style of living artists.
Whisper: Whisper? is an advanced Automatic Speech Recognition (ASR) model designed for
the multilingual transcription and translation of spoken language. Since its release in 2022,
the model has been trained on 680,000 hours of diverse speech datasets, enabling it to
achieve human-like accuracy in speech recognition. Whisper’s exceptional performance
includes its ability to recognize various languages and accents, distinguish audio amidst
background noise, and decipher fast speech. Nevertheless, the model is primarily English-
centric, and its performance remains suboptimal in speech recognition and translation for

low-resource languages (Radford et al., 2022).

6 DALL-E: Creating images from text. (2021, January 5). OpenAl. https://openai.com/index/dall-e/
7 DALL-E 2. (n.d.). OpenAl. https://openai.com/index/dall-e-2/

8 DALL-E 3. (n.d.). OpenAl. https://openai.com/index/dall-e-3/

% Introducing Whisper. (2022, September 21). OpenAl. https://openai.com/index/whisper/
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(3) GPT-40: GPT-40° (omni) is the latest addition to OpenAl’s Al language models, released in
May 2024, and represents a significant advancement in Al technology. The model is
introduced as an enhanced version of ChatGPT, branded as an all-in-one multimodal model
capable of receiving text, audio, and image inputs and responding with a combination of
text, images, and audio, thereby creating an immersive environment for natural human-
computer interaction. The significant upgrades of GPT-40 over its previous versions mainly
include improved processing and response speed, advanced translation capabilities,
emotional intelligence, and an enhanced understanding of text, vision, and audio (Guinness,

2024).

2.2 The Evolution of Large Language Models and Generative Pre-trained Transformers

To evaluate the role of ChatGPT, organize our research, and form our expectations accordingly,
we consider it essential to examine its development process and operational architecture. ChatGPT and
its predecessors fall within the broad field of Generative Al, defined as “a class of artificial intelligence
models that can create new data based on patterns and structures learned from existing data” (Ray,
2023, p. 121). Generative Al models, which have now become mainstream, are engineered to employ
deep learning methods and neural network architecture to process and produce original content that

closely resembles human-like outputs.

A specific subset within Generative Al models comprises Large Language Models (LLMs) which
are primarily focused on Natural Language Processing (NLP) tasks. LLMs undergo training on immense
amounts of text data to understand and generate natural language based on their training,

revolutionizing the field of NLP by reaching unprecedented levels of quality in human language

10 Hello GPT-40. (2024, March 13). OpenAl. https://openai.com/index/hello-gpt-40/
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processing. These models are designed to handle language in a similar way humans do and are capable
of performing countless language-related tasks, such as translation, summarization, and question
answering, without task-specific training (Ray, 2023, p. 134). Their dominance in their field is attributed
to their large scale, in terms of the corpus size and the number of parameters (model size) they are
trained on. LLM parameters are the processing guidelines that define how the model converts input data
into output data, thereby influencing the manner in which input features affect the final output. The
increasing number of parameters in an LLM broadens its spectrum of patterns, thereby advancing its
complexity, diversity, and ability to predict and learn more comprehensively (Broadhead, 2023).
However, the proficiency of LLMs is not entirely contingent on high parameter count but also depends
on the quality and diversity of parameters, giving the model the ability to better navigate a wide range of
sophisticated contexts and inputs. Notwithstanding specific ethical and interpretative challenges, LLMs
are constantly evolving, demonstrating the potential to overcome past limitations and achieve new

milestones.

Generative Pre-trained Transformers (GPT), a prominent subcategory of LLMs, have dominated
the landscape since they were introduced by OpenAl in 2018. Before delving into GPT models’ workflow,
it is crucial to understand the origins of their architecture and their evolutionary progress over the years.
The introduction of transformer architecture by Vaswani et al. in 2017 marked the starting point of the
models’ development and addressed the inherent limitations of conventional language models such as
Recurrent Neural Networks (RNNs) and Convolutional Neural Networks (CNNs). The transformer
architecture is esteemed for its aptitude “to maintain contextual understanding and capture extended-
range dependencies in text data, which is indispensable for tasks such as language modeling and text
generation” (Roumeliotis & Tselikas, 2023, p. 3). The architecture is structured based on the employment

of a series of transformer blocks (encoder and decoder blocks), each comprising a self-attention
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mechanism and a feedforward neural network. The incorporation of self-attention mechanisms allows

the models to evaluate the significance of different words (tokens) in a sentence according to their

contextual relevance. On the other hand, the feedforward network grants the models the ability to

comprehend non-linear correlations between input and output (Roumeliotis & Tselikas, 2023, p. 3).

ChatGPT’s foundations lie in the GPT architecture, which is built upon the aforementioned

transformer technology. The series of GPT models are designed to generate natural language output

closely similar to human language, a feat facilitated by their innovative training approach that is based

on unsupervised pre-training followed by supervised fine-tuning.

Pre-training: One of the fundamental attributes of GPT models is their ability to undergo large-
scale pre-training, enabling them to be exposed to vast datasets consisting of billions of tokens,
utilizing advanced computational resources. During the pre-training phase, GPT models are
trained on extensive corpora of text data (e.g., webpages, books) in an unsupervised mode,
meaning that they do not require explicit labels or annotations for the training data (Ray, 2023,
p. 123). Through this process, the models learn to predict the next word in a sequence based on
a context window of preceding words, a task referred to as language modeling. Consequently,
the models develop the capability to identify and generalize linguistic patterns and structures,
having been exposed to a diverse and rich array of language representations (Nazir & Wang,
2023, p. 2).

Fine-tuning: Following the initial phase of unsupervised training, fine-tuning is the technique
employed to improve the performance of GPT models on specific downstream tasks. This
process involves the adjustment of the models using a smaller, labeled dataset to improve their
specialization and efficacy in particular tasks, such as text summarization or question answering.

The fine-tuning dataset modifies the models’ weights and biases, aligning them more closely
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with the task requirements, in an attempt to reduce the discrepancy between the models’
predictions and actual targets for the task (Ray, 2023, p. 123). This task-specific training of GPT
models enhances their understanding of linguistic nuances relevant to the target task, allowing
them to adapt while retaining the foundational knowledge gained during their pre-training on

large and generic datasets.

The progressive evolution of GPT architecture has led to the creation of a powerful series of

language models by OpenAl. With each version, gradual improvements and modifications have resulted

in increasingly enhanced and contextually aware models, ultimately leading to the development of

specialized variants like ChatGPT. Shortly described below is a brief overview of GPT iterations over the

years.

(1)

(2)

GPT-1: Introduced by OpenAl in 2018, GPT-1 laid the groundwork for the development of its
successors by demonstrating notable performance despite its early technological framework.
GPT-1 was based on a transformer architecture and proved that large-scale unsupervised pre-
training can produce language models competent in handling a variety of NLP tasks with minimal
fine-tuning. The model, comprising 117 million parameters — a relatively small number
compared to subsequent GPT versions — was pre-trained on an extensive corpus of text data that
included books, webpages, and articles (Ray, 2023, p. 123). Despite its limited size, GPT-1
exhibited remarkable capabilities in a wide range of NLP tasks and text generation, thereby
establishing the foundation for the development of subsequent GPT models.

GPT-2: Building on the foundation established by GPT-1, OpenAl released GPT-2 in 2019,
significantly increasing the model’s size and enhancing its performance. GPT-2 featured 1.5
billion parameters and was trained on a more extensive and diverse dataset, enabling it to

capture a broader spectrum of linguistic knowledge. The model outperformed its predecessor by
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(3)

generating more realistic and contextually relevant text that closely resembled human-produced
content (Roumeliotis & Tselikas, 2023, p. 4). GPT-2’s proficiency in understanding and generating
high-quality natural language showcased the versatility of LLMs and raised awareness about the
ethical concerns related to the potential benefits and risks associated with Al language models.
Specifically, the model's capabilities sparked discussions about potential misuse, such as the
production of misleading and harmful content, and underscored the necessity for research
aimed at minimizing such risks, thereby endorsing responsible Al development (Ray, 2023, p.
123).

GPT-3: The third version in the GPT series, GPT-3, was launched in 2020 and marked a significant
improvement over GPT-2 in terms of both scale and performance. Containing 175 billion
parameters, GPT-3 was pre-trained on a massive dataset called WebText2, which included a
diverse array of sources such as web pages, articles, and books (Ray, 2023, p. 127). It was the
first model to be made accessible through the OpenAl APl and due to its considerable size and
complexity, GPT-3 exhibited impressive flexibility and adaptability across a wide range of NLP
tasks, including language translation and code generation, with minimal fine-tuning required
(Nazir & Wang, 2023). The model significantly excelled in generating high-quality natural
language text that was more coherent, contextually aware, and realistic, even demonstrating
rudimentary reasoning skills (Ray, 2023, p. 127).

GPT-3 introduced several innovative features, including multitask learning, which
enabled the model to simultaneously perform multiple tasks. Moreover, GPT-3 was designed to
perform tasks with minimal task-specific data by effectively leveraging few-shot learning
techniques. In other words, the model could adapt to new tasks with just a few examples (few-
shot), a single example (one-shot), or even no examples (zero-shot), relying solely on its

extensive pre-training dataset (Yang et al., 2022).
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(4)

Building upon the technological foundation and success of GPT-3, OpenAl released
InstructGPT in 2022, a conversational Al language model that demonstrated improved
performance in multiple aspects. This model was engineered to understand and generate user
instructions, aiming to provide precise responses without the need for carefully crafted prompts
as required by earlier GPT models. InstructGPT was specifically developed to address ethical
concerns associated with GPT-3, striving to align language models more closely with user intent
and produce content of heightened accuracy and reduced harmful content (Chan, 2022, p. 53).
The model was built upon a fully trained GPT-3 model and underwent an additional training
phase known as Reinforcement Learning from Human Feedback (RLHF). InstructGPT paved the
way for the development of ChatGPT and is considered a significant milestone in the evolution of
GPT models.

GPT-4: 1n 2023, OpenAl published the latest variant of its GPT language models, GPT-4, which
was integrated into the ChatGPT platform (OpenAl et al., 2023). The new model is significantly
more efficient than GPT-3, displaying human-like performance in several complex tasks within
professional and academic domains (Ray, 2023). GPT-4 was branded as a multimodal model,
capable of receiving both text and image inputs. Since its release, it has proven to be a versatile
and competent tool, demonstrating advanced accuracy and creativity in real-world scenarios and
complex questions, surpassing prior GPT variants. Among GPT-4’s most impressive features are
its enhanced capabilities for sentimental analysis, multitasking, and handling of dialects
(Alawida, 2023, p. 9). The training and fine-tuning techniques applied to GPT-4 are similar to
those used for GPT-3, with the primary difference being the parameter count; GPT-4 contains
1.76 trillion parameters. OpenAl has made noteworthy progress in scaling up deep learning,

having developed the largest language model to date. Additionally, GPT-4 has been carefully
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designed with a stronger emphasis on ethical considerations, incorporating mechanisms to

promote responsible Al usage and limit biases.

Model Year Parameters Training Data RLHF Features
GPT-1 2018 117 million WebText No NLP tasks, text comprehension and generation
(4.5 GB)
GPT-2 2019 1.5 billion WebText No Advanced contextual understanding, realistic text
(40 GB) generation quality (human-like)
GPT-3 2020 175 billion WebText2, No Complex NLP tasks, more advanced contextual
Wikipedia, understanding, enhanced text generation quality,
Common Crawl reasoning capabilities, multitask learning,
(570 GB) few-shot and zero-shot learning
InstructGPT 2022 1.3 billion Variant of GPT-3 Yes Superior at following and generating
(size can vary) (570 GB) instructional text, alignment with human intent,
advanced contextual understanding and
appropriateness of responses due to RLHF
GPT-3.5 2022 6.7 billion Variant of GPT-3 Yes Improved alignment with human intent,
(570 GB) suitable for interactive applications,
enhanced text generation quality
with fewer parameters,
focus on safety and human values
GPT-4 2023 1.76 trillion Published and Yes More complex NLP tasks, advanced reasoning

Licensed data
(17TB)

capabilities, improved coherence and contextual
relevance, sentiment analysis, expanded
multilingual understanding, specialization across

diverse domains, emphasis on ethical concerns

Table 1: GPT models

2.3 Overview and Operational Framework of ChatGPT

ChatGPT is a form of conversational Al, a rapidly evolving technological field that combines

machine learning and Natural Language Processing (NLP) to imitate human interactions. The

development of this chatbot was inspired by InstructGPT, which is a structurally similar model with

essential functional differences. Both are conversational Al models and variants of the GPT-3 model, but

they differ in their applications, training data, and interaction style. InstructGPT is designed to generate

instructional text and provide users with stepwise guidance for executing various tasks, while ChatGPT is

a conversation-oriented and flexible agent, able to facilitate more natural and flowing interactions and

execute a wider variety of text-based tasks (Alawida et al., 2023).
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OpenAl released ChatGPT in 2022 and branded the chatbot as a language model that can
interact conversationally (Introducing ChatGPT, 2022). However, it is crucial to distinguish the language
model from the ChatGPT website and its additional features!. ChatGPT is not a Large Language Model
(LLM) itself, but an application powered by the GPT model behind it and displayed in the form of a
chatbot website that is provided with extra components (e.g., chatbot interface, chat history) in order to

be marketable and user-friendly.

