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INTRODUCTION

Natural Language Processing (NLP) has witnessed

Abstract

This study investigates the effectiveness of transfer learning in few-shot learning
scenarios across wvarious natural language processing tasks. The research
systematically evaluates three pre-trained language models (BERT, RoBERTa,
and T5) across five NLP tasks with limited training data. Through rigorous
experimental analysis involving wvarying training set sizes from 10 to 100
examples, the study demonstrates that transfer learning substantially improves
performance in data-scarce environments compared to models trained from
scratch. Results indicate that RoBERTa consistently outperforms other models
across most tasks, with performance gains becoming more pronounced as training
examples increase from 10 to 100. Task-specific analysis reveals that sentiment
analysis and text classification benefit more from transfer learning than complex
tasks like summarization. The research also identifies a performance plateau effect
where gains diminish beyond certain data thresholds, suggesting opportunities for
more efficient fine-tuning strategies. These findings provide valuable insights for
practitioners implementing NLP solutions under data constraints and contribute
to the broader understanding of transfer learning dynamics in few-shot learning
contexts.

labeled data, which is

often expensive,

time-

remarkable advancements in recent years, largely
driven by the development of sophisticated pre-
trained language models. These models, trained on
vast amounts of text data, have demonstrated
impressive capabilities language
understanding and generation tasks. However, a
persistent challenge in deploying NLP solutions
remains the requirement for substantial task-specific

across various

consuming, and sometimes impossible to obtain in
sufficient quantities for specialized domains. This
data scarcity problem has motivated growing interest
in transfer learning approaches that leverage
knowledge encoded in pre-trained models to perform
effectively on downstream tasks with minimal
additional training data (Zhang et al., 2023). Few-
shot learning, which focuses on developing models
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capable of strong performance with extremely limited
examples (typically 10-100 examples), represents a
promising paradigm for addressing this challenge
and has emerged as a critical research direction in
contemporary NLP (Wang et al., 2022).

The fundamental premise of transfer learning in
NLP is that largescale pretraining on diverse
linguistic ~data enables models to acquire
generalizable representations of language that can be
efficiently adapted to specific tasks with limited fine-
tuning. This approach has shown considerable
promise, with recent studies demonstrating that
models like BERT (Bidirectional Encoder
Representations from Transformers), RoBERTa
(Robustly Optimized BERT Pretraining Approach),
and T5 (Textto-Text Transfer Transformer) can
achieve remarkable performance on certain tasks
with surprisingly few examples (Liu et al., 2023).
However, the effectiveness of transfer learning varies
significantly across different NLP tasks, model
architectures, and fine-tuning approaches, creating a
complex optimization landscape for practitioners
working with limited labeled data (Chen et al,
2021). Understanding these variations and the
factors that influence few-shot learning performance
is essential for developing more effective approaches
to data-efficient NLP.

The  increasing scale and  computational
requirements of state-ofthe-art language models
further complicate the few-shot learning landscape.
While larger models with more parameters tend to
exhibit stronger few-shot learning capabilities, they
also demand greater computational resources for
both pre-training and fine-tuning (Lin et al., 2024).
This creates a tension between model capability and
practical deployability, particularly in resource-
constrained environments. Recent research has
begun exploring this trade-off, seeking to identify
optimal model sizes and architectures that balance
few-shot performance with computational efficiency
(Baek et al., 2022). These investigations have
revealed interesting patterns in how different model
characteristics influence knowledge transfer in few-
shot scenarios, offering valuable insights for both
theoretical understanding and practical
implementation.

Task complexity represents another critical
dimension influencing few-shot learning effectiveness

in NLP. Simple classification tasks appear more
amenable to few-shot approaches than complex
generation or reasoning tasks, suggesting that the
alignment between pretraining objectives and
downstream task requirements significantly impacts
transfer learning success (Zhao et al., 2024). This
observation has stimulated research into specialized
pretraining approaches designed to enhance few-
shot performance on traditionally challenging tasks
like summarization, question answering, and
complex reasoning (Kim et al., 2021). Understanding
these taskspecific dynamics is essential for
developing more effective few-shot learning strategies
and for setting realistic expectations about what can
be achieved with limited labeled data across different
NLP applications.

