J. Electrical Systems 20-3 (2024): 3502-3513

IPraloy Biswas Evaluating Generative Artificial

2Subhrendu Guha Intelligence on Multilingual

Neogi Sentiment Analysis Journal of
3A. Daniel Electrical
*A. Mitra Syt

Abstract: - This study shows that natural language processing (NLP), large language models (LLM), and generative Atrtificial Intelligence
are becoming the most important. LLM is considered essential for many NLP tasks, including question-answering, classification,
interpretation, and writing. New LLMs must be able to analyze and create documents in different languages as they know how to train
training materials in different languages such as ChatGPT, BLOOMZ, and others. Considering how frequently LLMs are used, it is critical
to assess the effectiveness in multi-lingual environments. In a zero-shot context, the present generative models are still useful in producing
text in Indian languages. On the other hand, generative models routinely outperform human quality-based evaluation when it comes to
English language generation and Indian languages. LLMs are not meant to be used in a zero-shot manner in downstream applications due
to poor generating performance.
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I. INTRODUCTION

The researchers have shown great interest in Large Models (LLMs) like ChatGPT and GT-4 because of the
significant advancements in their capabilities, which include reasoning, fluency of generation, and context
maintenance throughout discussions. Numerous users have reported testing these systems in languages other than
English, with different degrees of success. Additionally, recent demonstrations of these models (Warren, 2023)
have been presented in several languages, although ones with a lot of resources.

Multilingual sentiment analysis is challenging for machine learning due to linguistic and cultural differences across
languages. Generative Al models like large language models can help overcome this by leveraging large datasets
in multiple languages for training. Key evaluation metrics include sentiment classification accuracy, contextual
semantic understanding, and calibration across languages. Models should be evaluated on representative datasets
in each target language. Major benchmarks include multilingual Amazon Reviews, Multilingual Sentiment Twitter,
and others spanning languages like English, Chinese, Hindi etc. Limitations of current generative models include
poorer performance on low-resource languages, difficulty capturing nuances, and bias issues. It might be beneficial
to enhance model designs and training data. Future work is needed to improve model robustness, mitigate biases,
adapt better to new languages and domains, and enhance understanding of linguistic/cultural nuances. More diverse
multilingual datasets and testing are important.

The MMLU multiple choice questions benchmark was recently used to assess the GPT-4 model (OpenAl, 2023)
by automatically translating it into 26 languages. It was discovered that a few Latin-script low-resource languages
showed great promise. Their multilingual capabilities originate in these models' pre-training data, which includes
hundreds of millions of non-English tokens even in big, primarily English corpora (Blevins and Zettlemoyer, 2022).
Documentation of evaluation procedures, data, and results is important for transparency and identifying areas for
improvement. Their multilingual capabilities originate in these models' pre-training data, which includes hundreds
of millions of non-English tokens even in large-scale corpora with a preponderance of English tokens (Blevins and
Zettlemoyer, 2022). It has been reported that the unlabeled pre-training data for GPT-3 contains 119 languages
(Brown et al., 2020), with around 93% of the tokens being in Englishl. With 60% and 18% of their pre-training
data being non-English, respectively.

The objectives are as follows:
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1. This study to examine the zero-sample performance of LLM in an Indian language and test different languages
to verify English connections.

2. This study is about the existing open-source LLMs and their performance in text production for Indian languages
when measured by the ROUGE criterion. Similar trends are also seen in the results for cross-lingual generation, or
generation from Indian languages to English.

3. Itis not recommended to use off-the-shelf LLMSs in downstream applications in Indian languages. The optimized
models can outperform the zero-shot LLMs. For improved performance, fine-tuning with task and language-
specific data is crucial.

4. In both mono-lingual and cross-lingual contexts, information produced by LLMSs can be more accurate, fluent,
and relevant than content produced by humans.

It is important to note that the ROUGE metric evaluation and the manual evaluation of quality metrics yield
incongruent results, underscoring the lack of good correlation between automated metrics and human assessments.
Overall, rigorous evaluation of generative models on multilingual sentiment ensures fairness, accuracy, and
reliability as these models are deployed in real applications. Generative Al has promising capabilities for
multilingual sentiment analysis but still requires improvement to handle the complexity and diversity of languages
and expressive content. Rigorous benchmarking on realistic data is key to advancing the state-of-the-art.