ChatGPT is an Al conversational application that generates human-like responses to user inputs
and proficiently executes NLP tasks in an interlocutory setting. It is based on the GPT-3.5 architecture, a
smaller, adapted version of the GPT-3 language model, modified to align with human intent. Despite
having 6.7 billion parameters, significantly fewer than GPT-3 (175 billion), GPT-3.5 excels at text
generation, classification, and language modeling. The employment of GPT-3.5 architecture for ChatGPT
aims to ensure a safer and more natural application of Al technology, by conforming to policies that

prioritize human values in order to overcome past ethical concerns.

InstructGPT ChatGPT

Figure 1: Stages of evolution

11 In this paper, ChatGPT will be referred to as “model” for practical reasons, often indicating the chatbot’s underlying GPT
architecture.
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ChatGPT 3.5 acquires the characteristics of GPT architecture and “is developed through a two-
phase process of supervised pre-training followed by supervised fine-tuning” (Roumeliotis & Tselikas,
2023, p. 1). During the pre-training phase, the model is trained on a massive corpus of raw, unlabeled
text data in an unsupervised mode, utilizing innovative training algorithms. ChatGPT is strategically
trained on selected corpora which entail conversations, reviews, social media texts, articles and more, as
a way of optimizing the model for dialogue and interactive utilization. In this way, the model learns to
predict the next word in a sentence based on a context window of preceding words, a task referred to as
language modeling. This process enables ChatGPT to obtain a deep understanding of the structure of
natural language, capturing its patterns, nuances, and complexities (Roumeliotis & Tselikas, 2023, p. 2).
Thus, the unique training method of ChatGPT equips the model with the ability to process intricate and
ambiguous contexts, generate accurate responses to diverse topics and maintain context in

conversational settings.

ChatGPT, like InstructGPT, excels in interactive settings due to its unique methodology of
supervised fine-tuning that incorporates human guidance into its learning process. The pre-trained GPT-
3.5 model is fine-tuned using extensive Reinforcement Learning from Human Feedback (RLHF), a
multiphasic method designed to optimize the model’s machine learning algorithms (Zhou et al., 2023, p.
4). This process begins with supervised fine-tuning on a curated dataset, where Al trainers provide
conversational prompts and assist the model in composing responses based on model-generated
suggestions (Nazir & Wang, 2023, p. 3). The second phase of RLHF involves collecting direct human
feedback from Al trainers, such as quality rankings of outputs, in order to train a rewards model. This
rewards model, a necessary component for the process, is heavily dependent on its human-provided
training data to emulate a human evaluator. Its primary objective is to convert qualitative human

evaluations into quantitative scores, enabling the model to learn to assess new outputs and generate
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more desirable, human-favored responses (Bergmann, 2023). Finally, the rewards model is utilized

alongside a reinforcement learning? algorithm, Proximal Policy Optimization®® (PPO), to further fine-

tune ChatGPT. This process enhances the coherence, relevance, and overall quality of the outputs to

align with human preferences (Alawida et al., 2023, p. 4).
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Understanding the architectural basis of ChatGPT provides deeper insights into the computational

mechanisms that facilitate the model’s extraordinary performance. Within the rapidly evolving Al

landscape, ChatGPT remains among the leading conversational Al models of recent years, next to

12 “Reinforcement learning is a machine learning training method based on rewarding desired behaviors and punishing
undesired ones. In general, a reinforcement learning agent — the entity being trained — is able to perceive and interpret its
environment, take actions and learn through trial and error” (Hashemi-Pour & Carew, 2023).
13 proximal Policy Optimization (PPO) is a reinforcement learning algorithm, introduced by OpenAl in 2017, that strikes a balance
between ease of implementation, sample complexity, and ease of tuning. PPO has become the default reinforcement learning

algorithm at OpenAl because of its ease of use and good performance (Proximal Policy Optimization, 2017).
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Gemini* and Microsoft Copilot®. Its undeniable success significantly relies on its operational
attainments, which make way for increasingly sophisticated human-machine interactions and drive
revolutionary changes in businesses, academia, and everyday life. Listed below are some key functional

features that support the diverse applications of ChatGPT:

(1) Natural Language Understanding (NLU)*® and Natural Language Generation (NLG): The
advanced neural architecture of ChatGPT allows it to comprehend the meaning of natural
language inputs, generate coherent and contextually appropriate responses and handle
complex linguistic phenomena. This feature facilitates intuitive communication and highly
realistic conversations with users, enabling the chatbot to maintain contextual information
over prolonged interactions and effectively handle multiple inputs. Additionally, ChatGPT can
decipher user intent and adapt to user preferences and conversational styles, generating

increasingly fluent and personalized outputs (Roumeliotis & Tselikas, 2023, p. 16).

(2) Accessibility and Availability: ChatGPT is an Al chatbot designed with a user-friendly interface
and innovative features, such as chat history, to enhance the user experience. ChatGPT 3.5 is
widely accessible through its web interface, mobile application, and OpenAl API, providing
consistent assistance and reliable performance. While the latest version, GPT-40, offers
limited access for non-subscribers, ChatGPT 3.5 remains open-access despite occasional
server overload challenges and lower performance (Rane et al., 2024, p. 72). Users can fully
explore the chatbot’s capabilities and communicate in natural language without requiring

technical expertise or carefully crafted prompts. ChatGPT is designed to ensure availability

14 Gemini. (2024, May 14). Google DeepMind. https://deepmind.google/technologies/gemini/
I3 Microsoft Copilot: Your everyday Al companion. (n.d.). Microsoft. https://copilot.microsoft.com/

16 Natural Language Understanding (NLU) is a branch of Al that uses computer software to understand input in the form of
sentences using text or speech (Gillis, 2023).
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(3)

(4)

across a diverse user base and allows seamless integration into various applications. It is a
valuable tool for developers, professionals, educators, and individual users alike, promoting

widespread adoption in both professional and everyday settings.

Versatility and Scalability: ChatGPT’s extensive pre-training on sizeable datasets and its fine-
tuning capabilities enable developers to adapt the model for specific tasks and domains, so
that it generates tailored and relevant responses across diverse industries (Giray et al., 2024,
p. 44). As a highly versatile tool, ChatGPT can be customized for a wide range of applications,
including creative writing, translation, code generation, customer support, healthcare,
education, and legal services. Its adaptability ensures it meets the specific needs and
standards of various sectors, making it an invaluable assistant for both individuals and
professionals. The chatbot’s scalability enables it to handle extensive volumes of queries
simultaneously, catering to applications with varying requirements, from routine tasks to
large-scale projects (Ray, 2023, p. 126). Hence, the versatile architecture of ChatGPT ensures
it remains a relevant and essential tool for meeting the evolving demands of modern

industries, facilitating increased productivity and time efficiency.

Multilingual Capabilities: ChatGPT is trained to deliver coherent and contextually relevant
responses in multiple languages, supporting a wide range of linguistic contexts. Its
multilingual capabilities make ChatGPT an effective tool for cross-lingual applications,
bridging language and cultural barriers, and promoting cross-cultural communication
(Roumeliotis & Tselikas, 2023). The chatbot excels in language translation, multilingual
content generation and customer service queries, ensuring that users can interact naturally in
their native languages. Additionally, ChatGPT can generate culturally appropriate content

based on suitable prompts, facilitating global accessibility and effortless interactions in
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diverse settings. However, ChatGPT’s performance can vary across different languages with its

strongest capabilities centered around English (Robinson et al., 2023).

Since its release in 2022, ChatGPT 3.5 has evolved to be an indispensable conversational agent
utilized across multiple and diverse applications worldwide, consistently attracting new users and
acquiring new skills. However, it is essential to acknowledge that the chatbot and its underlying
architecture exhibit several functional deficiencies. The growing interest in the platform has spurred
extensive research, evaluating its performance on NLP tasks and highlighting various weaknesses.
According to Ray (2023), ChatGPT holds the potential to address these challenges through ongoing

research, development and optimization.

In fact, preliminary reviews of the latest version, GPT-4, launched in 2023, indicate remarkable
advancements in addressing many of the limitations of its predecessor, such as improved handling of
ambiguity and enhanced factual accuracy. These improvements are largely attributed to its more
sophisticated architecture, expanded training data and increased model size. The conversational Al
model is under continuous innovation, aiming to achieve new milestones and overcome its existing
limitations. To effectively structure our research and set realistic expectations, it is crucial to examine
related work concerning these limitations of ChatGPT 3.5. Some of the more frequently highlighted

weaknesses that were pointed out in academic studies include:

(1) Contextual Understanding: While ChatGPT excels among its competitors and predecessors in
generating context-aware, realistic and fluent responses, it struggles in maintaining
coherence across extended interactions and comprehending long-term, intricate contexts.
These limitations can lead to occasional irrelevant or incomplete outputs, undermining the
overall user experience. Additionally, ChatGPT 3.5 may provide unsatisfactory responses to

ambiguous inputs, necessitating more specific prompts and potentially leading to time-
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(2)

(3)

consuming interactions. The chatbot’s incompetency in deciphering ambiguity and
interpreting context is often attributed to its reliance on training data and user input, both of
which can be insufficient. Thus, ChatGPT is prone to missing genuine comprehension and
generating inconsistent or unrelated outputs, when prompts contain data outside its training
scope (Giray et al., 2024, p. 45).

Biases and Overreliance on Training Data: ChatGPT is trained on vast amounts of curated
textual data, often reflecting the biases and inaccuracies incorporated in its training sources.
Due to the model’s overreliance on the quality and diversity of its training data, ChatGPT
generates undesirable responses significantly influenced by the flaws of its initial training
dataset (Nazir & Wang, 2023). These biases propagated by the Al model can be factual,
social, linguistic, or cultural, promoting inappropriate content and reinforcing existing
stereotypes. This undermines the credibility of ChatGPT in domains where objective and
unbiased outputs are essential, such as healthcare, scientific research, and legal contexts.
Additionally, ChatGPT lacks true critical thinking and reasoning capabilities, limiting its ability
to discern between reliable and inaccurate information (Bang et al., 2023). This highlights
the general inability of Al to independently detect misinformation beyond its training data
(Dale, 2020). The extensive use and popularity of ChatGPT further risk perpetuating and
entrenching these biases, emphasizing the necessity for ongoing innovation and refinement
of the model.

Factuality and Hallucination: A persistent challenge with ChatGPT, as documented in recent
studies, is its susceptibility to generating nonfactual and untruthful information, a
phenomenon referred to as hallucination (Ji et al., 2023). These hallucinations can manifest
as plausible and realistic sensory experiences, including seemingly accurate and fluent

outputs, yet they are factually fallacious and do not correspond to real-world scenarios



Exploring the Capabilities of ChatGPT in Machine Translation

(4)
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(Alkaissi & McFarlane, 2023). Bang et al. (2023), evaluated ChatGPT through tasks such as
Machine Translation (MT) and Question Answering (QA) and identified considerable
instances of extrinsic hallucinations. The model’s tendency towards inaccuracy undermines
its reliability, misleading users and unintentionally disseminating misinformation while
mimicking cognizance. ChatGPT also lacks in-depth domain-specific knowledge and
frequently generates outdated data, as it relies exclusively on its training data and user
inputs, highlighting its unreliability in applications where accuracy is essential (Lecler et al.,
2023, p. 272). Furthermore, ChatGPT’s inability to authenticate the information it generates
is another significant limitation, as it refuses to provide verification and references for its
responses.

Ethical Concerns: The widespread utilization and advancement of ChatGPT 3.5 have raised
ethical concerns, driving interest in addressing these issues through the implementation of
policies and regulations in subsequent versions of the model. These ethical considerations
include the employment of ChatGPT for malicious purposes, resulting in offensive, deceitful,
inappropriate, or unauthentic responses (Chowdhury & Rahman, 2023). Additionally, the
model is susceptible to privacy breaches, as it can access and record sensitive user data,
such as medical records or financial information, prompting concerns about data protection
and cybersecurity (Khan, 2023). Another critical issue involves the risks of plagiarism and
academic fraud, as well as concerns about authorship attribution and intellectual property
rights in instances where the Al model has contributed to the writing of a published
document (Sallam, 2023; Guleria et al., 2023). Moreover, the extensive use of the chatbot
has sparked concerns about overreliance on Al for routine, academic or professional tasks,
potentially leading to a declining need for human expertise and a reduction in independent

critical thinking skills.
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2.5 Applications

As ChatGPT garners millions of users daily, its applications have expanded beyond individual use
to encompass a broad range of professional settings. This transition underlines the model’s versatility,
enabling it to meet the complex demands of various industries and be tailored for specific professional
applications. However, the extensive implementation of ChatGPT has raised concerns regarding the
potential displacement of human expertise and workforce by Al technology, sparking significant debates

about the chatbot’s reliability and the extent of its exploitation for professional purposes.

Researchers have deemed the model suitable for assistant roles and limited applications to aid
professionals in time-consuming tasks, highlighting its early stage of development and its unreliability in
domains that require high accuracy and specialized knowledge (Sallam, 2023, p. 2). Another significant
concern is the model’s inability to be accountable for professional decisions, take initiative in critical
situations, and maintain transparency in professional settings. Nevertheless, continuous innovations of
the chatbot and the launch of its subsequent versions, GPT-4 and 4o, are consistently enhancing
ChatGPT’s role in the industry by gradually overcoming significant challenges and paving the way for

potential revolutionary reforms in human-machine collaboration.

