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1. INTRODUCTION

Generalization is still an open problem in machine learning since the model needs to "learn" the
underlying patterns well in order to accurately predict on unseen samples. Among the failure modes in this
process is overfitting, meaning that the model is too closely adapted to the details of the training set and loses
predictive power when applied to new samples. As pointed out by Hawkins [1], this is more so when the model
is capturing broader semantic representation but is distracted by noise on surface in the training data. In the
context of news classification, overfitting can lead to significant performance degradation. For example, a
model trained on a limited set of political articles might erroneously learn that certain key words (such as
"election") are only relevant to a specific sub-category rather than to the broader political area. This limitation
is particularly detrimental in few-shot learning (FSL) scenarios where the limited labeled data fails to provide
sufficient signal for learning effective representations. Learning a sophisticated classification problem with
few examples is like learning a language from one short story; the paucity of variety often pushes the model
toward memorization.

To address these issues, data augmentation has become a key technique. Instead of obtaining new
labeled datasets, data augmentation generates realistic variations of existing samples. For instance, the text
data can be augmented by substituting words with their semantic synonyms, paraphrasing sentences, or using
back-translation [2]. These approaches ensure that the model sees a broader linguistic variance while the
semantic meaning of the original labels are preserved.

The goal of strategic data augmentation is to expose the model to a wide variety of examples of the
same latent content. This allows the model to be robust, and deal with linguistic constructions that have not
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been seen before. This work studies the effectiveness of several data augmentation methods for Large Language
Models (LLMs) under few-shot text classification on:

e Back-translation: A sophisticated method for generating paraphrases by translating text into a target
language (e.g., French) and then translating it back to the source language (e.g., English) using distinct
translation engines to introduce variety of syntaxes [3], [4].

e Paraphrasing: The process of rewriting text to preserve its original meaning through rule-based
systems or neural language models, thereby making the model resilient to different phrasing styles
(5], [6].

e Noise Injection: The introduction of controlled modifications—such as word deletion, insertion, or
swapping—to increase model stability and focus on prominent textual features [7].

We evaluate these approaches on a standard suite of text classification datasets suitable for BERT
[8]. The evaluation procedures with regard to overfitting and generalization are performed employing
accuracy, Fl-score, AUC and several other well-known metrics. In addition, with learning curves, model
attention and error analysis, we conduct an in-depth investigation of the effect of data augmentation on
overfitting of LLMs.This study brings out the following major contributions:
e Systematic evaluation: Evaluation of the efficacy of a range of different data augmentation methods
for fewshot text classification with LLMs, along with insights into their strengths and weaknesses.
e Overfitting analysis: A study on the impacts of augmentation on overfitting in LLMs, with a more
focused understanding on its place in generalization performance.
e  Methodological guidance: Guidance on the selection and execution of data augmentation tasks to
improve LLMs performance for few-shot text classification, which may have real-world relevance.

This study seeks to better understand the specific role that data augmentation plays in Augmenting
the Robustness of LLMs for few-shot text classification, which is a step ahead in the development of this
important domain.

2.  RELATED WORK
This section reviews pre-research on learning some-shot, Data growth, and their intersection in terms
of text Classification with large language models.

2.1. Few-Shot Learning

The challenge of enabling Few-shot learning modes is to generalize with limited labeled data, draw
inspiration from human cognitive abilities [9], [10]. Various approaches to dealing have been detected. This
challenge:

e  Transfer learning: Taking advantage of knowledge learned from Related tasks with abundant data to
improve performance on low-resources work [11], [12]. This is often in- Fine-tuning pre-instructed
model on a small amount of work-specific data.

e  Meta-Learning: Often called “learning to learn,” metalearning focuses on training models to adapt
quickly to new tasks with minimal data. It does this by learning patterns across a wide range of tasks,
so the model becomes better at generalizing from just a few examples [13], [14].

e Data augmentation: artificial expansion of training set through new pre-changes or generations [15],
[16]. It helps to increase Diversity and strength of trained models with limited data.

e Metric-based learning: focusing on learning a metric Space where examples of the same class are
close For each other, the facility of classification of new examples Based on the proximity to the
known examples [17].