Il. RELATED WORK

Several initiatives aimed at a comprehensive assessment of LLMs' capabilities have been prompted by the increased
interest in LLM evaluation. Although Srivastava et al. (2023) covers a wide range of BIG-bench activities, most of
the non-English tasks are translation-oriented, which restricts the more general task-based inferences that can be
made for such an evaluation. Similarly to, Liang et al. (2022) assessed 30 language models using 42 scenarios and
7 metrics, proposing a taxonomy of scenarios and metrics in the Holistic Evaluation of Language Models (HELM)
to define the space of LLM evaluation. All the scenarios, nevertheless, are concentrated on datasets written in either
standard or regional English. Lately, there has been a great deal of interest in assessing the many capacities of
LLMs, as evidenced by extensive studies such as HELM (Liang et al., 2022) that assess these models on a broad
range of capacities. Nevertheless, the majority of these studies use on English language data, and there is a dearth
of comprehensive assessments of LLMs' multilingual competencies. The necessity of such an evaluation cannot be
overstated, given the present rate at which new language technologies utilizing LLMs are being produced, as
instances of disparities in the performance of prior generation models across languages have been well-documented
(Blasi et al., 2022).

Targeted efforts have been noted lately to assess these LLMSs' performance in the context of various tasks,
languages, and modalities. Lai et al. (2023) thoroughly assess ChatGPT's capabilities in several languages for a
variety of jobs. Comparably, Bang et al. (2023) focus on reasoning and hallucination while conducting a thorough
investigation of ChatGPT in multilingual, multimodal, and multitask settings. Experiments assessing ChatGPT's
Text-to-SQL performance are documented by Liu et al. (2023) to investigate the system's capacity to produce
structured SQL text from given natural language text. For the binary classification work, 3,120 unique text
documents used from 16 varied datasets and for the three-class task, 792 documents from 4 datasets. For the
balanced dataset, there is an equal amount of text documents from each class. With the exception of the meta-
analytic sample obtained by Hartmann et al. (2023), nineteen of the datasets used in our comparative study are
publicly available. To address potential concerns about data contamination, the three LLMSs on data produced after
their last training session using an Amazon review dataset from 2022 is evaluated. All of the LLMs that were tested
were "zero-shot" because they inferred sentiment directly without any explicit task-specific training. The outputs
were nearly predictable because the model's temperature was adjusted to zero.

An intriguing use case for generative models is annotation and evaluation. Numerous studies have been documented
investigating this idea. Wang et al. (2023b) investigate whether ChatGPT can be used to assess the quality of natural
language. Guo et al. (2023) investigate ChatGPT in-depth to see how similar it is to human experts. In a similar
vein, Tornberg et al. (2023) find that ChatGPT performs better when it comes to annotation than both experts and
crowd workers. In these works, high-resource languages like English and Chinese are taken into consideration. This
is investigated in the works of Zhu et al.(2023), Kuzman et al. (2023), and Chen et al. (2023), the use of generative
models as opposed to human assessors and annotators. All other Indian languages, excluding Hindi, are classified
as low or extremely-low-resource languages (Lai et al., 2023). The data set used to train LLMSs contains a smaller
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representation of these languages. LLMs do reasonably well in these languages in spite of this. Punjabi (pa) and
Odia (or) languages sometimes do remarkably better than Hindi, a language with comparatively more resources.
We embody a concept that is considered to be a socio-technological system and a generator of Al as socio-technics.
Generative Al research includes a prior class of experiences, which gives us a historical starting point. Attention is
directed fundamentally to the language models being used. The use of AR/VR might also be considered as a tool
with education (Peres et al., 2023) or in a specific application. The significant positive effect of education on future
employment and life quality (Kasneci et al., 2023; Gimpel et al., 2023). The individual whose languages are
preserved has better future employment opportunities and a better life quality overall. Additionally, most of the
research on sentiment analysis with ChatGPT has been done with datasets in English, with a small amount of work
done in the local tongue. Given the speed at which generative models are developing, there is a great deal of interest
in comprehending and assessing these models' performance. One way to examine the behavior of these models is
to experiment in different scenarios, as many of them (like Bard and ChatGPT) have not revealed all their technical
and data specifications. There has been a great deal of interest in assessing the many capacities of LLMs, as
evidenced by extensive studies such as HELM (Liang et al., 2022) that assess these models on a broad range of
capacities. Nevertheless, the majority of these studies use on English language data, and there is a dearth of
comprehensive assessments of LLMs' multilingual competencies. The necessity of such an evaluation cannot be
overstated, given the present rate at which new language technologies utilizing LLMs are being produced, as
instances of disparities in the performance of prior generation models across languages have been well-documented
(Blasi et al., 2022).