The development of ChatGPT 3.5 represents a milestone, signifying the incorporation of Al into
everyday life and significantly reshaping our lifestyle. Extensive research has been centered around
optimizing the Al chatbot within professional frameworks, suggesting guidelines for responsible
utilization, credibility, and transparency. Many optimal applications of ChatGPT 3.5 aim to balance
technological advancements with the maintenance of human expertise and supervision. Listed below are

examples of the application of ChatGPT in several domains:

a) Language Translation: ChatGPT aids in translating diverse content across its supported

languages, producing translations with decent accuracy (Jiao et al., 2023). It also facilitates real-



Exploring the Capabilities of ChatGPT in Machine Translation 25

b)

c)

d)

time translation services and helps bridge language gaps. The chatbot performs exceptionally
well in informal language translation tasks, though it exhibits limitations when applied in
professional contexts (Lecler et al., 2023).

Content Generation: ChatGPT can serve as a co-writer and creative agent successfully assisting in
content creation tasks such as managing social media content and drafting emails and reports
(Naumova, 2023). The chatbot has emerged as a valuable tool for professionals optimizing their
workflows, saving time and effort, improving their productivity (Nazir & Wang, 2023, p. 5).
However, research highlights the model’s risks of biases and hallucinations suggesting its careful
and supplemental role (Sallam, 2023).

Customer Service: ChatGPT is widely utilized in customer support as a representative of
businesses, facilitating automated conversations with customers. It effectively responds to
frequently asked questions, provides information about services or products, and directs
customers through troubleshooting guides. The model is capable of handling a large number of
queries and its versatility allows it to adapt to various interactions in a professional manner,
delivering tailored responses based on individual preferences and chat history (Rane, 2024, p.
81). In this way, the need for human intervention is minimized, thereby reducing the workload of
professionals and enabling them to concentrate on more complex services.

Education: ChatGPT serves as a proficient virtual tutor and study assistant across various
educational settings. The model provides personalized tutoring and feedback tailored to
students’ knowledge levels and educational needs, creating customized lessons and material in
an interactive environment (Baidoo-Anu & Owusu Ansah, 2023, pp. 55-56). The chatbot assists
students in drafting essays, offering inspirational content and providing proofreading assistance.
However, the utilization of ChatGPT should be limited to an assistant role, as the model may not

always provide reliable information and poses risks of unintentional plagiarism and academic
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e)

f)

g)

fraud (Cotton et al., 2023, p. 230). Educators also benefit from the chatbot’s ability to generate
creative teaching material and automate grading, enhancing their productivity and efficiency.
Healthcare Assistance: ChatGPT can function as a virtual medical assistant, aiding healthcare
professionals, medical students, and patients. For healthcare professionals, the model facilitates
the retrieval of medical information, aids in clinical decision-making, and assists in the
summarization of clinical reports and patient history (Dave et al., 2023, p. 02). Additionally,
ChatGPT serves as an interactive and multilingual learning tool for medical students, enhancing
their comprehension of medical concepts (Sallam, 2023). The chatbot can also offer mental
support to patients and guide them through their symptoms and treatment pathways.
Programming: ChatGPT can be a valuable assistant to software developers by generating and
optimizing code (Kasneci et al., 2023, p. 6). The chatbot is capable of automatizing repetitive
coding tasks, identifying potential errors, and fixing bugs in lengthy codes. ChatGPT not only
enhances coding efficiency but also reduces the workload and time demands placed on
developers.

Legal Assistance: ChatGPT is a valuable resource for legal professionals and individuals, providing
legal assistance and advice tailored to various legal contexts. The model is able to reference case
laws, recite legal documents and distinguish relevant laws. However, ChatGPT is suggested to be
used judiciously as a consultative and informational tool, due to potential variations in
applicability across different jurisdictions and the possibility of generating outdated information

(Nazir & Wang, 2023, p. 8).

3. ChatGPT and Machine Translation

This research aims to conduct a comprehensive analysis of ChatGPT’s performance in the

domain of Machine Translation. The rapid evolution of LLMs and the advent of ChatGPT have profoundly
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transformed the dynamics between translation technology and translation professionals. The model has
proven to be a valuable assistant, streamlining workflows and raising important questions about the role
of Al models in the industry. The Al-driven tool has garnered considerable attention from researchers in
the field of translation studies and has been incorporated into the translation industry in various
capacities. This study seeks to explore the model’s capabilities, limitations, and optimal adaptation to

determine how and whether ChatGPT can establish a secure and enduring role in the field.

To thoroughly understand ChatGPT’s functionality as a translation engine, it is essential to
examine the fundamental aspects of its translation capabilities. ChatGPT, among its diverse applications,
possesses multilingual abilities, supporting at least 95 natural languages and offering natural user
experience to over 4.5 billion people worldwide (Flensted, 2024). The model utilizes its extensive training
data to generate Machine Translation outputs based on corresponding prompts. Machine Translation
(MT) involves the utilization of computer algorithms to automatically translate text or speech from one
language (source language) to another (target language) without any human intervention (Tabsharani,

2023).

Even though ChatGPT demonstrates promising translation capabilities, it is important to

distinguish the model from commercial Neural Machine Translation (NMT)?’ engines such as Google
Translate® and DeeplL®. Both GPT models and NMT systems are based on transformer architecture;
however, they exhibit significant differences in their architectural design. ChatGPT is a decoder-only

model intended for text generation tasks, utilizing a single decoder stack to predict the next word in a

sequence. On the other hand, NMT models employ an encoder-decoder architecture with attention

17 Neural Machine Translation (NM T) is a Machine Translation (MT) approach that utilizes neural networks to perform
translation tasks. NMT models acquire rich representations of language structures through large amounts of bilingual data. NMT
has significantly advanced the field of MT, offering superior fluency and accuracy in translation outputs compared to earlier
approaches, such as Statistical Machine Translation (SMT) and Rule Based Machine Translation (RBMT).

18 Google Translate. (n.d.). Google. https://translate.google.com/?sl=en&tl=el&op=translate

19 Deepl Translate: The World’s Most Accurate Translator. (n.d.). https://www.deepl.com/en/translator



https://translate.google.com/?sl=en&tl=el&op=translate
https://www.deepl.com/en/translator

Exploring the Capabilities of ChatGPT in Machine Translation 28

mechanisms, specifically optimized for handling sequence-to-sequence tasks of varying lengths and
structures (Hendy et al., 2023). Essentially, the GPT model behind ChatGPT is a general-purpose LLM
trained to perform various language-based tasks, whereas NMT models are specifically tailored for

translation, converting text from one language to another.

In addition, NMT models are typically trained on parallel corpora, which consist of text pairs
from two different languages, while ChatGPT is primarily trained on general-domain monolingual
corpora. This allows ChatGPT to be applied across a broader range of language pairs and translation
tasks, facilitating easier adaptation to specific styles and registers, unlike NMT systems that are limited to
preset language pairs and the encoded representations of the source language (Jiang et al., 2023).
ChatGPT exhibits greater flexibility in adjusting to diverse contexts and is capable of generating more
fluent and contextually aware translations, despite significant accuracy challenges. The chatbot can also
refine its translation outputs, produce multiple translations of the same text, and adjust its translations

to better align with their intended purpose.

NMT engines have revolutionized the field of MT by delivering high-quality translations that
surpass the performance of earlier approaches, such as Statistical Machine Translation (SMT)% and Rule-
based Machine Translation (RBMT)?L. The superior performance of NMT models has established them as
the preferred choice for practitioners in translation tasks. However, their dominance is now being
challenged by the emergence of GPT models, particularly ChatGPT, due to its flexible and versatile

character.

20 Statistical Machine Translation (SMT) is a Machine Translation (MT) approach that relies on statistical models to generate
translations. These models are trained on large volumes of bilingual data and learn to translate by analyzing the statistical
relationships between original texts and their human translations (Statistical Machine Translation, 2023).

21 Rule-based Machine Translation (RBMT) was one of the earliest approaches to Machine Translation (MT). It relies on a
comprehensive set of linguistic rules that describe the grammatical structures of both the input and output languages. RBMT
systems utilize monolingual and bilingual dictionaries to map input terms to their corresponding output terms (Rule-based
Machine Translation, 2023).
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3.1 Related Work

Since the release of ChatGPT and its widespread adoption in professional contexts, a substantial
body of published research has focused on evaluating the model as a Machine Translation (MT) tool.
Recent studies have concentrated on assessing both the efficacy and limitations of ChatGPT in MT, as
well as exploring its potential for optimal integration within the translation industry (Siu, 2023; Yamada,
2023). According to Jiang et al. (2023), ChatGPT has additionally attracted significant attention within
Translation Quality Assessment (TQA)? research, wherein the model’s performance is systematically
evaluated in comparison to NMT engines. The performance of ChatGPT in MT is studied across three
primary axes: Comparative Machine Translation Evaluation, Prompt Engineering for Machine Translation,

and Machine Translation Evaluation for High-resource and Low-resource Languages.

3.1.1 Comparative Machine Translation Evaluation

Initial evaluation studies of ChatGPT’s performance in MT tasks have primarily involved
comparative research methodologies to assess the model’s efficacy and translation quality in comparison
to leading commercial NMT engines that dominate the MT landscape. These comparative assessments,
observed in both qualitative and quantitative research, have played an essential, albeit supplementary,
role in validating hypotheses and evaluating strategic approaches for the optimization of ChatGPT for
MT. In the majority of these evaluation studies, ChatGPT’s translation quality scores have been
systematically compared to those of well-established NMT systems; the most frequently utilized

benchmark is Google Translate (Robinson et al., 2023; Peng et al., 2023; Moslem et al., 2023; Zhu et al.,

22 Translation Quality Assessment (TQA) is employed in both academic research and translation practice to assess translation
quality, identify issues, and suggest improvements (Williams, 2009).
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2023), followed by Deepl (Gao et al., 2023; Jiao et al., 2023; Yamada, 2023), Microsoft Translator?

(Hendy et al., 2023), and Huawei Translate (Zhao et al., 2023).

Previous studies have primarily utilized neural network-based metrics and automatic evaluation
metrics to assess the performance of ChatGPT in MT, with relatively few studies incorporating human
evaluation (Hendy et al., 2023; Zhao et al., 2023). Within this evaluation framework, recent research
findings indicate that ChatGPT has the potential to compete with, and in some cases outperform,
conventional NMT systems across various language pairs, particularly when utilizing specific prompt
techniques (Hendy et al., 2023). Nonetheless, several studies have identified a significant performance
gap between ChatGPT and conventional MT systems. Even though ChatGPT exhibits competitive results
in fluency and specific translation directions, it falls short in accuracy, multilingual competence, and
domain-specific scenarios (Jiao et al., 2023). Therefore, a more comprehensive and objective evaluation
of ChatGPT’s MT capabilities necessitates the consideration of factors beyond comparative evaluation
analyses. These additional factors, which will be thoroughly explored in subsequent sections, are

imperative for a holistic understanding of ChatGPT’s strengths and limitations in the MT domain.

At this point, it is essential to acknowledge the rapid evolution of ChatGPT and its underlying
model architecture. As advancements in LLM technology continue, existing MT research findings may
soon become outdated or insufficiently representative of the MT capabilities of newer GPT models.
ChatGPT and its successors have swiftly achieved NMT capabilities and are expected to surpass
commercial MT systems in the near future. This trajectory of continuous innovation and the advent of

GPT-4 have set new benchmarks for MT. These advancements can be attributed to the model’s advanced

23 Microsoft Translator. (n.d.). https://translator.microsoft.com/
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training data and its enhanced multilingual capacity, which facilitates higher quality of MT in a broader

range of language pairs (Jiao et al., 2023).

3.1.2 Prompt Engineering for Machine Translation

ChatGPT is an intelligent and versatile conversational system designed to perform multiple NLP
tasks, including translation. Unlike NMT models, which are specifically tailored for translation tasks,
ChatGPT does not undergo specialized fine-tuning to enhance its translation capabilities. Since users and
researchers cannot access or modify the internal components of ChatGPT for further specialization, the
model is optimally treated as a black-box system that can be optimized solely through input data
manipulation (Gao et al., 2023). In this framework, the natural language input data provided by users to
elicit responses from the chatbot are referred to as “prompts?*.” The process of crafting suitable prompts
to achieve desired outputs from a model is known as prompt engineering. Recent research underscores
the critical role of prompts in harnessing the full potential of ChatGPT for MT, exploring prompting
techniques to improve the quality of generated translations (Gao et al., 2023; Hendy et al., 2023; Jiao et

al., 2023; Peng et al., 2023; Yamada, 2023; Wu & Hu, 2023; Zhang et al., 2023; Gu, 2023).

Hendy et al. (2023) first evaluated the performance of ChatGPT in MT, highlighting the impact of
prompting strategies on translation output quality and the significance of the form, length and content
of translation prompts. Jiao et al. (2023) initially desighed three candidate simple prompts®® to trigger
the MT ability of ChatGPT, which included information about the source and target languages?®, as well

as the direction of translation. These prompting structures were assessed in a multilingual context

24 Prompts are different from tags. Tags are standardized labels employed to categorize data, informing and modifying systems.
Unlike prompts, tags are not used directly in Al interactions; instead, they indirectly guide Al behavior.