2.2. Data Augmentation
Data augmentation has become a popular technique in Computer Vision [18] and SIG have obtained
Natural Language Processing (NLP) [19], [20] to improve model generalization, especially in Data-Sarks
landscape. General data augmentation technology NLP includes:
e Back-translation: Lewersing machine translation SYSTo translate the text into another language and
then back for the original language, presenting the parafrasing effect [3], [4], [21].
e Paraphrasing: To generate alternative phrases of previous- Given the text preserving the original
meaning, it can be obtained through various methods and resources, targets to create equally equal
but laxally diverse Example [22], [23].
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e Noise Injection: introduction to random disturbances or Noise in input text to create a promoted
example. This may include technology like Random Word Deletion, insertion, replacement, or
swaping within one Enhance the strength of the model for sentences, input variations [24], [7], [25].

2.3. Few-Shot Learning with LLMs

Large language models (LLM), such as Bert and Roberta, have a notable ability to learn few-shots in
text classification, due to their widespread pretraining on the large-scale corpora [8], [26], [27]. This pretraining
equips them with a rich internal representation of the language, including semantics, syntax and even practical
information. It is important for generalization from limited examples of already existing knowledge.

e  Prompting: This technique frames classification function as a language modeling problem. Instead of
feeding the text directly, we craft an input prompt that leads the LLM to the desired output. This
indication acts as a reference, activating relevant knowledge within the internal representation of
LLM. For example, instead of inputing only “This article discusses the economic policy,” an
indication “can classify the following text as ’economics’ or ’politics’: this article discusses the
economic policy.” The prompt structures the input in such a way that the LLM aligns with the pre inf
carefully adapt to the structure and words of the prompt to achieve the desired response to induce the
hinges on quick engineering [28].

e  Fine-tuning: This approach optimizes pre-inf. While LLM already has general language knowledge,
finetuning allows it to specialize in target classification work. Limited labeled data [12], [29]. is used
to update the parameters of the model, its internal representative is transferred to better align with
specific nuances.

2.4. Data Augmentation for Few-Shot Text Classification

Is a common technique that is used to improve the text classification model, but it is especially
interesting when we are working with situations where we have only a few examples (learn some-shots) And
we are using powerful language models (LLM). Researchers are just starting to find out how these things work
together. Some initial studies have seen the field:

e  Yuetal. studied how data growth can help detect few-shot intentions (such as what users want to do
based on their lesson). He particularly observed the” feature mixing” techniques [30]., which included
features from various examples to create new.

e Feng et al. saw how simple data growth methods can promote the performance of few-shot text
classification models. They wanted to see if basic techniques could also make a difference when you
do not have too much data [31].

2.5. Gaps and Motivation
While we have made progress, there is still a need for an organized look at how different data
augmentation methods work when we try to classify text with limited examples using large language models
(LLMs). We are aiming to address this gap by:
¢ Doing a thorough test: We will carefully evaluate how well various data augmentation techniques
perform on standard datasets for few-shot text classification.
e Figuring out how to avoid overfitting: We will dig deep to understand how these techniques help
LLMs avoid getting too fixated on the small amount of training data in few-shot scenarios.
e Giving practical advice: We will provide clear, actionable recommendations on which data
augmentation methods to use and how to use them effectively to improve the accuracy and reliability
of LLMs in these situations.

Ultimately, this research will help us better understand how crucial data augmentation is for making
LLMs perform better and more reliably when dealing with limited training data for text classification. This
should push the field forward.

3. DATASET
3.1. DBpedia Ontology Classification Dataset (dbpedia 14)

DBPDIA 14 ontology classification dataset is a massive dataset used for text classification functions.
It is taken from the 2014 version of DBPDIA, a structured knowledge base extracted from Wikipedia. The
dataset contains text parts associated with their respective categories, which makes it suitable for training and
test machine learning models

Boosting Few-Shot Text Classification in Large Language Models.... (Ahmed E. Soliman et al)
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Key Features

Source: DBPDIA extracted from 2014, which draws its information from Wikipedia. It provides
reference and explains why data is structured in this way.