I1l. EMPIRICAL FRAMEWORK AND CONCEPTUAL DESIGNS

A. Multilingual Generative Al's Mathematical Foundations

Different from discriminative modeling mathematically, generative modeling is the basis of generative artificial
intelligence (Ng and Jordan, 2001) and is frequently employed in data-driven decision support. The mathematical
underpinnings of generative Al combine ideas from statistics, probability theory, and optimization. We can now
mathematically express the chance that x and y will occur jointly thanks to generative modeling. It learns the
distribution of different classes and attributes, not the border. With LLMs like ChatGPT and Llama 2 being so easy
to get, businesses and researchers can use them for natural language processing jobs like sentiment analysis in ways
that have never been possible before. This makes it easier to get an LLM, but it also makes it harder to choose
because there are so many of them, and we don't fully understand their pros and cons yet. This wide range of options
can make it easy to use a single model for all tasks, without considering how well each model works with different
mood analysis tasks. First, it's clear that there isn't a complete empirical framework that tells businesses and
academics how to choose the right sentiment classification methods in this age of Generative Al. Second, there
aren't any performance comparisons between different LLMs and well-known transfer learning models, such as
SIEBERT, on a standard set of data. This makes study harder. Lastly, more research needs to be done on how the
types of data and the way they are analysed affect how well LLMs can classify things. The framework guides the
planning of the next experiments, which are made to fill in the gaps in current study on sentiment analysis.
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Fig. 1: Empirical framework for sentiment analysis in the age of Generative Al, adapted from Hartmann et al.
(2023)
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The visualization of models shows that, in addition to all the traits of both species' tails and ears, a generative model
is also capable of predicting other properties of a class. This implies that it learns characteristics and how they
connect to get a general idea of how those species seem. In Figure 1, we can see the revised framework that
incorporates the Generative Al component, namely LLMs, within the preexisting sentiment analysis approach
benchmark proposed by Hartmann et al. (2019 & 2023). The decision between simpler binary classification tasks
and more complex multi-class classifications is shaped by the research topic and context, which in turn affects the
accuracy of the classification. Consequently, these considerations are crucial when selecting a sentiment
classification method. Based on their research aims, researchers need to decide how many classes sentiment analysis
will use. From simple binary tasks, such predicting whether social media posts would be positive or negative or
detecting firestorms, to more complicated multi-class tasks, like distinguishing emotions from email headlines, this
decision-making can take many forms.

B. Models for Generative Al

These are the two most widely used generative Al models in our study. Generative Adversarial Networks (GANS)
are the discriminator and generator networks are beyond reference. Supervised machine learning is used to model
a customer against an existing base of other customers. The generative adversarial network is an amazing work of
development in Al. A group of researchers, Goodfellow et.al. (2014) led by Jan Goodfellow at the University
invented the first Al that produced original pieces of art. In Generative Adversarial Networks, GAN architecture
shows a great deal of study of the real world applications have made GANSs the most widely used of generative Al
model. A group of deep learning language models known as GPT-3 were developed by the OpenAl group, an
artificial intelligence research center situated in San Francisco. GPT-3 is the name of the generative pre-trained
transformer model. GAN architectures consist of two sub-models in which the discriminator is a neural network
that ascertains if a given sample originates from the domain or is a fictitious sample from a generator. A neural
network is a generator that takes a random input vector—a set of mathematical variables—and creates fictitious
input or fake samples out of it. The discriminator is essentially a binary classifier that produces probabilities, which
are differentiable integers between 0 and 1. The closer the value approaches zero, the higher the likelihood of fake
production. On the other hand, values that are closer to 1 suggest a higher likelihood of the forecast being accurate.
CNNs (Convolutional Neural Networks) are frequently used to build both a generator and a discriminator,
particularly when dealing with images. When a generator produces a fictitious sample that is sufficiently realistic
that it can trick both people and discriminators, GANs will be successful. However, the game continues after that
since it's time for the discriminator should be improved and updated. Transformer-based models are computer
programs, such as Generative Pre-Trained (GPT) language models, that use data gathered from the Internet to
produce textual material, such as press releases and whitepapers.