25 The candidate translation prompts proposed by Jiao et al. (2023) are: TP1: “Translate these sentences from

[ST] to [TL]:”, TP2: “Answer with no quotes. What do these sentences mean in [TL]?”, and TP3: “Please provide the [TL]
translation for these sentences:”. Among the three prompts, TP3 performed best and was subsequently used by default.

26 |n this paper, the terms “source language” and “target language” will be referred to as SL and TL, respectively, for practical
reasons.
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alongside simple prompts inspired by the chatbot itself. Gao et al. (2023) and Peng et al. (2023) further
developed these simple prompt structures, with the addition of subsidiary contextual information to

)?” argued that “naive” prompts cannot

boost the quality of the model’s translations. Gao et al. (2023
fully unleash the MT capabilities of ChatGPT proposing prompt structures that contain translation task
information, context domain information and Part-of-Speech (POS) tags, which outperformed standard
prompts. Similarly, Peng et al. (2023)?8 suggested simple but more effective structures; Task-Specific
Prompts (TSP) and Domain-Specific Prompts (DSP). Recent studies particularly attend to the robustness
of MT under domain shift, highlighting the importance of domain-specific prompts. These prompts assist
ChatGPT in generating more relevant translations and allow it to adapt to the particular terminology and
nuances of the domain in question. In addition, Yamada (2023) investigates the feasibility of optimizing

translation outputs for professional translators by integrating information about the purpose and target

audience into prompts.

Multiple experimental prompting strategies have been investigated across various studies to
evaluate the MT performance of ChatGPT after the employment of zero-shot and few-shot prompts. In
this context, initial MT assessment research have utilized zero-shot prompt setups, wherein ChatGPT is
assigned a task without prior explicit examples or training on similar tasks, relying solely on pre-existing
knowledge (Hendy et al., 2023; Jiao et al., 2023). The aforementioned zero-shot prompts designed by
Jiao et al. (2023) were extensively utilized by subsequent studies alongside few-shot prompting

templates, in an attempt to achieve improved MT quality. In few-shot prompt settings, ChatGPT is

27 Prompts proposed by Gao et al. (2023): TT (Translation Task): “This is a [SL] to [TL] translation, please provide
the [TL] translation for these sentences:”, CD (Context Domain): “Please provide the [TL] translation for these sentences taken
from the [SPECIFIC DOMAIN]:”

28 prompts proposed by Peng et al. (2023): Task-Specific Prompt (TSP): ["role": "system", "content": "You are a machine

translation system."] ["role": "user", "content": Please provide the [TL] translation for the following sentence:], Domain-Specific

Prompt (DSP): ["role": "system", "content": "You are a machine translation system that translates sentences in the [DOM]

non non

domain."] ["role": "user", "content": Please provide the [TL] translation for the following sentence:]
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provided with example translations that demonstrate the task, preparing and assisting the model to
generate more accurate translations. Gao et al. (2023) and Robinson et al. (2023) experimented with
one-shot and 5-shot templates, which outperformed baseline prompts and achieved better MT
performance (see Table 2). Moreover, Peng et al. (2023) investigated zero-shot and few-shot templates
to evaluate ChatGPT’s in-context learning (ICL)?° (Brown et al., 2020) and chain-of-thought (CoT)3°

abilities (Wei et al., 2022), respectively, for MT application.

Few-shot prompting techniques have been extensively employed in recent work, demonstrating
improved outputs in MT tasks by effectively leveraging the translation capabilities of ChatGPT. However,
previous studies argue that few-shot prompts offer only marginal improvements in translation quality
compared to zero-shot prompts (Hendy et al., 2023; Moslem et al., 2023). In fact, specific prompting
setups often find these improvements to be insignificant. Robinson et al. (2023) conducted a large-scale
comparative study evaluating the quality of translations generated using both few-shot and zero-shot
prompts within a multilingual and multidimensional framework. Their findings indicate that zero-shot
prompting with ChatGPT generally surpasses few-shot templates in terms of time and cost efficiency.
Although few-shot prompts achieve slightly higher evaluation scores, the incremental improvements do

not justify the additional cost and time required in large-scale utilization (Robinson et al., 2023).

2% Few-shot in-context learning (ICL) methods were introduced by Brown et al. (2020) enabling LLMs to generalize from their
pre-existing knowledge and adapt to new tasks dynamically. Hendy et al. (2023) and Peng et al. (2023) argue that in-context
learning strategies with additional labelled prompts can enhance the MT performance of ChatGPT.

30 Weij et al. (2022) introduced the chain-of-thought (CoT) prompting technique to elicit the reasoning capabilities of LLMs. They
designed prompts containing examples in which the reasoning process is demonstrated step-by-step, assisting the models to
“think” through problem solving and NLP tasks. Peng et al. (2023) applied CoT prompts to MT tasks: "Please provide the [TL]
translation for the following sentence step by step". In this study the CoT prompting strategy was deemed incompatible with MT
tasks for ChatGPT, as it resulted in lower performance and encouraged a word-by-word translation approach.
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Consequently, zero-shot prompts are recommended as they offer satisfactory MT results while being

more affordable and practical for users (Gao et al., 2023).

Zero-shot Translation Prompt

Few-shot Translation Prompt (5-shot)

Input: This is an English to [TL] translation,
please provide the [TL] translation
for these sentences:

[SL]: [source sentence]
[TL]:

Output: [TL]: [target sentence]

Input: This is an English to [TL] translation, please
provide the [TL] translation for these
sentences:

[SL]: [source sentence] [TL]: [target sentence]
[SL]: [source sentence] [TL]: [target sentence]
[SL]: [source sentence] [TL]: [target sentence]
[SL]: [source sentence] [TL]: [target sentence]
[SL]: [source sentence] [TL]: [target sentence]
Please provide the translation for the
following sentence:

[SL]: [source sentence]

[TL]:

Output: [TL]: [target sentence]

Table 2: Examples of sentence-level prompt templates (Jiao et al., 2023; Robinson et al., 2023; Gao et al., 2023)

Recent studies have introduced another prominent debate related to the design of prompts and

the presentation of input information to fully leverage the MT capabilities of ChatGPT. This discussion

pertains to whether a sentence-level or document-level approach yields higher quality translations. Most

studies have concentrated on sentence-level MT with ChatGPT for practical evaluation reasons.

Document translation with LLMs remains understudied and was initially examined by Wang et al. (2023)

and Wu & Hu (2023), who investigated the effectiveness of ChatGPT and GPT-3.5 in preserving

document-level coherence and consistency. Hendy et al. (2023) also explored the application of ChatGPT

to document-level MT, anticipating enhanced translation results due to the model’s access to the context

and coherence of the entire document to generate more relevant translations. In specific few-shot

prompt setups, document level MT outperformed sentence translation across metrics but struggled to

keep sentence-level alighment intact.
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3.1.3 Machine Translation Evaluation for High-resource and Low-resource Languages

ChatGPT is widely recognized for its multilingual capabilities, which have quickly been utilized in
MT applications across diverse linguistic contexts. Naturally, the model’s performance varies significantly
among language pairs, giving way to an intriguing area of research. More specifically, a substantial
branch of MT evaluation studies, which have conducted comparative multilingual assessments on
ChatGPT, agrees that the model performs competitively with commercial translation engines in high-
resource languages, but is especially disadvantaged for low-resource languages (Jiao et al., 2023; Hendy
et al., 2023; Robinson et al., 2023; Zhu et al., 2023; Manakhimova et al., 2023). By “resource,” we refer to
the amount of training data, such as monolingual or parallel corpora, which are essential for developing
ChatGPT’s multilingual proficiency. High-resource languages are considered those with abundant
linguistic data available for training, sourced from diverse domains and contexts. Previous studies and
statistical analyses of training datasets, such as Wikipedia and Common Crawl, indicate that most high-
resource languages are of European and Asian origin; the most prominent among these languages
include English, Spanish, German, French, Chinese, and Japanese (Gao et al., 2023; Pelucchi, 2023;
Robinson et al., 2023; Zhu et al., 2023). On the other hand, low-resource languages are
underrepresented in digital resources, possessing limited amounts of linguistic data, and are
predominantly from the Afro-Asiatic language family (Laumann, 2023). Robinson et al. (2023) highlights
that the resource level of a language is the most critical determinant of ChatGPT'’s ability to translate to

and from that language.

Hence, the primary cause of ChatGPT’s suboptimal performance in multilingual MT is the limited
number of high-resource languages and the model’s English-centric design. By “English-centric,” we refer
to the predominance of the English language in the development and training and of the model,

indicating that ChatGPT is primarily optimized for tasks involving the English language. This English-
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centric approach, which reflects various linguistic and cultural biases, extends to the field of MT

research, where most evaluation studies focus on language pairs that include English.

Preliminary evaluation studies of ChatGPT as a MT tool have primarily involved small-scale
comparative research, assessing the model’s MT capabilities with high-resource language pairs centered
around English, while giving limited attention to low-resource languages. Jiao et al. (2023) established
initial MT benchmarks for 5 languages, including one low-resource language. Similarly, Hendy et al.
(2023) provided MT evaluation data for 18 language pairs, comprising 6 high-resource and 4 low-
resource languages from different language families. Both studies recognize ChatGPT as a competent MT
tool but confirm a significant performance disparity between high-resource and low-resource languages.
Furthermore, they both emphasize the critical role of the language family factor, indicating that MT
between different language families is particularly challenging, especially for low-resource language
pairs, thereby exacerbating the performance gap. Nonetheless, these evaluation data are not fully

indicative of ChatGPT’s MT capabilities due to the selective and limited scope of the research.

Subsequent large-scale and cross-lingual studies have provided a more comprehensive depiction
of ChatGPT’s MT performance. Zhu et al. (2023) evaluated popular LLMs, including ChatGPT and GPT-4,
by assessing their performance across 102 languages, categorized by language family. Within this
extensive multilingual framework, the study confirmed the model’s success in high-resource scenarios
while highlighting their significant underperformance in translating distant, low-resource languages
compared to commercially available MT systems such as Google Translate. The study also underscored
ChatGPT’s relative struggles with non-English MT directions, indicating the potential impact of
directionality in MT quality. In other words, ChatGPT exhibits superior results in English-directed
translations compared to translations from English to other languages, particularly in low resource

contexts. In a similar large-scale study, Robinson et al. (2023) evaluated ChatGPT across 204 languages,
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including 168 low-resource languages. Their findings corroborated those of previous works, remarking
that ChatGPT significantly lags behind in low-resource MT, particularly for low-resource language pairs
and domain-specific contexts. The study suggested that NMT models remain the preferable choice for
low-resource scenarios, noting that the rapidly advancing LLMs are gradually acquiring expanded

multilingual capabilities and are approaching high MT quality scores.

Previous studies have investigated methods to enhance MT quality in low-resource scenarios
through prompt engineering. Jiao et al. (2023) introduced an innovative strategy termed pivot
prompting3!, wherein ChatGPT is instructed to initially translate the source text into a high-resource
intermediary language (pivot language) before translating it into the target language. This technique
aims to improve ChatGPT'’s translation performance across a broader range of language pairs. The
employment of a high-resource pivot language helps to effectively impart critical information to the
target text, thereby mitigating the information loss that typically occurs in low-resource scenarios due to
insufficient training data. Preliminary experimental results demonstrated that pivot prompting
significantly enhances ChatGPT'’s translation performance, suggesting that it is a promising strategy for

achieving high-quality multilingual MT.

Hendy et al. (2023) proposed an alternative method of obtaining high-quality translations for
distant, underrepresented language pairs through the employment of hybrid strategies, which combine
the strengths of both GPT and NMT models. Their study introduced the “Hybrid Max-Routing” approach,
wherein an NMT model serves as the primary MT system, with a GPT model acting as a fallback option.
The optimal translation is selected based on COMETkiwi scores. This technique consistently achieves

higher evaluation scores, indicating that although NMT systems generally surpass GPT models in

31 The prompt proposed by Jiao et al. (2023) for the pivot prompting strategy is: “Please provide the [PIVOT LANGUAGE]
translation first and then the [TL] translation for these sentences one by one:”
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performance, GPTs exhibit superior efficacy in specific language pairs. These findings explore the
potential for further utilization of hybrid techniques to enhance translation quality across a diverse array

of language pairs.

3.2 The Case of the Greek Language

The primary objective of this paper is to conduct a small-scale evaluation of the MT capabilities
of ChatGPT, with a particular emphasis on the English-Greek language pair. This research seeks to explore
and implement optimization strategies to enhance the model’s performance, thereby assessing its
potential to generate high-quality translations in Greek. Considering the English-centric architecture of
ChatGPT and the limited number of high-resource languages supported by the model, it is reasonable to

assume that a less widely spoken language, such as Greek, is underrepresented.

OpenAl has not publicly disclosed detailed information regarding the volume of resource data
utilized for individual languages supported by ChatGPT. Recent studies highlight that the Greek language
struggles with limited digital representation, which is marked by a scarcity of linguistic resources,
consequently leading to limited datasets and knowledge bases for NLP applications (Antonopoulos,
2023). This insufficiency poses significant challenges for Natural Language Understanding (NLU) in Greek,
primarily due to the high degree of linguistic ambiguity inherent in the language (Papantoniou &

Tzitzikas, 2020).