Classes: Dataset contains 14 separate, non-supervision classes. Examples of these classes include:
company, educational institutions, artists, athletes, office holders, means, building, natural places,
villages, animals, plants, albums, film, and written work 1 (listing of all classes is important Is a full
detail.

Data Split: Dataset is divided into 560,000 samples training sets and 70,000 samples tested sets. (It is
more standard vocabulary to use “data split”).

Sample format: Each sample consists of a text details (usually a small passage or essence from a
Wikipedia article) and its affiliated class label (eg, “company,” "artist”).

Applications

Text Classification: Text Classification: This is the primary application. Dataset is widely used for
benchmarks and trained models for various text classification functions, including Subject
classification: Identifying the main theme of a piece of lesson. Material Classification: Assigning
Documents to predetermined categories.

Ontology Enhancement: Dataset can be used to analyze DBPIA oncology or potentially refine or
develop new oncological structures.

Natural Language Processing (NLP) Research: More widely, dataset provides a valuable resource for
various NLP research fields, including learning, model evaluation and transfer learning. (It is
important to add this broad application.)

Availability
DBPDIA 14 dataset is publicly available and can be easily accessed through various platforms,

including kaggle and hugging face datasets

3.2.

Table 1. DBPedia-14 Dataset Examples

Label Title Content
Company E. D. Abbott Ltd Abbott of Farnham E D Abbott Limited was a British manufacturer of...
Company Schwan-Stabilo Schwan-STABILO is a German maker of pens for...
Company Q-workshop Q-workshop is a Polish company located in Poz...
Company Marvell Software Marvell Software Solutions Israel known as RAD...
Company Bergan Mercy Bergan Mercy Medical Center is a hospital loc...
Medical

SetFit/bbc-news Datase
Setfit/BBC-NEWS Dataset is a text classification dataset that is derived from BBC news articles. It is

especially designed for training and evaluation of lesson classification models in terms of some-shot learning
(learning from limited number of labeled examples). This is usually used in combination with setfit (sentence
transformer fine-tuning) framework.

Key Features

Source: Dataset has been obtained from BBC news articles, including a series of subjects published
between 2004 and 2005. It provides a good sign of writing style and material.

Classes: Dataset contains 5 separate classes representing various news categories (business,
entertainment, politics, sports, technology).

Data Split: Dataset is usually divided into training, verification and test sets. The general partitions
found through setfit and huggingFes are as follows: Training Set: 1,490 samples Verification Set: 372
samples (this is very important, because many uses of this data set use a training/verification/testing
division.) Test set: 373 samples.

Sample format: Each sample has a complete text of a BBC news article and its respective category

93 9

label (eg, “business”,”’game ).

Applications
Text Classification: Primary use is for training and evaluation of text classification models, especially
in scenarios where label data is rare (some-shots learning). The dataset is well suited: Subject
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classification: classifying news articles into predetermined categories. Material organization:
automatic to the process of organizing and tagging news materials.

Few-shot learning research: The size and composition of the dataset makes it ideal for research on
certain shot learning techniques, where the model is trained for generalization from a small number
of classes per square. It is often used as a benchmark dataset for setfit and similar methods.

Natural Language Processing (NLP) Research: Beyond learning some-shots, dataset acts as a useful
resource for various NLP functions, including: Model assessment: benchmark the performance of
various NLP models. Transfer Learning: Checking on how well the trained models on this dataset
normalize for other text classification tasks.

Availability
Setfit/BBC-NEWS dataset is publicly available and is easily accessible through the Hugging Face

Dataset Library. It is often used in combination with the setfit library, which is also available on the hugging

face.

4.
4.1.

Table 2. BBC-NEWS Dataset Examples

Text Label Label Text
wales want rugby league training wales could face... 2 sport
china aviation seeks rescue deal scandal-hit ja... 1 business
rock band u2 break ticket record u2 have smashed... 3 entertainment
markets signal brazilian recovery the brazilian... 1 business
tough rules for ringtone sellers firms that fla... 0 tech

METHODOLOGY

Problem Definition

Few-shot learning (FSL) in text classification aims to train models that generalize well with minimal

labeled examples per class. Given an N-way, K-shot setting, where N is the number of classes and K is the
number of labeled samples per class, the goal is to learn robust representations that can classify unseen text
samples with limited supervision. We evaluated our approach on two datasets:

DBPedia-14 (fancyzhx/dbpedia_14): A dataset with 14 hierarchical categories extracted from
Wikipedia.
BBC News (SetFit/bbc-news): A dataset containing 5 categories covering different news topics.