The methodological approaches to evaluating few-
shot learning performance have also evolved
significantly in recent years. Early studies often
employed inconsistent evaluation protocols, making
it difficult to compare results across different
research efforts (Kasai et al.,, 2022). More recent
work has emphasized rigorous, standardized
evaluation frameworks that control for confounding
factors such as example selection, random
initialization effects, and the influence of prompt
design on few-shot performance (Patel et al., 2023).
These methodological advances have enabled more
reliable assessment of few-shot learning capabilities
and have highlighted the substantial impact that
seemingly minor implementation details can have on
transfer learning outcomes in data-scarce scenarios.
Beyond academic research, few-shot learning has
significant  practical  implications for  NLP
deployment in realworld settings. Organizations
across industries increasingly seek to leverage
advanced language understanding capabilities but
often face substantial data limitations, particularly in
specialized domains or for low-resource languages
(Singh et al., 2021). Transfer learning approaches
that enable effective performance with minimal
labeled data can dramatically reduce the barriers to
implementing NLP solutions in these contexts,
potentially democratizing access to advanced
language technologies (Rodriguez et al.,, 2023).
Understanding the practical constraints and
opportunities in few-shot learning scenarios is
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therefore crucial for translating research advances
into real-world impact.

The relationship between few-shot learning and
other emerging paradigms in NLP, such as prompt
engineering and in-context learning, represents
another important dimension of current research.
Recent studies have demonstrated that carefully
designed prompts can significantly enhance few-shot
performance without any parameter updates,
suggesting alternatives or complements to traditional
fine-tuning approaches (Murthy et al., 2024). The
interplay between these different approaches to
knowledge transfer in data-limited scenarios offers
promising avenues for further performance
improvements and provides insight into the nature
of language understanding in neural models (Garg et
al.,, 2022). Integrating these diverse perspectives on
few-shot learning may lead to more comprehensive
and effective solutions to the data scarcity challenge
in NLP.

This research contributes to this evolving landscape
by systematically evaluating the effectiveness of
transfer learning in few-shot learning scenarios across
five representative NLP tasks with three prominent
pre-trained  language models. By examining
performance patterns across different tasks, model
architectures, and training set sizes, this study seeks
to provide empirical insights into the capabilities and
limitations of few-shot learning in contemporary
NLP. The findings aim to offer practical guidance for
practitioners implementing NLP solutions under
data constraints while also contributing to the
theoretical understanding of knowledge transfer in
neural language models. Through rigorous
comparative analysis and detailed error examination,
this research illuminates the factors that influence
transfer learning effectiveness in few-shot scenarios
and identifies promising directions for enhancing
data efficiency in natural language processing
applications (Zhang et al., 2022).

Research Objectives

1. To quantitatively evaluate the performance
differences between BERT, RoBERTa, and T5
models when fine-tuned with limited training data
across five distinct NLP tasks.

2. To determine the minimum number of
training examples required to achieve acceptable

performance for each modeltask combination in
few-shot learning scenarios.

3. To analyze the relationship between model
size, pre-training approach, and few-shot learning
effectiveness to establish optimal transfer learning
strategies for resource-constrained applications.

Research Questions

1. How does the performance of pre-trained
language models (BERT, RoBERTa, T5) compare
when fine-tuned with extremely limited training
data (10-100 examples) across different NLP tasks?
2. What is the relationship between the
number of training examples and performance
gains for each model-task combination in few-shot
learning scenarios?

3. Which  architectural and  pre-training
characteristics contribute most significantly to
effective knowledge transfer in few-shot NLP
applications?

Significance of the Study

This research addresses a critical gap in NLP
application development by providing empirical
evidence on the effectiveness of transfer learning in
scenarios where labeled data is severely limited. The
findings offer practical guidance to researchers and
practitioners who face data scarcity challenges in real-
world implementations. By establishing benchmark
performance metrics across multiple tasks and
models with varying degrees of data limitation, this
study enables informed decision-making regarding
model selection and data collection requirements.
Additionally, the analysis of efficiency metrics
provides valuable insights for resource-constrained
environments where computational capacity may be
limited. The methodology and evaluation framework
introduced in this research contribute to
standardizing few-shot learning assessment in NLP,
facilitating more consistent comparisons in future
studies and advancing the field toward more data-
efficient language understanding systems.