Additionally, there is a paucity of corresponding research on deep learning models tailored to
the Greek language, with only a few initiatives aimed at developing resources and datasets for model
training. The most frequently utilized corpora for Greek-specific training include Wikipedia, the European

Parliament Proceedings Parallel Corpus (EuroParl)3?, CommonCrawl!®, and low-quality datasets

32 EuroParl Parallel Corpus. (n.d.). https://www.statmt.org/europarl/
33 Common Crawl - Open Repository of Web Crawl Data. (n.d.). https://commoncrawl.org/
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consisting of machine translated texts (Evdaimon et al., 2023; Giarelis et al., 2023). Leveraging this large-
scale corpus, Evdaimon et al. (2023) pretrained GreekBART, the first sequence-to-sequence model for
the Greek language, intended for Natural Language Generation (NLG) tasks, including translation.
However, this model, along with similar research efforts, remains in the preliminary stages of
development, underscoring the need for more comprehensive Greek-specific training corpora and

advanced modeling techniques.

The recent body of research demonstrates a notable absence of research focused on evaluating
the performance of ChatGPT in the context of the Greek language, particularly in terms of its NLP and
MT capabilities. Within the domain of MT evaluation, the Greek language has been examined solely
through large-scale comparative evaluation studies as part of broader multilingual projects. Robinson et
al. (2023) employed automatic evaluation metrics to compare the MT performance of ChatGPT with that
of Google’s NMT model. Their findings indicated that, for the Greek language, ChatGPT’s translation

quality was highly competitive, albeit approximately 3% lower on average compared to the NMT model.

Similarly, Zhu et al. (2023) included Greek in a comprehensive comparative study assessing the
translation quality among ChatGPT, GPT-4, and Google Translate in both translation directions, thereby
providing additional insights into the English-Greek language pair. Their findings suggest that ChatGPT is
highly competitive with NMT for Greek, with an average quality score approximately 3.5% lower than
NMT in both translation directions, as determined by automatic metrics. In this study, GPT-4
demonstrated marginally enhanced performance for the Greek language compared to ChatGPT, with an
improvement of about 1.7% in both translation directions. Regarding directionality, the difference in
performance between Greek-to-English and English-to-Greek translations was marginal, with English-
directed translations showing a slight improvement of 3.5% compared to scenarios where Greek was the

target language. These findings suggest that the factors mentioned above may affect MT performance in
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high-resource contexts, but they are not as impactful for less represented languages like Greek.
Additionally, the disparity in MT performance between ChatGPT and NMT, as well as between translation
directions, may be negligible, primarily due to the limited and low-quality resources for training these

models for Greek.

On the whole, both studies, through their data analyses, classified Greek as a medium-resource
language, characterized by limited but fundamental resources to facilitate MT tasks. However, due to the
scarcity of research data, we cannot draw accurate conclusions about ChatGPT’s MT performance in
Greek. This paper aims to address this gap by providing a more thorough evaluation of ChatGPT’s

capabilities in processing and translating the Greek language.

4. Research Methodology

The primary objective of this research is to explore the MT capabilities for the English-Greek
language pair by implementing a variety of prompting strategies to gain comprehensive insights into the
model’s translation proficiency for Greek, identify frequent errors, and assess its potential viability and
applications in the translation industry. It is essential to remark that, given the researchers’ inability to
access or modify the internal components of ChatGPT for further specialization, the model is optimally
treated as a black-box system that can be optimized for specific tasks solely through input data
manipulation and prompt engineering (Gao et al., 2023). In order to form our outcome expectations
accordingly, we acknowledge that ChatGPT’s training data for the Greek language are presumed to be
limited and of unknown quality, thereby classifying Greek as a medium-resource language. This research
adopts a small-scale approach, dictated by practical constraints, imparting an explorative and

experimental nature to our objectives.
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We carefully constructed a succinct experimental layout to evaluate the translation capabilities
of ChatGPT 3.5. This research is designed based on widely accessible resources to facilitate effortless
application by individuals and professionals across various Greek language contexts. Despite the release
of GPT-4, which demonstrates expanded multilingual capacity and slightly enhanced performance
compared to its predecessor in Greek MT assessments, we opted to evaluate ChatGPT 3.5 due to the
marginal performance disparity and its open-access platform, which caters to a broader user spectrum
(Ray, 2023). Additionally, GPT-4 incurs significantly higher costs, particularly for large-scale utilization in
MT tasks and professional settings, rendering ChatGPT a more viable option for this study (Robinson et

al., 2023).

For similar reasons, we have employed carefully designed zero-shot prompting strategies to
assess and optimize ChatGPT’s MT capabilities for the Greek language. Zero-shot baseline prompts were
preferred over few-shot strategies due to their superior practicality and convenience for individual use.
According to Robinson et al. (2023), ChatGPT’s evaluation scores for English-to-Greek MT using both
zero-shot and five-shot prompts, demonstrate null differences in translation quality. Furthermore,
previous research by Hendy et al. (2023) discourages the employment of few-shot prompting techniques
to acquire optimal translation quality in low-resource scenarios, highlighting that such methods are more

complex, more costly, and provide minimal quality enhancement.

The experimental framework of this small-scale research is designed to evaluate the English-to-
Greek translations of three texts originating from distinct domains. Given the slight performance
disparity associated with the directionality of translation, our focus was directed towards one-way MT
(Zhu et al., 2023). The translations generated by ChatGPT were produced using simple baseline prompts
and subsequently evaluated through both human evaluation and automatic evaluation metrics to ensure

a comprehensive analysis of translation quality.
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4.1 Domains

In this research, three distinct paragraph-level texts from different domains were utilized to evaluate
ChatGPT’s MT capabilities and adaptability to domain-shift in MT for the Greek language. The domain
typology employed in our research aligns with the text type classification framework outlined by Hendy
et al. (2023). The selected dataset primarily encompasses texts sourced from online resources, with an
average word count of 135 words per text. Listed below are the text domains employed in this study:

Biomedical®*, News?®, and e-Commerce3®

e Biomedical: we have included a text from a medical journal within the biomedical and
pharmaceutical domain. The provided text encompasses procedural details, medical
terminology and technical descriptions, aiming to provide specialized information pertinent to
medical education and research. The primary objective is to assess the performance of
ChatGPT’s MT in highly technical contexts and its ability to maintain technical accuracy and
adhere to a formal register in translation, ensuring that the target text aligns with the original
purpose of the text. Additionally, this evaluation allows us to indirectly assess the quality and

diversity of the model’s training data for a medium-resource language such as Greek.

e News: we have included a journalistic article characterized by an informative and political style
that discusses recent political events. This text presents political implications, different
perspectives, and cultural nuances while maintaining a formal and objective tone. Our goal is to

assess ChatGPT'’s ability to transfer all available information clearly and objectively into the

34 patel et al., (2018). Histopathological Analysis of Hysterectomy Specimens in Tertiary Care Center: Two Year Study. Tropical
Journal of Pathology and Microbiology. https://doi.org/10.17511/jopm.2018.i01.06

35> Walker & Mason. (2024, March 29). Tory donor’s knighthood is sigh Sunak ‘believes he’s on way out’, Labour says. The
Guardian. https://www.theguardian.com/politics/2024/mar/29/tory-donor-knighthood-sign-sunak-way-out-labour-mohamed-
mansour

36 Libre Eau de parfum Women'’s Perfume. (n.d.). YSL. https://www.yslbeautyus.com/fragrance/womens-fragrances/libre/libre-
eau-de-parfum/109YSL.htmI?fbclid=IwAROB9BjPXxAWDxSzRXj9 1UqufG eznukYxsCsdP3BEg25X1MPXEILeOCfA8
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target language, accurately translate associated terminology and denominations, and adjust to

the cultural and linguistic framework of the target language and audience.

e e-Commerce: we have included an online advertisement for a product that is targeting a gender-
specific audience within a marketing context. This text employs persuasive and figurative
language to attract customers and align with the brand’s marketing strategies. Our objective is
to evaluate ChatGPT’s versatility in handling informal language and adapting its MT capabilities
to the text’s persuasive style and task-specific character, while ensuring technical accuracy in the

target text.

4.2 Zero-shot Experimental Layout

One of the primary goals of this paper is the investigation of ChatGPT’s MT capabilities for the
English-Greek language pair, with a particular focus on accessibility and efficacy. To gain a comprehensive
and holistic understanding of ChatGPT’s performance in Greek translation, we have employed simple
instruction prompts for the initial and most significant part of our research. Specifically, we opt to
initially trigger the translation ability of ChatGPT through baseline zero-shot prompts for paragraph-level
translation, mirroring inputs that would be typically used by both individuals and professionals to initiate

a MT conversation in the chatbot.

In our effort to simulate realistic scenarios, we have adopted a candidate prompt introduced by
Jiao et al. (2023); “Please provide the [TL] translation for these sentences:” (see Figure 3). This prompting
technique has been selected among other candidates due to its optimal application with Greek language
and its frequent utilization and modification in previous studies (Gao et al., 2023; Peng et al., 2023).
Notably, our preliminary test runs with similar prompts have indicated that the disparity in quality

among the translation outputs they triggered was minimal, primarily differing in phrasing and
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presentation. This suggests that even impulsive and unplanned prompts can elicit translations of

comparable quality.

4.3 Automatic Evaluation

In the initial phase of evaluating the obtained translation outputs of ChatGPT, we have utilized
reference-based automatic evaluation metrics. These metrics assign a score to the MT output based on
its similarity to high-quality human translations, referred to as reference translations (Chatzikoumi,
2019). To facilitate this evaluation process, we have employed human translations of our own production
for the target English texts. It is important to remark that reference translation-based metrics are well-
regarded for their effectiveness in large-scale evaluation contexts, but they are also known to reproduce

biases due to their inherent reliance on reference translations.

Please provide the Greek translation for these sentences: [A
celebration of freedom, this daring, yet distinctly floral and feminine
perfume is for those who do what they want and dare to be exactly
who they are. Breaking boundaries and paving their own way, this
women's perfume is inspired by the bold and the free.]

G Certainly! Here is the Greek translation for the provided sentences:

Muat yroptn Tng eAguBepiog, auTo To TOAUNPO, A& EekaBopa AovAoudaTto Kot OnAvko Apwpa
gival ylor EKEIVOUG TTOU KAvouv 0, TL B€houv Kol ToApoUV va gival akplfwg autol Trou eival
IMalovTog OpLo KO ovoiyovTog To S1ko Toug SpOpo, QUTO TO YUVKIKEID XPWHO ERTIVEETAL GTIO

TOuG TOAHNPOUG Kal Toug ehevBepoug.

Figure 3: Example of the zero-shot prompt (Jiao et al., 2023)
Since we have employed different categories of automated metrics in the evaluation process, it
is essential to distinguish automatic metrics from neural-network based metrics. In contrast to
traditional automatic metrics which solely rely on rule-based algorithms to compare the system output

with reference translations, the architecture of neural metrics is more complex, facilitating text quality
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assessment through machine learning architectures. Additionally, neural evaluation metrics exhibit a
significantly higher correlation with human judgements compared to traditional metrics, which often
present particular subjectivity due to their dependence on reference translations (Rei et al., 2023). The
advanced architecture of neural metrics allows them to capture deeper semantic and contextual
information, thereby providing evaluation scores that more closely align with human assessments.
However, these metrics are computationally intensive and are often regarded as black-boxes, offering
quality scores without transparency in their decision-making methodology. Conversely, traditional
metrics yield evaluation scores that are easier to interpret due to their straightforward architecture

(Chatzikoumi, 2019).

In light of practical constraints, we leveraged the capabilities of MATEO®’, an online open-source
machine translation evaluation platform introduced by Vanroy et al. (2023) which facilitates the
application of various automatic metrics without necessitating specialized expertise. The platform’s user-
friendly web interface enables efficient evaluation of machine-generated translations, thereby enhancing
digital literacy among both experts and novices. In our research, we employed three automatic metrics:

BLEU, BLEURT, and COMET.

e BLEU: The Bilinual Evaluation Understudy (BLEU) is an automated statistical metric that has been
extensively utilized as the standard for MT evaluation across various studies (Guzman et al.,
2017). BLEU assesses MT quality by determining the degree of similarity between the machine-
generated translation and the reference translation, focusing on the fraction of n-grams
accurately transferred to the target text (Papineni et al., 2002). This metric quantifies this
closeness, with higher scores indicating better MT performance. Additionally, BLEU incorporates

a brevity penalty to penalize translations that diverge significantly in length from the reference

37 Evaluate Machine Translations. (2023). MATEO. https://mateo.ivdnt.org/Evaluate
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translation. Despite the metric’s widespread adoption as a MT evaluation benchmark, it lacks
semantic understanding, often undervaluing high-quality translations that deviate from the
reference texts. In this study, the BLEU metric is employed to evaluate ChatGPT translations due
to its prevalent application, thereby facilitating the compatibility of our results with those of
similar studies.

e  BLEURT: Bilingual Evaluation Understudy with Representations from Transformers (BLEURT)
represents a milestone in MT evaluation metrics. It is a neural network-based metric built upon
the pretrained model BERT and fine-tuned specifically for quality evaluation tasks (Sellam et al.,
2020). In contrast to the n-gram based BLEU metric, BLEURT is capable of capturing the
contextual and semantic nuances of the text enabling it to predict human-like evaluation scores
with improved accuracy. This metric’s enhanced ability to reflect human judgment makes it
particularly suitable for research contexts where precise alignment with human evaluation is
critical, like our research.

e COMET: Crosslingual Optimized Metric for Evaluation of Translation (COMET) is another neural-
based MT evaluation metric that leverages deep learning and pretrained language models to
assess and score translation outputs (Rei et al., 2020). Similar to BLEURT, this metric excels in
deep contextual understanding and is extensively employed in MT evaluation research. COMET
is included in our evaluation layout as it consistently demonstrates improved correlations with

human assessments.