4.2. Model Selection

To learn Few-shots skilled, we selected two light transformer models:

DistilRoBERTa-base: This is a small, sharp version of the Roberta model. It is designed to perform
well and be more efficient on various language functions. This is a good balance between accuracy
and speed.

Positional Encoding

Encoder X 6

B o :
__________________ e e
: Concat :
| f Scaled Dot-Product Attention X 12 \ |
| I
| Scaled Dot-Product Scaled Dot-Product Scaled Dot-Product |
| Attention Attention 2= Attention |
| I
i

Figure 1. DistilRoBERTa-base Architecture

DistiIBERT-base: A lighter variant of BERT that reduces computational overhead.
This is a compact version of Bert, which offers low computational costs. This is a good option when
resources are limited or speed priority.
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Figure 2. DistilBERT-base Architecture

We use these models as feature extractors in our certain-shot classification setup. Essentially, they
convert text input into a numerical representation that can be used for classification. These representatives are
then fine on the specific datasets with which we are working.

4.3. Data Augmentation and Overfitting

Considering the presence of natural constraints of small-scale labeled data, it is for sure that overfitting
could happen easily, making the model to learn noise instead of semantic regular patterns with generalization.
To alleviate this problem, we apply three complementary data augmentation approaches that enrich the
training distribution:

e Back-translation: The source text is translated to a pivot language (e.g. French) and then back to the
source language (English). This procedure creates a syntactically different source sentence while
maintaining the original meaning.

e Paraphrasing: Paraphrasing: A high-quality paraphrasing model which is trained on transformer
architecture is used to paraphrase providing the model with different sentence structure for the same
logical scenario.

e Noise Injection: A few controlled stochastic transformations, including word swapping and character-
level perturbation, are applied to the input sequences to improve the robustness of the model against
small input changes.

4.4. Computational Environment and Training Objectives

To reproduce the results, all experiments were performed on a workstation with an Intel Core 17 CPU,
32 GB RAM, and an NVIDIA RTX 3060 GPU. The models were finetuned with Cross-Entropy loss. Early
Stopping with patience of 3 epochs was applied to avoid overfitting; the training was stopped if the validation
loss - computed on a 10% stratified split - did not improve. In addition, to hedge against the randomness
inherent in few-shot sampling, all reported results are the Mean + Standard Deviation over 10 independent
trials .

4.5. Experimental Setup
e Data Split: For our some-shot learning experiments, we make very small training sets. We select only

K =3, 5, or 7 examples for each class to use for training randomly. The performance of the model is

then evaluated on a very large, separate test set that has not been seen during training.

¢ Fine-Tuning Strategy:

a. Loss Function: We use cross-entropy loss, which is a standard way to measure how well the
model is predicting the correct classes.

b. Early Stopping: To prevent the model from overfitting to the small training set, we use early
stopping. This means we monitor the model’s performance on a separate validation set (not
mentioned in the provided text, but is best practice, and critical to early stopping) and stop training
when the performance on that validation set starts to get worse, even if the performance on the
training set is still improving.

c. Learning Rate and Optimizer: We use a learning rate of 2e-5 with the Adam optimizer. These
settings control how quickly the model adjusts its parameters during training.
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d. Data Augmentation Integration: The augmented samples (created using back-translation,
paraphrasing, and noise injection) are added to the original training set to increase their size and
diversity.
Table 3. Experimental Configuration
Hyperparameter Value
Optimizer AdamW
Learning Rate 2x10°3
Batch Size 16
Maximum Epochs 50
Early Stopping Patience 5 epochs
Max Sequence Length 128 tokens
Synonym Substitution Probability 0.15
Beam Width (Paraphrasing) 5

Intermediate Language (Back-Translation)
Loss Function

Random Seeds (runs per condition)

French / German / Spanish
Cross-Entropy

10

4.6. Evaluation

Accuracy: The model measures the overall purity of predictions. It is the percentage of predictions (in
all classes) which are correct.