GENERATIVE ADVERSARIAL NETWORK ARCHITECTURE
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Fig. 2: The framework for generative adversarial network architecture
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Fig. 3: The encoder-decoder transformer model

Transformers are strong deep neural networks, initially introduced in 2017 by Google research, that follow
connections in sequential data, like the words in this phrase, to comprehend context and meaning. This explains
why this technology is commonly used in NLP (Natural Language Processing) activities. GPT-3 and LaMDA are
two of the most well-known transformer examples. The model can generate content that appears to have been
produced by a human being. Discrimination and artificial neural network competition using a machine learning
technique called generative adversarial network (GAN). In a zero-sum game involving two neural networks, the
gains of each agent are equal to the losses of the other. Typically, a transformer has two sections. The input sequence
is processed by the encoder. It takes a sequence and extracts all its features, turns them into vectors (like the
semantics and sentence structure of a word), and sends them to the decoder. Working with the intended output
sequence is the decoder. After the encoder receives its output, each decoder interprets the content and creates an
output. The encoder and decoder of the transformer are made up of several encoder blocks stacked on top of one
another. The output of one block becomes the input of another. The multilingual generative Al is a kind of machine
intelligence that does multilingual and generative tasks. In learning architecture where the instances of the data are
recursively created to form new ones. By utilizing multilingual Al algorithms, as well as translations of diplomatic
documents, and patterns uncovered through Al; the information within the training data that indicates a correlation
Gen artificial intelligence holds out great prospects; however, it would be premature to get rid of the human being.
Deep neural networks have an edge for applications requiring the ability to perceive different levels of abstraction
at the same time. For evaluating the effectiveness of data production, they can be routines created using data sources.
Multiple structures to emulate unique statistical attributes for data types like sequential like human language or
spatial-like encoding pictures (Janiesch et al., 2021; Kraus, et al., 2020).

A summary of major ideas and architectural schemas will be discussed widely used in the style of generative Al
which might encompass anything from robotics to computer learning and natural language processing. Large
language generative (LLMs) models for consistent text generation, using a transformer. For instance, the well-
which consists of a family of LLMs identified as GPT which is abbreviated GPT-short for generative. The pre-
trained transformer serves to be the foundation on which the text is formulated and casualties such as conversational
bots. Large-scale generative Al models capable of precisely and completely detailing the human mental process.
In the Multi-lingual View of the systems, several components can be grouped or classified are connected and
exchange information. For multi-lingual there are some key considerations when it comes to using generative Al
systems. Among these are the underlying generative models that capture humans' ability to create new information.
previously described. The translation app with another name of Human Generating Al model, besides the users who
are familiar with the same language background from dealing with elements, modality, and which info is backing
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their argument/ the elements, their modality, and the supporting data processing (for example, prompts). An
illustration would be the adoption of the latest research findings, for example, Codex, as in deep learning models
(Chen et el. 2021). GitHub Copilot demonstrates how simple it has become to create new codes despite the ease of
the task. An ecosystem with intuitive design and rich features that will provide more useful and transparent
information. For example, if there is a bot on the server, users can interact the with bot because the bot usually
automates tasks to be able to make graphics using Ai-based image generation.

In the Application-Level View, the use cases of generative Al are the applications of generative Al systems which
can be used for data management and processing, natural language processing, machine translation, and content
generation. This solution of the network can give the impression of being an information system and such tasks as
production processes controlling and human-machine systems whose main goal is making labor-saving production.
For editors, this level of generative intelligence is boundless by the limitations that we have currently set. The
optimization area can either be excluded or incorporated in the machine learning (Reisenbichler, et al. 2022), Al-
based music (Garcia 2023) and deep fakes, (Metz) cover image generation are our current age's breakthrough
innovations. Al has seen progress in the areas of facial and speech recognition, image captioning and automatic
language translation (Chen et al. 2021).

IV. EXPERIMENTAL RESULTS AND ANALYSIS

The focus of these studies is to evaluate generative models’ abilities for data production and augmentation in
multilingual sentiment analysis (we focus on Hindi). We compare three models, GPT-3.5, a Generative Pre-trained
Transformer, and GPT-4 provided through OpenAI’s ChatGPT; Bard Al by Google, with its PaLM 2 enabled.
During this document, the terms “Bard” and “PalLM” will be used correspondently. For GPT-3.5 and GPT-4 we
send prompts and get responses using ChatGPT API. For Pam 2, Bard Al accepts manual cues via an online
interface from which respective responses are extracted. These models are also employed to generate new examples
that have been systematically analyzed.