4.4 Human Evaluation

In the second phase of this study’s MT evaluation process, we have employed a multifaceted
manual human evaluation methodology to assess the quality of ChatGPT’s translation outputs. This

approach complements automatic metrics to acquire deeper insights into ChatGPT’s performance in
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English-to-Greek translation. To facilitate human evaluation in a timely and cost-effective way, we have
designed and distributed a questionnaire via Google Forms. The questionnaire’s layout comprises three
main sections per text domain, providing annotators with the source text, the machine-generated

output, and sentence-level evaluation questions.

The human evaluation methodology utilized is a hybrid approach that integrates both directly
expressed judgment (DEJ-based) and not directly expressed judgement (non-DEJ-based) evaluation
methods (Chatzikoumi, 2019). DEJ-based methodologies involve human evaluators explicitly expressing
their judgements about the quality of translations through direct feedback, such as ratings and rankings,
while the evaluation process for non-DEJ-based methods is more analytic and task oriented. In this study,
we have structured our evaluation setup into two distinct but interconnected parts: error classification
tasks and DEJ-based assessment tasks. Annotators were instructed to thoroughly interact with the texts
before providing quantitative quality ratings, thus facilitating a more descriptive and consistent

evaluation framework.

A critical factor in guaranteeing the reliability of the evaluation process is the profile of the
annotators, namely their linguistic proficiency and level of expertise. In our research, 93% of the judges
were native Greek speakers with native or professional working proficiency in English. This bilingual
capacity is crucial, enabling the majority of the evaluators to effectively assess the machine-generated

outputs in the bilingual questionnaire format.

Our study has received evaluation responses from 29 bilingual annotators, comprising 59%
professionals in the field of translation and 41% students or recent graduates from translation-related
disciplines. Previous research underscores the critical role that professional translators play in MT
assessments, highlighting their ability to deliver reliable judgments and promote interannotator

agreement (Laubli et al., 2018). On the other hand, in various evaluation methodologies, inexperienced
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annotators, such as students, may necessitate training with evaluation guidelines and examples to
provide high-quality evaluations. To ensure the reliability of quality scores and broaden our pool of
candidate annotators, we have organized our methodology to incorporate student evaluations as well.
Consequently, we have devised a universally accessible evaluation framework designed to promote
compatibility among annotators’ scores regardless of their level of expertise, thereby reinforcing the

robustness of human evaluation ratings.

Upon analyzing the evaluation scores, we have observed a high degree of compatibility in quality
assessments between practitioners and translation students, with only minor inconsistencies (see Figure
4). Notably, professional translators exhibited a stricter evaluation of ChatGPT’s translation outputs,
assigning scores that were, on average, 6% lower compared to those assigned by translation students.
This discrepancy can be attributed to the students’ relative lack of experience, familiarity with quality
standards and excessive exposure to MT outputs that professionals possess. Nonetheless, the minimal
variation in quality scores suggests that the overall evaluations are sufficiently consistent, allowing for

comparative evaluation of ChatGPT’s MT capabilities.
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Figure 4: Comparison of evaluation scores between professional translators and translation
students
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4.4.1 Error Classification Task

In the initial phase of our human evaluation methodology, we employed a widely utilized metric
—the error classification metric — to familiarize annotators with the texts they would subsequently
assess. This methodology is intended to minimize evaluation score discrepancies, allowing annotators to
engage with the texts in a more direct manner. Given that ChatGPT functions as a black-box system, we
have utilized this method to acquire more information about the generated outputs. The three machine-
translated texts were segmented into individual sentences, each paired with the corresponding source
sentence. Annotators were tasked with identifying and classifying errors within eight predefined error

categories for each segment of the translations.

Prior to designing the error classification task, we established a comprehensive error taxonomy,
drawing inspiration from the error typologies outlined in Popovic¢ (2018). The error taxonomy employed
in the evaluation process is a simplified version of previous taxonomies, designed to provide an inclusive
and descriptive framework that would enhance interannotator agreement. The importance of a well-
defined and personalized error typology cannot be overstated, as it is crucial for ensuring high-quality
evaluations. The design of our error taxonomy was tailored to the needs of our research, including eight
generalized error classes specifically designed to trigger desired quality assessments. These classes were
carefully described as easily distinguishable, thereby facilitating effortless and time efficient evaluation
and reducing the cognitive load on annotators. The error taxonomy we employed includes the following
error classes: terminology errors/mistranslated text, morphological errors, syntactic errors, spelling

errors, punctuation errors, errors in style, untranslated text, and unintelligible text (Popovi¢, 2018).
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Error Classification

What kind of errors can you identify in the translation below?
[Source Sentence]
[Target Sentence]

[] Terminology errors (e.g., inaccurate medical terms) [Biomedical]

Or

Commerce]

Morphological errors (e.g., casing, tense)
Syntactic errors (e.g., word order)

Spelling errors

Punctuation errors

Errors in style (e.g., higher or lower register)

Untranslated text

s I A O

Unintelligible text

| cannot identify any errors

(] Other:

Mistranslated text (e.g., inaccurate terms, inaccurate denominations) [News, e-

Table 3: Error Taxonomy
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To efficiently guide annotators, we have provided additional information to specific error classes

in order to limit ambiguity. Additionally, we have incorporated two supplementary options for cases
where annotators could not identify erroneous words or phrasing, and for errors that did not fit the

predefined categories. It is noteworthy that “terminology errors” and “mistranslation” often elicit

ambiguous responses, particularly when both categories are present in the error typology scheme. This

ambiguity is especially pronounced among annotators who lack professional training. To resolve this
issue and disambiguate the two error classes, we restricted the option for “terminology errors” to the

biomedical domain, where technical and specialized terminology is prevalent. This decision aimed at

maintaining accuracy in phrasing while promoting high quality evaluations.
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4.4.2 DEJ-based Evaluation Task

Following the error classification task, we have adopted an established human evaluation
methodology introduced by Callison-Burch et al. (2007). They proposed a direct assessment metric
where human evaluators rate translations in two separate five-point scales, focusing separately on
accuracy and fluency. Accuracy measures the correctness and completeness of the information
conveyed, while fluency refers to the naturalness and readability of the language used. This dual-scale
approach facilitates nuanced evaluation, allowing for clearer distinction between content accuracy and
linguistic quality (Callison-Burch et al., 2007). To enhance the precision of the quantitative assessments
we integrated this direct assessment framework into a hybrid evaluation methodology. Namely, this
metric follows a comprehensive analytical task, thereby mitigating potential inconsistencies in quality
scores. In this research, we further refined this evaluation metric by incorporating modifications

proposed by Chatzikoumi (2019), as illustrated in Table 4.

Accuracy Fluency Severity of Errors

How much of the content from the The language in the translation How would you rate the severity of
source text does the translation output is: the errors?
convey?

] Everything [J Perfect 1=5

0 Most of the content 0 Good Null = Critical

(] Big part of the content [J  Not natural

(] Small part of the content [J  Ungrammatical

0  None [J  Unintelligible

Table 4: Directly expressed judgment task

In addition to the accuracy and fluency assessment, we have added an evaluation component
focused on the severity of errors. Error severity, often overlooked in conventional human evaluation
methodologies, refers to the level of critical errors made by the MT system and is crucial for a holistic

understanding of translation quality (Sharou & Specia, 2022). Following the framework suggested by
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Lommel et al. (2024), we adopted a modified version of the MQM error severity scale. This enhanced
scale includes five categories: null, minor, moderate, major, and critical. This adaptation aligns with our

previous assessment questions, ensuring a cohesive and comprehensive evaluation framework.

5. Key Findings

Upon conducting a comprehensive analysis of both human evaluation and automatic evaluation
scores, we delve into the key findings that emerged from our study. Despite the limited scope of our
research, which involved evaluating a relatively small dataset, the resulting outcomes do not fall behind
large-scale studies, marking averagely 6% lower evaluation quality scores than Zhu et al. (2023) for the

Greek language.

The primary objective of this research is to evaluate the MT capabilities of ChatGPT for the
English-Greek language pair, thereby gaining a nuanced understanding of the model’s resources and
capacity concerning the Greek language. In this study, Greek is classified as a medium-resource language
for ChatGPT, yielding moderate performance in cross-domain translation. This classification aligns with
the status of an underrepresented language with lower accuracy in specific domains and slightly

improved fluency scores, corroborating the outcomes of previous ChatGPT MT evaluation studies.

Our investigation reveals that, although Greek is not as robustly represented in the training data
of ChatGPT as higher resource languages, the model still demonstrates a commendable ability to handle
translation tasks. The identified limitations highlight the need for further enhancement of the model’s
proficiency in Greek, particularly in specialized domains where accuracy remains suboptimal. The
findings contribute to the broader discourse on the performance of language models in medium-
resource languages and underscore the ongoing challenge of improving linguistic accuracy and fluency in

underrepresented languages like Greek.
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5.1 Error Classification Analysis

Having carefully employed the outlined evaluation methodology, we have identified several
noteworthy patterns and implications concerning the performance of ChatGPT. In the human evaluation
phase, particularly in the error classification task, annotators explicitly identified multiple errors; the
biomedical text elicited the highest number of remarks indicating significant challenges in this particular
domain. On the other hand, texts from the News and e-Commerce domains exhibited a more balanced
distribution of errors across different error categories. Through this comparative analysis we highlight
domain-specific variations in error frequency and type, offering valuable insights into the model's

strengths and limitations across diverse content areas.

In the Biomedical domain, our findings indicate that 70% of the annotators detected
terminology-related errors, highlighting ChatGPT’s significant limitations in providing reliable Greek
translations in specialized and demanding scenarios. Through the employment of a medical text in the
evaluation process, we opted to assess ChatGPT’s adaptability to specialized domains, evaluating the
model’s flexibility in conveying information it cannot fully process. Despite delivering the general idea of
the text in a medium-resource language, ChatGPT has mistranslated several concepts and terms.
Additionally, the outputs were fraught with syntactic and morphological inaccuracies as noted by 66%
and 40% of the annotators, respectively. These challenges led 34% of annotators to identify unintelligible
phrasing, likely compounded by terminological errors. Furthermore, 26% of the annotators have
highlighted stylistic inadequacies, deeming the translation inappropriate for the biomedical context.
Overall, these challenges suggest that ChatGPT is still at an early stage in providing high-quality

translations in Greek for specialized domains, where precision is of the utmost importance.
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No errors
Unintelligible text
Untranslated text

Errorsin style
Punctuation errors
Spelling errors
Syntactic errors

Morphological errors

Mistranslated text/Terminology
errors

W'FI“IT

0% 10% 20% 30% 40% 50% 60% 70% 80%

Hme-Commerce M News HBiomedical

Figure 5: Error evaluation task scores

Similarly, in the News domain, the performance of ChatGPT is deemed moderate by the majority
of evaluators. The text, rich in denominations and political references, has posed significant challenges
for accurate transfer and transliteration into Greek, reflecting the model’s limited training resources and
knowledge base. Notably, 60% of annotators identified instances of mistranslated text, classifying these
into the corresponding error class. Additionally, the model exhibits numerous syntactical and
morphological errors, with 45% and 27% of evaluators selecting these categories, respectively. However,
the incidence of such errors is lower compared to the Biomedical domain, indicating that ChatGPT
performs relatively better in less rigid text types where some degree of flexibility is permissible. The
machine generated output was also criticized in terms of style, with 31% of annotators pointing out an
inappropriate transfer of the style of the journalistic article. Interestingly, the journalistic text is ranked
first in the option for no identified errors, according to 14% of the judges, indicating it is the text with the

fewest erroneous instances.
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In the e-Commerce domain, the translation quality of the machine-generated output is similarly
compromised by instances of mistranslations, as identified by 62% of the evaluators. The advertisement
text features figurative expressions, gender-specific details, and an informal style, which the model has
failed to transfer optimally to the Greek target text. This has resulted in 30% of the annotators
identifying stylistic errors and 31% spotting unintelligible phrasing in various segments. Consistent with
previous domains, the model exhibits a high degree of syntactical and morphological errors with 39%

and 36% of the annotators selecting these error classes, respectively.

Overall, ChatGPT generated moderate-quality translations for each text domain, with significant
errors in terminology, syntax, morphology, and style. These findings suggest that the model remains
underdeveloped for providing accurate Greek translations in professional contexts, particularly for more
technical texts. Nevertheless, ChatGPT has shown attempts to adjust to the stylistic requirements of
each text type, confirming its versatile architecture. Notably, the evaluation for punctuation, spelling and
untranslated text indicates that the machine-generated outputs are appropriate in these aspects. These
observations underscore the need for further refinement and training of ChatGPT to enhance its
proficiency in Greek translations especially for specialized and professional scenarios. These findings
highlight the critical areas for improvement and set the stage for future advancements in the MT

performance of ChatGPT.