Fl-score: A balanced remedy that considers both accurate and memory. This is particularly useful
when you have uneven class distribution (some classes have many more examples than others).
Precision: Focuses on positive predictions. The model of all samples was predicted as a certain class;
in fact, what percentage were in that class?

Recall: Real positive focus on matters. Of all the samples that actually belong to a certain class, what
percentage of models have predicted correctly?

Our approach helps to learn Few-shot models to perform well on new, unseen data, and we use Data

Augmentation to prevent examples of training rather than learning normal patterns.

5.

RESULTS

This section presents the results of our experiments on few-shot text classification using DistilBERT

and DistilRoBERTa. We compare the performance of these models in a few-shot setting to both standard fine-
tuning with a larger dataset and to few-shot learning with the addition of data augmentation techniques.
We compare performance using: Accuracy, F1-score, Precision, Recall, And time.

We looked at three main scenarios:

Baseline (Lots of Training Data) We trained both DistilBERT and DistilRoBERTa on a large dataset.
This shows us how well the models can do when they have larger training data.

Few-Shot Learning (3, 5, or 7 examples per class): Here, we reduced the training data, giving the
models only 3, 5, or 7 examples for each class. This lets us see how they handle situations where data
is scarce.

Few-Shot Learning with Data Augmentation: We use few-shot (7 examples) and added data
augmentation techniques (back-translation, paraphrasing, and noise injection). The goal was to see if
these techniques could help boost performance when we have so little real data.

We analyzed how the number of training examples (” K” Value) and the use of data augmentation

affected the performance of the model. We will discuss the trends seen by us. Finally, we include some
examples to show how models classify the text under these different circumstances, making their strength and
weaknesses more solid.

Boosting Few-Shot Text Classification in Large Language Models.... (Ahmed E. Soliman et al)



470 a ISSN: 2089-3272

5.1. Baseline Model
Initially, we established a basic demonstration by training standard deep-teaching models. We used
two preeminent Transformer models, DistilBERT and DistilRoBERTa, and He was evaluated on DBPedia-14

and BBC News. Dataset. The results of these basic experiments are summarized in the following table

Table 4. Baseline Model Performance

Model Dataset Accuracy Precision Recall F1-Score Time (s)

DistilBERT DBPedia-14 0.990 + 0.002 0990 + 0.990 + 0.990 + 476,923 +
0.002 0.002 0.002 1,205

DistilBERT BBC News 0.970 + 0.003 0970 + 0.970 + 0970 + 2297+45
0.003 0.003 0.003

DistilRoBERTa  DBPedia-14 0.980 +0.003 0980 + 0.980 +  0.980 + 481,423 +
0.003 0.003 0.003 1,340

DistilRoBERTa  BBC News 0.975+0.004 0975 + 0975 + 0975 + 2,525+52
0.004 0.004 0.004

5.2. 3-Shot Learning

Subsequently, we made a more rigorous evaluation of our method under an extremely low-resources
setting. While employing a few-shot learning approaches, we determined the support prescribed for only three
examples per square. These experiments were also conducted using DistilBERT and DistilRoBERTa, which
was evaluated DBPedia-14 and BBC News. Dataset. The results of these 3-Shot Learning are summarized in

the following table

Table 5. 3 Shot Learning Performance

Model Dataset Accuracy Precision Recall F1-Score Time (s)
DistilBERT DBPedia-14 0.720 + 0.002 0.800 +0.002 0.770 £ 0.002 0.740 £ 0.002 70 +1
DistilBERT BBC News 0.620 £ 0.003 0.800 + 0.003 0.610 £ 0.003 0.630+0.003 35+1
DistilRoBERTa  DBPedia-14 0.600 £ 0.003 0.550 £ 0.003 0.610 £ 0.003 0.530 £ 0.003 45+1
DistilRoBERTa  BBC News 0.560 + 0.004 0.530 +0.004 0.540 + 0.004 0.480 + 0.004 37+1