There are four primary experiments we conducted. In the Experiment 1, we have introduced different BERT-based
Hindi language models using existing data and evaluate their performance. We used a variety of pre-trained models,
including those trained on Twitter or social media profiles, from various Hindi corpora. The basic model will be
the most effective model. In Experiment 2, GPT-3.5, GPT-4, and other generative models (PaLM 2) are evaluated
by dividing test scores into “none,” “poor,” and “good.” to evaluate the performance of each model based on test
data. This attempt seeks to address RQs 1 and 2. In the Experiment 3, the aim was to ask the generative models to
come up with m tweets on different attitudes (“positive”, “negative”, or “neutral”). The generated tweet samples
will be subjected to manual assessment for their naturalness across several parameters. The objective is aimed at
addressing RQ3. In the Experiment 4, two intended applications used for this data, which was generated in Exp. 3;
first, it would be employed to refine the first training set; second, it will be refined through BERT-based models
that were applied in Experiment One. Lastly, these same BERT-based models from experiment one are fine-tuned
using pooled data sets acquired during this study. Test data will be used to evaluate how well both approaches
perform. This experiment aims to answer RQ3. We employed the Hindi Twitter Dataset (HTD), which includes
about 11,000 Hindi-English code-mixed tweets labeled for sentiment analysis, for the studies mentioned above.
Hindi-English Tweets used Mixed Script. Approximately 93k tweets in Hindi, frequently with mixed codes, written
in both Devanagari and Roman scripts.

For the Sentiment analysis dataset in Hindi and English, 15k Tweets with mixed Hindi-English code and sentiment
annotations used. Our research focused on the first three types of tweets with tag of good, negative, and neutral,
which accounted for 558, 1,632, and 500 tweets. During the research work, we used 2,690 tweets which randomly
allocated HTD dataset into 25% for running tests on HTDtest and 75% for training purposes following class
distribution. Additionally, we looked at the results of each suggested question by using thirty tweets from each
class—that is three from HT Dtrain which gives a total of ninety. We refer to these as ninety-nine tweets as HTDdev.
Exp. 1 and Exp. 4 refine language models by use of HTDtrain. The predictions generated by generative models in
Exp 2 are assessed using the set of data found in HTDtest and refined language models (Expl and Exp4). Human
judgement is used in Experiment 3 and generative models' outputs are used to refine language models in Experiment
4. Using HTDdev, we evaluate different prompts for Exps.2 and Exps.3. However, due to financial constraints and
time limitations, we made it balanced in classrooms since it is relatively small-sized as compared to other prompts
some issues over varying shot counts could not be assessed because not all prompts were evaluated when there
were many more shots involving students. However, on the entire test set HTDtest , optimal configurations for
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number of shots and prompts will be evaluated. These prompts are based on or inspired by earlier studies that have
been published (Alyafeai et al.,2023; Khondaker et al.,2023).
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Fig. 4. The Turbo GPT model

In this section we will show and discuss the results of the above tests. We use the accuracy (Acc) metric and the
micro-average of recall (R), precision (P), and F-1 score (F) values to evaluate the performance of the model. The
main comparison metric we use to measure model performance is the F1 metric. For Experiment 1, Fine-tuning
BERT Models (baseline) used. In these models all their pre-training done on Twitter or other social media data. All
models were the subject of numerous trials with different hyperparameter settings. It should be emphasized, though,
that each of these three datasets was included during the multitask fine-tuning phase for BLOOMZ, particularly for
XQUAD and TyDiQA-GoldP, for which the evaluation-use validation data is probably also included in the fine-
tuning data. The results show that the best performance is achieved by pre-training the model using the same data
(Twitter data in this case) as the quality data only. In Experiment 2, the Analysis of Sentiment tested using
Generative Models. In these tests, we tested Bard Al on HDDest along with ChatGPT (GPT 3.5 and GPT 4). Finding
the best sign design for a generative model requires a step back compared to known control configurations.
Hyperparameters for pre-trained languages used where at HTDtest, we conducted tests using seven designs in Hindi
and English to classify tweets. We evaluate each clue pattern in HTDev and then use k shots (where k = {0, 1, 3,
5}) to select the most accurate clue. Each shot contains positive, negative, and neutral tweets. For K =5, Bard Al's
best recommendation is a total accuracy of 0.7 tweets. For example, have a look at these instances: a positive train
tweet; a sentiment that is 1 (positive) neutral; a sentiment that is 0 (neutral) negative; a sentiment that is -1
(negative); a sentiment that is 1 (positive) neutral; a sentiment that is O (neutral) negative; a sentiment that is -1
(negative). Assisting others by predicting whether a Hindi tweet is Positive, Negative, or Neutral, you are a helpful
assistance. Don't provide a disclaimer, explanation, or caution. Kindly reply to the test tweet with a tabular response
that includes the tweet and its classification. The best prompt obtained accuracy scores of 0.81 and 0.91 for GPT-
3.5and GPT-4, accordingly, with k = 0. The message of X/Twitter provided a neutral, negative, or positive response.
Table 1: Comparison of Models used in Experiments