5.2 Human and Automatic Evaluation Analysis

After an inclusive analysis comparing the DEJ-based evaluation scores to automatic metric
scores, we have gained a more comprehensive understanding of ChatGPT’s MT capabilities in the Greek
language. To accurately present human evaluation responses, we have calculated overall quality scores

by equally weighing accuracy and fluency. The overall scores were subsequently converted to a 100-
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point scale to be normalized on a common scale with the automatic metric values, in order to easily

correlate the final quality results with those of previous studies.

Accuracy Score + Fluency Score
2

Overall Quality Score =

Our findings reveal that overall fluency scores slightly surpass accuracy scores, underscoring
ChatGPT’s proficiency in generating increasingly fluent, human-like natural language. However, these
results also highlight the model’s limitations in providing accurate information, especially in domain-

specific contexts.

A domain-wise analysis indicated that the journalistic article received the highest scores in
accuracy and fluency as it outperformed the biomedical text, which in turn surpassed the advertising
text that received the lowest scores. Interestingly, the e-Commerce domain, which typically requires less
specialized knowledge and permits greater flexibility, was rated lower than anticipated. This aberration
can be attributed to stylistic errors and deviations from the intended purpose of the translation, as
identified in the error classification task. The translation output of the journalistic article demonstrated
significantly improved fluency and accuracy compared to other text types, likely due to its simpler
domain-specific challenges and language use, which minimized corresponding errors. Despite the
substantial challenges associated with medical terminology and technical accuracy, the biomedical text

scored moderately, reflecting the intermediate difficulty of this particular domain.
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Figure 6: Human evaluation and automatic evaluation scores
Upon conducting an all-encompassing evaluation analysis, we have correlated human evaluation
scores with the appointed automatic metrics (see Figure 6). This analysis underlines that the translation
performance of ChatGPT for the English-Greek language pair is moderate compared to high-resource
language-pairs. Prior to delving into details, it is imperative to note that the evaluation scores attributed
to ChatGPT exhibit substantial consistency with those reported in large-scale evaluation studies for the
same language pair (Robinson et al., 2023). This compatibility substantiates the robustness and reliability

of our findings, reinforcing the validity of our comparative assessment.

In detail, BLEURT scores demonstrated a notable alignment with human judgments, assigning
comparable values across machine-generated outputs per text type: e-Commerce < Biomedical < News.
On the other hand, BLEU and COMET scores have displayed a divergent hierarchy of text-domain quality
levels: News < Biomedical < e-Commerce. The relatively lower scores assigned by the BLEU metric
indicate a significant deviation from the reference texts, implying that ChatGPT generated more flexible

and creative translations. Conversely, neural-based metrics, BLEURT and COMET, exhibited a stronger



Exploring the Capabilities of ChatGPT in Machine Translation 58

correlation with annotators’ evaluations, reflecting a closer approximation to human judgment.
Specifically, COMET’s higher scores are attributed to its more flexible and forgiving architecture and the
metric’s propensity to assign elevated scores is common and indicative of its ability to capture the

contextual nuances of the MT outputs.

Another crucial component integrated into the human evaluation methodology is the
assessment of error severity. Annotators were instructed to evaluate the criticality of the errors
identified in the translation outputs per text domain, using a five-point severity scale. Upon meticulous
analysis of the annotators’ scores, our findings suggest that the majority of errors exhibit substantial
criticality, highlighting ChatGPT’s moderate performance in translation tasks (see Figure 7). A domain-
specific analysis indicates a heightened level of error severity in the Biomedical and e-Commerce
domains, contrasting with a lower incidence of critical errors in the News domain. These observations
align with previous assessment scores, demonstrating that ChatGPT excessively generates critical errors

across diverse text types in Greek MT.
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Figure 7: Error severity scores



Exploring the Capabilities of ChatGPT in Machine Translation 59

6. Pivot Prompting

In our evaluation of ChatGPT’s MT capabilities for the Greek language, we employed zero-shot
techniques and baseline prompts. This approach aimed to trigger the model’s translation ability by
simply providing instruction and information about the target language and the source text. In this way,

we gained comprehensive insights into ChatGPT’s English-to-Greek translation capacity.

In this section, we briefly explore the potential of optimizing ChatGPT for Greek MT through a
recently popular zero-shot prompt engineering strategy. Jiao et al. (2023) introduced an innovative
technique termed pivot prompting, wherein ChatGPT is instructed to initially translate the source text
into a high-resource intermediary language (pivot language) before translating it into the target
language. The employment of a high-resource pivot language helps to effectively impart critical
information to the target text, thereby mitigating the information loss that typically occurs in low-
resource scenarios due to insufficient training data. Preliminary experimental results demonstrated that
pivot prompting significantly enhances ChatGPT’s translation performance, suggesting that it is a

promising strategy for achieving high-quality multilingual MT.

Considering that Greek is an underrepresented language in ChatGPT, we opted to assess the
pivot prompting technique through a small-scale experimental process. Specifically, we applied the
prompt proposed by Jiao et al. (2023) to translate the three selected texts, using German as the pivot
language due to its status as a high-resource language supported by ChatGPT. The intermediary
translation into German is intended to preserve critical information that might otherwise be lost when
translating directly from English to Greek, considering the relatively sparse training data available for
Greek. The suggested prompt was adapted to our specific language data as follows: “Please provide the

[German] translation first and then the [Greek] translation for these sentences one by one:”.
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Before analyzing our findings, it is essential to acknowledge the limitations inherent in our study.
The scope of our research was constrained by a limited dataset and a narrow linguistic framework, which
may affect the generalizability of our results. Consequently, the relative outcomes and their applicability
to the Greek language may not accurately reflect the effectiveness of this technique in large-scale,
realistic applications. Additionally, due to practical constraints, our evaluation of the machine-generated
outputs following the implementation of pivot prompting relied solely on automatic evaluation metrics.
This limitation may further affect the reliability and validity of our findings, as automatic metrics alone

may not fully capture the nuanced aspects of translation quality that human annotators can provide.
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Figure 8: Pivot prompting quality scores per text domain using automatic metrics

Upon analyzing our score findings per text domain, we observed a significant and consistent

improvement in ChatGPT’s performance in all text types, highlighting the critical role of prompts in
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eliciting more desirable responses. Notably, the most substantial increase in quality scores is identified in
the Biomedical domain, with a 28% higher score attributed by the BLEURT metric, which aligns closely
with human judgments as established in prior sections. The News domain also experienced a notable
improvement in quality scores, with an average increase of 10% among automatic metrics. Conversely,
the e-Commerce domain exhibited a marginal improvement, with only 1% general increase in quality

scores (e-Commerce < News < Biomedical).

This variation in ChatGPT’s performance underscores the impact of pivot prompting in enhancing
translation quality for low-resource languages. By leveraging the training data of a high-resource
intermediary language, ChatGPT can produce higher quality translations in specialized domains.
Considering the significant improvement observed in the Biomedical domain we can assume that
ChatGPT made substantial advancements in handling terminology errors through pivot prompting.
Concurrently, the overall improvements may imply a reduction in morphological and syntactical errors as

inferred from our error classification findings.

7. Conclusion

ChatGPT has already made significant contributions in the field of MT research and holds
promising potential to evolve into a reliable and invaluable tool within the translation industry. However,
the model’s performance varies significantly across different linguistic and cultural contexts.
Furthermore, its successful application in translation tasks is highly dependent on the complexity and
specialization of the source texts. In this context, achieving high-quality machine translation is also
influenced by various methodological factors, including prompting techniques and input manipulation.
Overall, ChatGPT remains in a transitive and evolving stage, with its performance contingent on various

factors to generate desirable translation outputs.
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In the context of our language-specific and accessibility-promoting study, ChatGPT remains at an
early stage of development, exhibiting generally moderate MT performance for Greek, a medium-
resource language, across various domains. Our comprehensive evaluation, which involved both human
annotators and automatic metrics, uncovered numerous critical errors in the English-Greek language
pair. Notably, ChatGPT particularly underperformed in accurately rendering terminology and providing
syntactically and morphologically correct Greek translations. This underperformance was particularly
pronounced in specialized domains, where Greek translations frequently showed increased instances of
hallucinations and unnatural language use. The evaluation scores further underscored this disparity;
while the model displayed higher fluency scores, its accuracy scores were significantly lower, suggesting
a substantial gap in training resources for the Greek language and emphasizing the urgent need for more

comprehensive Greek-specific training corpora and advanced modeling techniques.

These findings highlight critical areas for improvement and set the stage for future
advancements in ChatGPT’s MT performance. Through this research, we highlight the imperative
necessity for further refinement and training of the model, to enhance its proficiency in Greek
translations, particularly for specialized professional scenarios. Additionally, the insights gained from this
study not only illuminate the current limitations of ChatGPT but also pave the way for targeted efforts to
optimize its capabilities, ultimately contributing to the broader goal of advancing MT technology for low-

resource languages.

In our subsequent endeavor to optimize ChatGPT for Greek MT, we employed a recently
introduced prompting strategy designed for low-resource languages, termed pivot prompting. Our
findings demonstrated a significant improvement in ChatGPT’s performance, particularly in specialized

texts. This underscores the critical role of prompts in harnessing the full potential of ChatGPT for MT in
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low-resource scenarios, highlighting the promising, albeit preliminary, evaluation of this prompting

technique.

In light of these findings, it is imperative to assess ChatGPT’s potential for large-scale
professional application. The introduction of ChatGPT into the translation industry has raised concerns
about the potential displacement of human expertise and workforce by Al technology, sparking
significant debates about the chatbot’s reliability and suitability for professional purposes. ChatGPT has
transformed the dynamics between translation technology and translation professionals, prompting
questions about its optimal application, aiming to balance technological advancements with the

preservation of human expertise.

While the Al-chatbot has been incorporated into the translation industry in various capacities
worldwide, its widespread adoption for the Greek language remains uncertain. Considering our findings,
we conclude that ChatGPT is not yet suitable for large-scale autonomous incorporation by translation
practitioners. Its current developmental stage renders it more appropriate for subsidiary and
inspirational tasks, proving optimal for limited applications where it can assist professionals in time-
consuming activities. This observation underscores ChatGPT’s early stage of development and its
unreliability in domains requiring high accuracy and specialized knowledge, highlighting the considerable
distance it must travel before becoming a dependable tool for Greek language contexts. A significant
concern is the model’s inability to be accountable for professional decisions, take initiative in critical
situations, and maintain transparency in professional settings. Nevertheless, our research reveals that
the key to harnessing ChatGPT’s MT capabilities lies in effective prompting techniques, which have

shown promising improvements in performance.

With the advent of GPT-4 and its expanded multilingual capabilities, coupled with the rapid

evolution of GPT models, ChatGPT is poised to secure a robust and enduring role within the translation
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industry. This progression heralds a transformative era in human-machine collaboration, suggesting a
future where technological advancements complement and enhance human expertise rather than

displace it.

64
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Appendices

Appendix A: Zero-shot Experimental Layout

Text Type

ST (EN)

TL (EL)

Reference

Biomedical

The uterus is a vital reproductive and
hormone responsive organ is subjected to
many non-neoplastic and neoplastic
conditions. Many treatment options are
available including medical and conservative
surgical but hysterectomy still the second
most frequently performed major surgical
procedure in females worldwide next to
cesarean section [1]. It is the treatment of
choice for many indications which include
dysfunctional uterine bleeding, fibroids,
gynecological cancers and obstetric disorders
[2]. Hysterectomy is done by the vaginal or
abdominal route, or with the help of
laparoscope. (...) The Hysterectomy
specimens received were immediately
transferred into 10% formalin saline in the
ratio of 1:10. After 24 hours fixation, the
specimen was examined grossly for size, wall
thickness and any mass present and
necessary sections were taken from uterus
that includes endometrium, myometrium
and serosa from fundus, body and lower —
uterine segment.