5.3. 5-Shot Learning
We evaluated using few-shot learning paradigms with support sets of five examples per class.
DBPedia-14 and BBC News. dataset was used using two preinflammatory language models, DistilBERT and

DistilRoBERTa. The results of these 5-Shot Learning are summarized in the following table

Table 6. 5 Shot Learning Performance

Model Dataset Accuracy Precision Recall F1-Score Time (s)
DistilBERT DBPedia-14  0.780+0.002  0.780 +0.002 0.810 +0.002 0.770 £ 0.002 106 £ 1
DistilBERT BBC News 0.760+0.003  0.850 +0.003 0.760 + 0.003 0.730 = 0.003 S1+1
DistiiRoBERTa  DBPedia-14 ~ 0.760 £0.003  0.740 + 0.003 0.760 + 0.003 0.720 £ 0.003 102+ 1
DistilRoBERTa  BBC News 0.600+0.004  0.720 + 0.004 0.710 £ 0.004 0.710 £ 0.004 54«1

7-Shot Learning
We evaluated using few-shot learning paradigms with support sets of seven examples per class.

Table 7. 7 Shot Learning Performance

DBPedia-14 and BBC News. dataset was used using two preinflammatory language models, DistilBERT and
DistilRoBERTa. The results of these 7-Shot Learning are summarized in the following table.

Model Dataset Accuracy Precision Recall F1-Score Time (s)
DistilBERT DBPedia-14 0.880 +0.002 0.910+£0.002 0.900+0.002  0.870 +0.002 146 £ 1
DistilBERT BBC News 0.860 +0.003 0.870+0.003 0.850+0.003  0.860+0.003  57+1
DistilRoBERTa  DBPedia-14 0.880 + 0.003 0.830+0.003 0.910+0.003  0.860 + 0.003 145+1
DistilIRoBERTa  BBC News 0.780 £ 0.004 0.830+£0.004 0.770+0.004  0.760£0.004  59+1

Recent findings indicate that few-shot learning techniques can improve promising accuracy,

especially when a limited set (3 to 5 to 7 samples) increases the number of examples. However, few-shot
learning boundaries persist, including sensitivity to overfitting and a performance interval relative to trained
standard deep teaching models on wider dataset. To resolve these persistent challenges, this paper
systematically evaluates the efficacy of diverse data augmentation strategies to increase the strength and
generality of a few-shot learning models.
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5.5. Back-translation

In this study, we appoint back-translation as data augmentation techniques to increase the performance
of few-shot learning models. Our experimental setup includes two transformer-based models, DistilBERT and
DistilRoBERTa, training and evaluating two text classification datasets: DBPEDIA14 and BBC News. We
adopt a 7-shot learning approach, where 7 examples per square are used as support examples, to follow the
low-solution landscape.

The back-translation technique takes advantage of the machine translation model, especially available
through the Marienmet model, Hugging Face Transformer from the Helsinki-NLP group. This is a common
and effective data growth technique. In particular, every lesson in our 7-shot support sets, for example, we
generate a promotional example by translating a text into an intermediate language (eg, French, German, or
Spanish) and then it Let’s translate back into English. This process introduces variation in the text, preserving
the main meaning, effectively increases the size and variety of our training data and improves the strength of
our model in low-solution settings. The results of these . Back translations are summarized in the following
table.

Table 8. Back translation Learning Performance

Model Dataset Accuracy Precision Recall F1-Score Time (s)
DistilBERT DBPedia-14  0.980 + 0.002 0.980+0.002  0.980+0.002 0.980+0.002 601
DistilBERT BBC News 0.960 + 0.003 0.960+£0.003  0.960+0.003  0.960 +0.003 111+1
DistilRoBERTa  DBPedia-14  0.960 + 0.003 0.970+0.003  0.960+0.003  0.960 +0.003  237=+1
DistilRoBERTa  BBC News 0.940 + 0.004 0.940+0.004  0.940+0.004 0.930+0.004 581

5.6. Paraphrasing

In this study, we examine the effectiveness of paraphrasing as data augmentation techniques within few-
shot learning framework. Our experimental design involves evaluating two transformer-based models,
DistilBERT and DistilRoBERTa, trained and tested on DBPEPI14 and BBC-NEWS text classification datasets.
We employ a 7-shot learning approach, using 7 support examples per class, to simulate the data-keep
environment and assess the impact of paraphrasing on model performance.