Literature Review

The evolution of transfer learning approaches in
NLP has been characterized by increasingly
sophisticated ~ pre-training  methodologies and
architectural innovations designed to capture richer
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linguistic representations. Foundational work on
large-scale pre-trained language models like BERT
(Devlin et al.,, 2019) established that masked
language modeling and next sentence prediction
objectives could yield contextual representations
transferable to diverse downstream tasks. Building
on this foundation, RoBERTa (Liu et al., 2019)
demonstrated that modifications to the pre-training
procedure, such as dynamic masking and larger batch
sizes, could significantly enhance transfer learning
performance. More recent research has extended
these insights, with Liu et al. (2023) showing that
continued pre-training with domain-specific data
before fine-tuning can further improve few-shot
performance in specialized domains. Zhao et al.
(2024) proposed novel pre-training objectives
specifically designed to enhance knowledge transfer
in few-shot scenarios, reporting improvements of 5-
12% across multiple NLP tasks compared to
standard pre-training approaches. These
advancements underscore the critical role that pre-
training methodology plays in determining few-shot
learning effectiveness.

Architectural innovations have similarly contributed
to improvements in few-shot performance. The
encoder-decoder architecture employed by T5 (Raffel
et al.,, 2020) reformulated diverse NLP tasks as text
to-text problems, providing a unified framework that
has shown particular promise for generative tasks in
few-shot scenarios. Building on this approach, Chen
et al. (2021) demonstrated that specialized
architectural elements designed to enhance cross-task
knowledge  sharing could improve few-shot
performance by facilitating more effective parameter
reuse. Kim et al. (2022) introduced adapter-based
architectures that insert small, task-specific modules
into pre-trained models, achieving comparable few-
shot performance to full fine-tuning while updating
only 2-3% of parameters. More recently, Lin et al.
(2024) proposed a hybrid architecture that combines
elements of encoder-only and encoder-decoder
models, reporting state-of-the-art few-shot
performance on both classification and generation
tasks. These architectural explorations reveal the
importance of model design in determining how
effectively pretrained knowledge transfers to
downstream tasks with limited examples.

The relationship between model scale and few-shot
learning capability has emerged as another significant
research direction. Several studies have documented
a scaling law relationship where larger models tend
to demonstrate  stronger few-shot learning
capabilities. Baek et al. (2022) systematically
evaluated models ranging from 100 million to 10
billion  parameters, finding that few-shot
performance improved logarithmically with model
size across all tested NLP tasks. However, Zhang et al.
(2023) identified important nuances in this
relationship, showing that the scaling benefit varies
substantially across different task types, with larger
performance improvements for reasoning-intensive
tasks compared to simpler classification tasks. Wang
et al. (2022) further complicated this picture by
demonstrating that smaller, more efficiently pre-
trained models could outperform much larger
models in few-shot scenarios for certain task types.
These findings highlight the complex interplay
between model scale, pre-training approach, and task
characteristics in determining few-shot learning
effectiveness.

Fine-tuning methodology represents another critical
dimension of few-shot learning research. Traditional
approaches involving gradient updates across all
model parameters have been complemented by more
parameter-efficient methods. Rodriguez et al. (2023)
demonstrated that prefix tuning, which optimizes a
small set of continuous prompt vectors while keeping
the language model frozen, could match or exceed
full fine-tuning performance in few-shot scenarios
while updating less than 1% of parameters. Patel et
al.  (2023) explored promptbased fine-tuning
approaches that reformulate downstream tasks to
more closely resemble pre-training objectives,
showing particular benefit in extremely data-scarce
scenarios (10-20 examples). Singh et al. (2021)
investigated contrastive fine-tuning methods that
explicitly optimize the separation between different
classes in representation space, reporting consistent
improvements for classification tasks in few-shot
settings. These  methodological
underscore the importance of alignment between
fine-tuning approach and the constraints of few-shot
learning.

The challenge of effectively evaluating few-shot
learning performance has received increased

innovations
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attention as the field has matured. Early research
often reported results on arbitrary selections of few-
shot examples, making it difficult to distinguish
genuine advances from favorable data splits.
Addressing this concern, Kasai et al. (2022) proposed
standardized few-shot evaluation protocols that
control for example selection bias through multiple
random sampling iterations, enabling more reliable
performance comparisons. Murthy et al. (2024)
further refined these approaches by developing
metrics that specifically quantify transfer efficiency—
the rate at which performance improves with
additional examples—providing a more nuanced view
of few-shot learning capability. Garg et al. (2022)
introduced evaluation frameworks that explicitly
measure the influence of prompt design on few-shot
performance, helping to disentangle model capability
from  prompt  engineering  effects.  These
methodological advances have substantially improved
the rigor of few-shot learning research and facilitated
more meaningful comparisons across different
approaches.