H untpa elval éva {wTtikd avamapaywyLlko Kot
guailoBnTo OTIG OPUOVEC OpYOVO TIOU
udlotatal MOAAEG N VEOTIAQGTIKEG KoL
VEOTIAQLOTLKEC KATOLOTAOELG. YITAPXOUV TIOAAEC
emloyeg Oepamneiag SLaBEoEG,
OUUTEPAAUBAVOUEVNG TNG LOTPLKAG KOLL TNG
CUVTNPNTLKAG XELPOUPYLKNAG, OAAA N
UOTEPEKTOUN TAPaPEVEL TO SEUTEPO
OUXVOTEPA EKTEAOUEVO HELOV XELPOUPYLKO
emneiyov mpdobeTo MapeUPATIKO EMELYOV OE
YUVOUKEG OE TIAYKOOWLO EMIMESO, UETA TNV
Kaloapukr Topun. Eival n Beparmeia tng
€TUAOYNG Yl TIOAAEG evOeifeLg IOV
niepAapBavouv tn AlToupyLKr UATPAS
alpoppayla, TouG LUWATA, TOUG
YUVALKOAOYLKOUG KOPKIVOUG KaL TG TOKETIKEC
Slatapaxeg. H uotepektopn
Tipaypatonoleital pe Baywn 1 Kotlakn 0866
1 ne t BoriBela Aamapookorniovu. (...) Ta
Selypata votepektoung mou AndOnkav
peTadpEpOnkav apeows oe popuaAdeiidn
10% o€ dpucloloykd aldtt o€ avaioyia 1:10.
Meta anod 24 wpeg otabepomnoinong, To
Selypa e€ETAOTNKE LOKPOOKOTILKA YLol
HéyeBog, maxog Toiyou kot omotadnmote pala

H untpa eival éva {wtikng onuooiog
OVOTIOPAYWYLKO KOl OPLOVIKA
OVTATIOKPLVOEVO OPYOVO TO OTIOLO UTIOKELTOL
0€ TIOAAEG N VEOTTAOQCATLKEG Kall
VEOTIAQLOMATLIKEG oUVONKEG. AlatiBevtat
ToAAEG emloyég Bepameiog
CUUTEPLAOUPBAVOUEVWVY LATPLKWY KAl
CUVTNPNTLKWY XELPOUPYLKWY BepaTELWVY,
OAAQ N UOTEPEKTOUN TIAPAUEVEL N SEUTEPN
ouxvoTepn Bapeia xelpoupyikn emépPBacn
OTLG YUVALKEG TIAYKOOMLWG HETA TNV
Kaloapikr Toun [1]. Elval n Beparmeia mou
eTAEYETAL O€ EPUTTWOELG Stadopwv
evbeiewv omwg n SucAeltoupyikn
alpoppayia TG LATPOC, WVOUUWHATA,
YUVQULKOAOYLKOL KAPKIVOL KOl LOLEUTLKES
Slatapaxeg [2]. H votepektoun
T(POYLLATOTOLE(TOL LECW TNG KOATILKAG N
KoWALakn G 0dou, 1| 1e Tn Bonbela
Aamapookortiou. (...) Ta &siypata
UOTEPEKTOUNG Tou eAndOnoav
petadépbnkav dpeca o StaAupa GpopuoAng
10% o€ avahoyia 1:10. Enetta anod 24 wpeg
poviomnoinong, kaBe delypa eetaotnke
MOKPOOKOTILKA WG TTPOG TO LEYEDOG, TO TIAXOG
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mapoloa Kol payatTono)énkay ot
QVOYKOLEG TOUEG OO TN UNTPA TTOU
neptAapBavouy To eVEOUNTPLO, TO LUOUATPLO
Kall tn ogpola and Tov Govo, To CWHA KoL TO
KATW-ETEPLKO TUAMO TNG.

TWV TOLYWHATWVY Kal KABe untapyovoa pala,
£VW Tapnxnoav amapaitnta TUAKATL TNG

UNTPAG OMWE TO EVOOUNTPLO, TO LUOUNTPLO

KOl 0poyOVOC XLITWVOG oo Tov mubuéva, to
CWHA KOL TO KATWTEPO TUAUA TNG LATPAC.

News

Mohamed Mansour, a senior treasurer of the
Tory party for just over a year, was among
surprise recipients of honours unexpectedly
announced late on Thursday, who also
included a series of Conservative MPs. While
the citation for Mansour said the knighthood
was for business, charity and political service,
Anneliese Dodds, the Labour chair, said it
appeared clearly tied to his donation to the
Tories. “This seems to be either the action of
an incredibly arrogant prime minister who
just doesn’t care what the public thinks, or
someone who'’s effectively demob happy, and
not thinking he’s going to stay in that role as
prime minister,” she told Sky News. “Really, |
think the public are going to be quite
appalled by this news today”.

O Moyxdpevt MavooUp, avwTtepog Tapiag tou
KOUpaTog Tory yla Alyo mapamnavw amno évayv
XPOVO, ATAV HETAEY TWV OMPOCcSOKNTWY
VTS LKWV TWV TLHWV TIOU ovaKoLvwonkav
anpocdoknta tnv NEumtn kabuotepnuéva,
ol omolec mep\dppavav eniong pLo oslpa
and BOUAEUTEG TWV ZUVTNPNTKWY. Evw n
avadopd yla tov Mavooup €leye OTL O
MMOTNG ATAV YLa ETIXELPAOELG, pLAavBpwrtia
Kall TTOALTIK uTtnpeoia, n Avvelll NTovtg, n
TpOedpocg Tou Epyatikou Koppatog, gine otL
dawodtav cadwg depévo e tn Swped tou
otoug Toplc. «Autd daivetal eite va givat n
TPAEn evog anioteuta ahalovikou
MpwBuToUPYOU Tou amAwg Sev volaleTal yla
QUTO TIOU VOUITEL O KOOUOG, EITE KATTOLOG TTOU
elval ouoLaoTIKA XAPOUREVOG YLaL TNV
amoxwpnon Kat 6gv vouilet otL Ba
TIOPOUELVEL O€ QUTOV TOV POAO WG
npwBumoupyde», SAwaoe oto Sky News.
«Mpaypatikd, motelw OTL 0 KOopoG Ba eival
OPKETA OITOYONTEVHUEVOC Ao AUTA TA VEQ
onpuepar.

O Moyxdpevt MavooUp, avwTepog Tapiog tou
KOUUOTOG TWV ZUVTNPNTIKWV yLo Alyo
TIEPLOCOTEPO ATIO VAV XPOVO, NTAV OVAESA
OTOUC QIMOBEKTEG  «EKTIANEN» TLUNTLKWV
Slakpiogwv ou avakovwOnkav atdvidiwg
opya tnv Meéumtn, Hetal Twv onoiwv nTav
OKOWUN apketol Zuvtnpntikol BouleuTtéc. Evw
N TOEATTOMTTY Yo Tov Mavooup avédepe OtL
0 TLTAOG TOU UIOTN TOU OMOVEUATAV YLa
ETUXELPNMATIKEG, PLAAVOPWTTLKEC KoL
TIOALTIKEG UTtNPEGLEC, N AveAIl NTOvTG, n
npoedpocg Tou Epyatikol kOppartog, SHAwoe
otL pawotav Eekabapa n oUVSEECT) TOU E TN
Swped Tou atoug Tuvtnpntikolc. «Paivetol
OTL IPOKELTAL YLa La Kivnon eite evog
g€alpeTikd ahalovikou mpwbumoupyou Tou
arAd Sev eviLladEPETAL yLA TN YVWN TOU
KOWoU €ite VO TPOYUATLKA
guxaplotnuévou "amdotpatou” mou dev
miotelel 6tL Ba mapapeivel oTov poAo Tou
npwBumoupyou» eine ato Sky News.
«ANRBela, moTeV W OTL TO Koo Ba
oOoKOpLOTEL LbLaitepa Ue ONUEPLVA VEQY.

e-Commerce

Libre Eau de Parfum is a bold, floral perfume
for women. A statement feminine fragrance
for those who live by their own rules, is also a
statement of value and sustainability,

To Libre Eau de Parfum sival éva ToAunpo,
Aouloudato apwpa yla yuvaikeg. Eva
APWHATIKO SNAWoNG ONAUKO Gpwua yLa
ekelveg ou {ouv Pe Toug LKoUG Toug

To Libre Eau de Parfum eivat éva yuvalkeio
ToAUNpo, Aouloudarto apwpa. Mia SnAwon
BnAuknc evwbdiag yla ekeiveg ou fouv Ue
TOUG SLKOUG TOUG KOVOVEG, OAAA KOl Lt
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refillable at home with a 100ml refill bottle.
Lavender essence from France combines with
the sensuality of Moroccan orange blossom
and daring notes of musk accord to create a
unique long-lasting perfume. (...)

A celebration of freedom, this daring, yet
distinctly floral and feminine perfume is for
those who do what they want and dare to be
exactly who they are. Breaking boundaries
and paving their own way, this women's
perfume is inspired by the bold and the free.
An oversize golden cassandre logotype freely
bent & nailed into the glass like a jewel. Sexy
golden chains and an asymmetric black
lacquered cap tops it off. Your forever Libre
bottle, now sustainably refillable at home.

KQVOVEG, elval emiong pa SnAwon alog kot
Buwotpdtnrag, pe Suvatotnta avarmAnpwaong
OTO OTITL E £VA UITOUKAAL QVOTTANPWGONG
100ml. H eodvg AeBavtag anod tn FoaAAia
ouvbudletal e tnv alednolakoTnTa Tou
MOPOKLVOU TTIOPTOKAALOU KA TLG TOAUNPES
VOTEG TOU QpWHOTOG LOGYOU yLa va
Snuoupynoet Eva povadikd Kal SLUpKES
apwpa. (...)

‘Evag eoptacpog tng eAeuBeplag, auto To
ToAUNPo, aAld Slakpitikd AoulouddTo Kot
OnAuko Gpwua lval yla eKeiVEG TTOU KAVOUV
0,TL O€\ouv Kat ToOAHoUV va elval akplpwg o,tL
elvat. Zrnafovrag ta OpLa KAl avolyovtag Tov
S1Ko Toug 6pOLO, AUTO TO GpWHA YL
YUVOIKEG ELVAL EUMVEVOUEVO ATIO TO TOAUNPO
Kal To eEAevBepo. Eva peydlo xpuad
Aoyodtuno cassandre TOU KAUMUAWVETAL
e\evBepa Kkal kapdwveTal 0To yuali oav
Koopnuata. ZEEL xpuoég aluaideg kal éva
OCUUETPO LOUPO KOTIAKL TO OAOKANPWVOUV.
To umoukdAt Libre, mou givatl mAéov Blwotpa
QVATANPWGLUO OTO OTIITL, yLa TAVTAL.

SNAwon yla tnv afla Kot Tn Blwotpotnta pe
v cuokevaoia Twv 100ml ou pmnopet
Eavayeploel oto omitl. To alBéplo éNato
AeBavtag ano t FaAAia cuvSualetal e To
a1oOnotaké Mapokivd avBog mopTtokaALldg,
EVW OL TOAUNPEG VOTEG LOOXOU Aappdvouy
UEPOG atn Snuloupyia evog povadikol
avBeKTIKOU apwuaTog. (...) Mia yLopti
e\euBepiog. Auto To ToAUNPO oG oLaitepa
Aouloudaro katl OnAuko dpwpa eival yia
£Kkelveg TToU KAvouv OTL emBu oLV Kol
ToApOUV va elval 0 EUTOC TOUG.
ZEMEPVWIVTAG TA OPLA KAL AVOLYOoVTaG VEOUG
Spbduouc, aUTO To ApWHA EIVOL EUNMVEUCHEVO
ard T TOAUNPEG KoL TIC eEAeUBepec. Eva oAU
peyalo, xpuod AoyoTtuTo Tou cassandre
e\evBepa Auylopévo aykaAldlel To yuali oav
KOounpa. Ot aobnolakég xpuoeg ahuoideg
KOl TO 0LCUUETPO HAUPO YUOALOTEPS KATIAKL
TOU TO ATMOYELWVOUV. To UImoukdAL Libre mou
Ba £XeLG yLa TAVTA, UMOPELG TWPA VAL TO
Eavayepilelg oto omitL.
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Appendix B: Error Classification Scores

Biomedical News e-Commerce
Terminology errors 70% 60% 62%
(e.g., inaccurate medical terms)
Morphological errors 40% 27% 36%
(e.g., casing, tense)
Syntactic errors 66% 45% 39%
(e.g., word order)
Spelling errors 7% 6% 5%
Punctuation errors 14% 4% 2%
Errors in style 26% 31% 30%
(e.g., higher or lower register)
Untranslated text 4% 0% 5%
Unintelligible text 34% 29% 31%
I cannot identify any errors 5% 14% 6%
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Appendix C: Human Evaluation and Automatic Evaluation Scores

Zero-shot Human Evaluation BLEU BLEURT COMET
Biomedical 42 26 40 84
News 50 20 44 82
e-Commerce 38 29 35 86

Appendix D: Pivot Prompting Evaluation Scores

Pivot Prompting BLEU BLEURT COMET
Biomedical 49 68 90
News 30 57 90

e-Commerce 29 37 88




	Abstract
	1. Introduction
	2. ChatGPT
	2.1 Origins of ChatGPT
	2.2 The Evolution of Large Language Models and Generative Pre-trained Transformers
	2.3 Overview and Operational Framework of ChatGPT
	2.4 Strengths and Weaknesses
	2.5 Applications

	3. ChatGPT and Machine Translation
	3.1 Related Work
	3.1.1  Comparative Machine Translation Evaluation
	3.1.2 Prompt Engineering for Machine Translation
	3.1.3 Machine Translation Evaluation for High-resource and Low-resource Languages

	3.2  The Case of the Greek Language

	4. Research Methodology
	4.1 Domains
	4.2 Zero-shot Experimental Layout
	4.3 Automatic Evaluation
	4.4 Human Evaluation
	4.4.1 Error Classification Task
	4.4.2 DEJ-based Evaluation Task


	5. Key Findings
	5.1 Error Classification Analysis
	5.2 Human and Automatic Evaluation Analysis

	6. Pivot Prompting
	7. Conclusion
	References
	Appendices
	Appendix A: Zero-shot Experimental Layout
	Appendix B: Error Classification Scores
	Appendix C: Human Evaluation and Automatic Evaluation Scores
	Appendix D: Pivot Prompting Evaluation Scores