Paraphrasing technique takes advantage of a pre-tested sequence-se-anocram model, especially T5
(text-to-text transfer transformer) model. This powerful approach falls in category of nerve machine
translation-based paraphrasing. In particular, every lesson in our 7-shot support sets, for example, we produce
paraphrased versions using T5. This process creates variation in the text, preserving the original meaning,
effectively increases the size and variety of our training data and increases the ability of the model to normalize
from limited examples. The T5 model is motivated with prefix” paraphrez:” with input texts to clearly guide
the model. We use techniques like beam searching during generation process to improve the quality and variety
of paraphrasing generated. The results of these Paraphrasing are summarized in the following table.

Table 9. Paraphrasing Learning Performance

Model Dataset Accuracy Precision Recall F1-Score Time (s)
DistilBERT DBPedia-14  0.980+0.002  0.980 + 0.002 0.980 +0.002 0.980 + 0.002 147+ 1
DistilBERT BBC News 0.960 £0.003  0.960 = 0.003 0.950 = 0.003 0.950 + 0.003 69+ 1
DistilRoBERTa  DBPedia-14 ~ 0.950+0.003  0.950 +0.003 0.960 £ 0.003 0.950 + 0.003 195+ 1
DistilRoBERTa  BBC News 0.960 +0.004  0.960 + 0.004 0.950 +0.004 0.950 £ 0.004 69 + 1

5.7. Noise Injection

In this research, we detect the application of noise injection as data augmentation strategy in terms of
learning few-shot. Our practical functioning evaluates the performance of DistilBERT and DistilRoBERTa
transformer models on DBPEPIA14 and BBC-NEWS texts dataset. We use a 7- shot learning paradigm, which
means that we use 7 support examples per class to assess the efficacy of noise injection in few-shot.

Planned noise injection technique is a form of synonyms. It is a general data growth technique in
natural language processing (NLP). Every lesson in our 7-shot support sets, for example, we inject the noise
by changing the words with our synonyms. The possibility of changing a word is a hyperparameter of our
approach. We use Wordnet to identify the possible synonyms. This process usually introduces variation in the
text, effectively preserving the original meaning, effectively increases our limited 7-shot dataset and improves

the strength of the model. The results of these of noise injection are summarized in the following table.

Table 10. Noise Injection Performance

Model Dataset Accuracy Precision Recall F1-Score Time (s)
DistilBERT DBPedia-14 0.960 + 0.002 0.970+0.002  0.960 +0.002 0.960+0.002 157+1
DistilBERT BBC News 0.940 + 0.003 0.940+0.003  0.930+0.003 0.940+0.003 681
DistilRoBERTa  DBPedia-14 0.940 + 0.003 0.940+0.003  0.940 +0.003 0.940+0.003 172+1
DistilRoBERTa  BBC News 0.940 + 0.004 0.940+0.004  0.930 + 0.004 0.940+0.004 73+1

Boosting Few-Shot Text Classification in Large Language Models.... (Ahmed E. Soliman et al)
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6.

CONCLUSION

This work thoroughly examines the ways in which data augmentation methods can enhance Large

Language Models’ (LLMs’) few-shot text Classification performance. Using DBPedia-14 and BBC News
datasets, we apply DistilBERT and DistilRoBERTa.

6.1.

Key Findings and Insights

Few-Shot Learning Potential and Challenges: Large language models are making waves in few-
shot learning, where we train the model with only a little label data. It is incredibly promising for
situations where data is rare, and it provides benefits such as rapid training and low computing
expenses. However, an important challenge in these situations is ’overfiting” where data is limited.
Essentially, the model may begin to focus too much on small amounts of training data and cannot be
normal. It can be a performance drop compared to trained Al models with lots of data. This really
indicates the requirement of good techniques to reduce overfiting and help in making it better to
normalize these few-shot learning models-to work well in the back, new situations, not just on those
who were trained to them.