Model Classification Question Answering Sequence Labelling Summarization
XNLI | PAWS | XCOPA | XStory | XQuAD | TyDiQA | MLQ UDPOS PAN-X XLSum
-X Cloze -GoldP A
Metrics Accuracy F1/EM F1 ROUGE-L
Fine-tuned Baselines
mBERT 65.4 81.9 56.1 X 64.5/ 59.7/ 61.4/ 71.9 62.2 X
494 43.9 44.2
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mT5-Base 75.4 86.4 49.9 X 67.0/ 57.21/ 64.6 / - 55.7 28.1
49.0 41.2 45.0
XLM-R 79.2 86.4 69.2 X 76.6 / 65.1/ 716/ 76.2 65.2 X
Large 60.8 45.0 53.2
TuLRv6- 88.8 93.2 82.2 X 86/72.9 84.6/ 81/ 83.0 84.7 X
XXL 73.8 63.9
Prompt-based Baselines
BLOOMZ 54.2 82.2 60.4 76.2 70.7/ 75.21 - - -
58.8 63.2
Open Al Models
Text- 59.27 67.08 75.2 74.7 40.5/ 49.7/ 44.0/ - -
davinci-003 28.0 38.3 28.8
Text- 67.0 68.5 83.8 94.8 X X 54.9/ X X
davinci-003 34.6
am
gpt-3.5- 62.1 70.0 79.1 87.7 60.4/ 60.1/ 56.1/ 60.2 40.3 18.8
turbo 38.2 38.4 32.8
gpt-3.5- 64.3 67.2 819 93.8 X X 46.3/ X X 16.0
turbo (TT) 27.0
gpt-4-32k 75.4 73.0 89.7 96.5 68.3/ 715/ 67.2/ 66.6 55.5 19.7
46.6 50.9 43.3

After determining which prompt works best, we test each of the three generative models on HTDest by asking them
to classify each scenario as good, negative, or neutral. We decided that if a machine rejects a tweet due to its
unsuitable content, it is predicted to have a negative outcome. By comparing the output of our generative model
with the labels of the test data, we calculate the performance metrics. The three generative models' performance
metrics are displayed in Table 2.

Table 2: Confusion matrix for models

Data Models Accuracy | Precision | Recall F1-score
GPT-4 74.97 81.39 75.12 77.32
Bard Al 79.78 77.89 79.22 77.45
GPT-3.5 69.87 71.93 70.16 70.45
Best BERT 79.84 79.67 79.87 79.85

The findings demonstrate that, when using the wholly supervised BERT-based models in a few shot conditions,
GPT-4 and Bard Al perform similarly, with the F-1 score serving as the benchmark performance metric.
Specifically, with an F-1 score of 0.77, GPT-4 performs better than the other fine-tuned models and is extremely
close to the second-best BERT model. When compared to fully supervised models, Bard Al does reasonably well
for sentiment analysis categorization, coming in second place with a score of 0.76. It is noteworthy that, with an F1
score of 0.76, it obtains performance comparable to the refined MARBERTV2 model, outperforming one of the
BERT-based models. But GPT-3.5 performs poorly, lagging models based on BERT.The distinct class distributions
are the reason for the notable discrepancy in the models' performance on the test set HT Dtest and the development
set HTDdev. Specifically, Bard Al does very poorly in the neutral class, which accounts for 33% of tweets in
HTDdev. While GPT-4 and the refined BERT model perform similarly in a zero-shot environment, each model's
performance differs significantly. Table 3 shows the F1 score for each sentiment class for both models. The results
show that classifying neutral tweets was the most difficult assignment, with both models (BERT and GPT-4) doing
better for classifying negative tweets, then positive tweets. When it came to the classification of unfavorable tweets,
the optimally configured BERT model outperformed GPT-4. While GPT-4 and the refined BERT model perform
similarly in a zero-shot environment, each model's performance differs significantly. Table 3 shows the F1 score
for each sentiment class for both models. The results show that classifying neutral tweets was the most difficult
assignment, with both models (BERT and GPT-4) doing better when classifying negative tweets, then positive
tweets. In terms of classifying negative tweets, the best-configured BERT model fared better than GPT-4. Positive
tweets performed much better than neutral ones in this regard, with a 4-point improvement in the F1 score for both.