Task-specific  variations in few-shot learning
effectiveness have prompted research into the factors
that make certain NLP tasks more amenable to
transfer learning than others. Kim et al. (2021)
conducted a comprehensive analysis across 12 NLP
tasks, finding that tasks requiring surface-level
linguistic understanding showed stronger few-shot
performance than those demanding deep semantic
reasoning or domain-specific knowledge. Extending
this work, Zhao et al. (2024) proposed a taxonomy of
task-specific factors influencing few-shot learning
effectiveness, including output space complexity,
alignment with pre-training objectives, and sensitivity
to example diversity. For particularly challenging
tasks like summarization, Wang et al. (2024)
demonstrated that decomposing complex tasks into
simpler subtasks could significantly improve few-shot
performance through more effective knowledge
transfer. These investigations highlight the need for
task-specific approaches to few-shot learning rather
than one-sizefits-all solutions.

The integration of few-shot learning with
complementary paradigms like prompt engineering
and in-context learning represents a promising
frontier in current research. Rather than relying
exclusively on parameter updates through fine-

tuning, these approaches leverage carefully designed
prompts to elicit knowledge already encoded in pre-
trained models. Zhang et al. (2022) demonstrated
that combining fine-tuning on a small number of
examples with optimized prompt structures could
yield performance exceeding either approach alone.
Murthy et al. (2024) explored the complementary
strengths of few-shot fine-tuning and in-context
learning, showing that hybrid approaches that
combine both  strategies achieved  stronger
performance on complex reasoning tasks than either
method independently. Garg et al. (2022) proposed a
theoretical framework for understanding these
complementary effects, suggesting that different
knowledge transfer mechanisms access distinct
aspects of the pre-trained representations. These
integrative  approaches point toward more
comprehensive strategies for addressing data scarcity
in NLP applications.

The practical deployment of few-shot learning in real-
world applications has revealed additional challenges
and considerations beyond those typically addressed
in academic research. Rodriguez et al. (2023)
documented case studies of few-shot NLP
deployment across five industries, highlighting the
importance of example quality and diversity in
determining realworld performance. Singh et al.
(2021) examined few-shot learning effectiveness
across 10 languages, finding substantial variation in
transfer efficiency and identifying approaches to
improve crosslingual few-shot learning through
multilingual ~pretraining. Lin et al. (2024)
investigated the robustness of few-shot learning to
distribution shifts between training and deployment
environments, proposing techniques to enhance
generalization in dynamically changing application
contexts. These practical perspectives complement
theoretical and empirical research by identifying
critical considerations for successful implementation
of few-shot learning approaches in production
environments.

The emergence of even more powerful foundation
models has further transformed the few-shot learning
landscape. These models, trained on unprecedented
amounts of data with billions of parameters, have
demonstrated remarkable few-shot capabilities
without any fine-tuning, challenging traditional
understanding of transfer learning. Wang et al.
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(2024) systematically evaluated these foundation
models in few-shot scenarios, finding that their in-
context learning abilities often matched or exceeded
the performance of smaller models fine-tuned on the
same limited examples. However, Patel et al. (2023)
identified important limitations in these capabilities,
particularly for tasks requiring specialized domain
knowledge or precise reasoning chains. Baek et al.
(2022) explored hybrid approaches that combine the
in-context learning abilities of foundation models
with targeted fine-tuning, achieving state-of-the-art
few-shot performance across diverse tasks. These
developments suggest an evolution in how we
conceptualize few-shot learning, moving from
exclusive reliance on fine-tuning toward more
flexible approaches that leverage multiple knowledge
transfer mechanisms.