Data Augmentation as a Powerful Solution: Our study confirms that data Augmentation techniques
are important to address overfiting and improve performance Few-shot text classification with LLM.
Artificial Extending training with existing variations Examples, we effectively enhance diversity
Lowering the dependence of the model on training data, specific Improvement in the characteristics
of limited examples and its capacity to normalize unseen data.

Impact of Specific Techniques: we discovered different Data augmentation technology, including
back-translation, paraphrasing, and noise injections. Both back-translation And paraphrasing
performed continuously per strong Construction in both models and datasets. it suggests While
presenting the meaning and linguistic variations Protecting the original meaning is highly effective
Improvement in generalization. Noise injection also found Strong results, although slightly less clear
than for back-translation and paraphrasing, and for its effectiveness Some differences appeared based
on specific models and dataset. The results of data augmentation techniques and other techniques are
summarized in the following chart.

Precision vs. Model F1-score vs. Model
1.00 1.00
0.75 0.75
g 050 § 050
Q0
B -
L ¥ “ 025
0.00 0.00
3 Shots 5 Shots 7 Shots Data Base Model 3 Shots 5 Shots 7 Shots Data Base Model
augmentation augmentation
Model Model
Accuracy vs. Model Recall vs. Model
1.00 1.00
0.75 0.75
g 0.50 § 0.50
3 &
0.25 0.25
0.00 0.00
3 Shots 5 Shots 7 Shots Data Base Model 3 Shots 5 Shots 7 Shots Data Base Model
augmentation augmentation
Model Model

Figure 3. Average all Model Performance Progress

Model and Dataset Specificity: LLM models choice and dataset characteristics affected the results
of various data augmentation techniques. it the data highlights the importance of stitching on
augmentation strategy for specific work and data in hand. A Carefully analysis of the properties and
models of dataset Behavior can guide the selection of the most suitable Technology.

Bridging the Performance Gap: Through the data augmentation, we successfully narrowed the
performance difference Between few-shot learning and traditional deep education Trained models on
large dataset. Finds the value of data augmentation in enabling LLM Get competitive performance
even with limited labelled data.
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6.2. Implications and Future Directions

e Real-World Applications: This research has practical implications for real-world applications where
labeled data is rare or expensive to obtain. For example, in Classification of news articles about rapidly
evolving events, identifying documents related to rare diseases, or working with low-resource
languages, data augmentation can significantly enhance the performance and reliability of LLMS

e Combining Techniques: Future work could explore the effectiveness of combining multiple data
augmentation techniques to further improve generalization. Examine the optimal combination of
techniques for specific tasks and datasets could lead to even more robust and efficient few-shot
learning models

e Model and Data Exploration: Further research could delve into the impact of different pretrained
language models on few-shot learning with data augmentation. Additionally, analyzing the effect of
varying the size of the support set on model performance and overfitting could provide valuable
insights.

e Explainability and Interpretability: Exploring how data augmentation affects the model’s internal
representations and decision-making processes could enhance our understanding of its role in
improving generalization. Techniques like attention analysis and error analysis can shed light on how
augmented data influences the model’s behavior.

This research really highlights just how valuable data augmentation is when we are dealing with few-
shot text classification and powerful LLMs. It’s not just a minor improvement; it’s a significant boost in both
performance and how reliable the model is. The key is that we are not just throwing random data at the problem.
By carefully choosing and applying the right data augmentation techniques — and we explored several
promising ones — we can tackle two major challenges. First, we can prevent the model from simply memorizing
the few examples we give it (that’s the overfitting problem). Instead, data augmentation helps the model learn
the underlying patterns and relationships in the text, so it can generalize to new, unseen examples. Second, this
ability to generalize is crucially important. It means the LLM can perform well even when we have a very
limited amount of labeled data, which, as we discussed, is a common problem in the real world. We are not
just talking about a slight improvement here; the models achieved results that are competitive with what you’d
expect from models trained on much larger datasets. So, this study isn’t just a theoretical exercise. It’s a
concrete step forward for a few-shot learning. It provides practical guidance on how to use data augmentation
effectively, and it opens exciting possibilities for applying LLMs in all sorts of areas where data is scarce or
expensive to get. We are paving the way for more efficient and reliable uses of these powerful language models
across a wide range of fields
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