Table 3: Comparison of sentiments for models

Class
Data Models Negative Positive | Neutral
GPT-4 84.7 77.9 57.2
Bard Al 82.4 75.6 57.5
GPT-3.5 79.8 76 58
Best BERT Model 89.4 76.6 59.8
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In the Experiment 3, Data Generation by Generative Models used for the study. In a zero-shot configuration, we
gave each generative model instructions to produce “positive”, “negative”, and “neutral” tweets. In both Hindi and
English, we ran tests with eleven distinct prompt designs, and then, after evaluating the final output according to
three criteria, we determined which prompt was the best:

A. The tweets' organic tone.

B. The Hindi dialect is used in tweets.

C. Refraining from sending too brief tweets.

We generated multiple results for each recommendation, evaluate them on a small scale (running each strategy
several times), and select the best recommendations to offer the most excellent prompt above. Each generative
mannequin (i.e., GPT-3.5, GPT-4, and Bard Al)was in contrast to its corresponding distribution in the training
dataset HT Dtrain, which is 391 for positive, , and 351 for negative, and so on, to assemble tweets for every category
(i.e., [“positive”, “negative”, “neutral”’]).To determine the calibre of the generated tweets and the emotions related
to them, we randomly pick 50 tweets from every classification for every producing mannequin (a whole of 150
tweets per model). After that, for each tweet that used to be generated, two annotators dealt with the following
binary questions (Yes/No)

Question 1: (Making Sense): Does the ensuing tweet have proper grammar and make sense?

Question 2: (Fit for Twitter): Would you count on seeing this content material on Twitter?

Question 3 :(Matching label): Does the ensuing tweet reflect the sentiment that was once specified?

Table 4: Comparison of models for confusion matrix

Data Models Accuracy | Precision | Recall F1-score
SDTC 78.97 78.39 78.12 78.32
Bard Al 69.78 70.89 69.22 67.45
GPT-35 60.87 63.93 60.16 55.45
GPT-4 69.84 74.67 69.87 67.85
Bard AI+SDTC 79.5 79.2 78.9 77.9
GPT-3.5+SDTC 77.6 77.5 77.2 76.3
GPT-4+SDTC 79.8 79.6 79.2 79.2
All Data Models 76.8 77.9 76.8 76.5

In the Table 4, when each annotator agrees on a "Yes" response, the generated tweet is deemed legitimate for that
question; if not, it is deemed invalid. The proportion of sure solutions for each question and classification for every
one of the three generative fashions is shown in Table 4. The findings exhibit that Bard Al outperforms GPT-3.5
and GPT -4 by way of a small margin, relying on whether all assessment questions are taken into account (46%).
For the equal Q1, Q2, and Q3, percentages bought are95%, 62%, and 81%. When it comes to linguistic
accuracy(Q1) and sentiment matching (Q3) for each “positive” and “negative” tweet, all fashions operate
admirably. On the other hand, producing tweets that are appropriate for Twitter sure difficult (Q2). In the analysis
of the generated impartial tweets when we evaluated the labels supplied with the aid of annotators with the impartial
tweets produced by way of generative models, we can examine how stressed the tweets are with different classes
covered in Exp. 1. For Bard Al, annotators recognized 96% of the tweets as positive. 13% of GPT-4 responses are
categorized as terrible and 87% as positive, Comparatively,68% of GPT-3.5 responses had been labeled as
“positive” and 32% as “negative”. “positive” content material seems hard for the generative models to distinguish
from different kinds of information, particularly impartial material. This is in addition validated in experiment 1,
the place where we adjusted BERT models, since neutral tweets are the toughest for BERT-based models to
interpret accurately, main to inaccurate fantastic or negative classification.

3510



J. Electrical Systems 20-3 (2024): 3502-3513

GPT-3.5 GPT-4 Llama 2
Formulation of Binary 29090 o99000 09000
rasearch
question Thrae-class [ T ] o900 [
Social media [ T ] o099 L 1
Datn::l:idulitr Mon-social media o009 e o9000 LA AL
characterisitcs
of available data Dacument lewel T 1 T o900 2000
Santence lavel o909 o900 o0
Scale of Zara-shot L 1 1 ] o900 e o200
analytical
procedure Faw-shat o9® o989 o0
Implications for T
building Explainability jmssmn L 1 1} o0 0e o0000
Reproducability L ] o0 o0
Additional ] .
considarations Fine-tuning o9® o090 L 1 I 1.
Computational cost L 1 1 ] o909 L 1

Legend for classification accuracy lactors

@ <T5% L 1 1 )
o9 s x<s1% S99
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g% x<a™ PBOBP 3% =X <100%
B7% <= X < 93%

In Experiment 4 for optimizing the Ideal BERT Model with Generated Data, the same hyperparameters and the
generated data together with HTDtrain were used with the seven iterative investigations for the best-performing
BERT model. As with the other trials, the F1 measure served as the main comparative parameter and was the focus
of our attention. According to the statistics, the model optimized using Bard Al data exhibited optimal performance
throughout testing for every created dataset with a 0.67 F1 score. The mannequin with an F1 rating of 0.66 used to
optimize the usage of information produced via GPT-4 got here in a shut second. The human assessment of the
generated information indicates a high-quality correlation with the overall performance records. The cause for the
models truly decreased overall performance is that the trying out statistics got here from an extraordinary
population, and the generative models carried out a terrible job of classifying the generated data. The overall
performance of the sophisticated mannequin remained unchanged when the generated statistics from every
mannequin used to be blended with the authentic education set. It might also even have performed a phase in the
model's declining efficiency. Performance suffers when the created statistics are mixed with unique data. The
above-listed motives additionally account for this drop in performance. By using generative fashions to create new
samples from one or more pictures of coaching data, overall performance can be better and an increased diploma
of resemblance between the generated facts and the unique facts distribution can be guaranteed. By taking into
consideration the possibility of data contamination and conducting a thorough examination of potential confounding
variables including dataset origin, language features, and analytical process, our experimental design is based on a
big and varied data sample. With the proliferation of state-of-the-art LLMs, the convention of developing or fine-
tuning models for sentiment analysis on specific and proprietary datasets may become less relevant, according to
marketing practitioners, who should be aware of the remarkable zero-shot sentiment classification performance
achieved by all three tested LLMs. As a helpful reference for choosing a sentiment analysis approach, Figure 5
summarises our main findings. There are three important considerations to keep in mind while using LLMs for
sentiment analysis: (1) Performance degrades as the number of classes increases; (2) The accuracy of classification
is greatly affected by data features and analytical procedures; (3) Factors including computational costs, fine-tuning
choices, and reproducibility also play a role in method selection.
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V. CONCLUSION AND FUTURE WORK

This research looks at LLMs' ability to speak more than one language by testing them with different models,
activities, languages, and methods of prompting. To further understand the performance patterns, we examine
essential attributes such as tokenizer quality and pretraining data volume. Languages written in the Latin script and
those with fewer resources consistently fare worse, according to our research. At the same time as it recognizes the
limitations of tactics like translate-test prompting, it stresses their efficacy. Our evaluation provides evidence that
human review and automatic benchmarking should be prioritized in as many languages as possible. Finally,
expanding on our study's focus on text as a data modality for sentiment analysis, future research should investigate
the effectiveness of Generative Al in other data modalities. We hope that by taking this step, it will encourage
additional study towards this goal. Unlike other proprietary models like PaLM, which includes training data in
multiple languages, we were only able to compare the evaluation outcomes of GPT-3.5 and GPT-4 with BLOOMZ
and state-of-the-art (SOTA) models. We did not evaluate all the available multilingual datasets, which is a limitation
of our work. But, with the help of the research community, we plan to broaden our review in subsequent study
editions. We evaluate all available multilingual datasets, but they don't cover all the languages that are under-
resourced or have different typologies. For the time being, this is a major roadblock to expanding multilingual
evaluation. The existing grading standards do not adequately account for African languages or Indigenous
languages spoken in the Americas. Building a model to evaluate current LLMs for sentiment analysis was our main
focus. In zero-shot and few-shot settings, it is critical to investigate alternatives to LLMs' restricted capabilities.
Thus, it seems likely that LLMs have reached their bare minimal potential in sentiment analysis, according to our
study's results. While our study does shed light on how LLMs perform differently when it comes to sentiment
analysis (both at the document and phrase levels), more research into aspect-based sentiment analysis is required.
When it comes to aspect-based sentiment analysis, it would be beneficial for future research to examine the biases
and evaluate the capabilities of state-of-the-art Language Models (LLMs). To replicate our experiment's conditions,
this comparison should be carried out in a few-shot and zero-shot scenario. It follows that the model can be fine-
tuned or given specialist training to produce even more accurate outcomes. Particularly in domains requiring
specialist knowledge, like financial or medical advice, it is crucial to evaluate how the amount of the training data
affects the performance of LLMs in sentiment analysis.
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