Beyond performance improvements, recent research
has increasingly focused on understanding the
underlying mechanisms that enable effective few-shot
learning in NLP. Kim et al. (2022) applied
representation analysis techniques to investigate how
pre-trained knowledge transforms during few-shot
fine-tuning, identifying specific attention patterns
associated with successful knowledge transfer. Kasai
et al. (2022) employed causal intervention methods
to isolate the contribution of different model
components to few-shot performance, revealing that
middle-layer representations played a particularly
crucial role in effective transfer. Lin et al. (2024)
explored the relationship between few-shot learning
and the implicit linguistic knowledge encoded in pre-
trained representations, showing that models with
stronger performance on probing tasks targeting
linguistic structure demonstrated better few-shot
learning capabilities. These mechanistic insights
advance our theoretical understanding of transfer
learning while also suggesting potential approaches
for enhancing few-shot performance through
targeted architectural or methodological
modifications.

Looking forward, several emerging directions
promise to further advance few-shot learning
capabilities in NLP. The integration of multimodal
information to enhance text-based few-shot learning
represents one such frontier, with Zhang et al. (2023)
demonstrating that incorporating visual information
could improve few-shot performance on certain NLP

tasks by providing complementary semantic cues.
Another promising direction involves meta-learning
approaches designed specifically for few-shot
scenarios, with Zhao et al. (2024) showing that
models explicitly trained to learn from small datasets
achieved significantly stronger few-shot performance
than  conventional  pre-training  approaches.
Additionally, Murthy et al. (2024) highlighted the
potential of compositional few-shot learning
approaches that combine multiple specialized
models, each focused on different aspects of
language understanding. These emerging directions
suggest that few-shot learning in NLP remains a
vibrant research area with substantial room for
continued innovation and improvement. As these
approaches mature, they promise to further reduce
the data requirements for deploying effective NLP
solutions, making advanced language understanding
capabilities accessible in an increasingly diverse range
of contexts and applications.

Research Methodology

The researchers conducted a comprehensive
evaluation of transfer learning's effectiveness in few-
shot learning scenarios for NLP tasks. The
researchers selected three foundational pre-trained
language models (BERT, RoBERTa, and T5) and
fine-tuned them on five distinct NLP tasks: text
classification, named entity recognition, question
answering, sentiment analysis, and summarization.
For each task, they systematically varied the training
set sizes (10, 20, 50, and 100 examples) to simulate
few-shot learning conditions. The researchers
implemented a consistent fine-tuning protocol across
all experiments, utilizing learning rate decay with
warmup and early stopping based on validation
performance. To mitigate random variance, they
repeated each experimental configuration five times
with different random seeds and reported average
performance alongside standard deviations. The
researchers evaluated each model using task-specific
metrics: Fl-score for classification and NER,
ROUGE scores for summarization, and exact
match/F1 for question answering. Additionally, the
researchers assessed computational efficiency by
measuring  fine-tuning time and  memory
requirements. For qualitative analysis, they
conducted error analysis on a subset of misclassified
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examples and examined attention patterns to
understand  knowledge transfer = mechanisms.
Statistical significance of performance differences
was determined using paired t-tests with Bonferroni
correction for multiple comparisons.

Results and Data Analysis

Overall Model Performance Across Tasks

The comparative analysis of BERT, RoBERTa, and
T5 models across five NLP tasks revealed consistent
patterns in few-shot learning scenarios. Table 1
presents the average performance metrics for each

model across all tasks at different training set sizes.

Table 1: Average Performance Metrics Across All Tasks

Model 10 Examples 20 Examples 50 Examples 100 Examples
BERT 0.412 (x0.068) 0.487 (x0.059) 0.563 (+0.047) 0.629 (+0.038)
RoBERTa 0.453 (+0.071) 0.532 (+0.062) 0.618 (+0.049) 0.687 (x0.041)
T5 0.427 (+0.083) 0.503 (+0.072) 0.582 (+0.057) 0.651 (+0.046)

Note: Values represent the average of task-specific metrics normalized to a 0-1 scale with standard deviations in parentheses.

RoBERTa

consistently

demonstrated  superior

performance across all sample sizes, achieving an

in training examples, with the most dramatic

improvements

occurring between

and 50

average 9.2% improvement over BERT and 5.5%
improvement over T5 with just 100 training
examples. The performance gap between RoBERTa
and the other models became more pronounced as
the number of training examples increased,
suggesting that RoBERTa's
improvements enabled more efficient knowledge
transfer from pretraining. All models showed
substantial performance gains with each increment

architectural

Table 2: F1-Scores for Text Classification Task

examples (average gain of 36.8% across all models).

Task-Specific Performance Analysis

Text Classification

For text classification tasks, the researchers evaluated
model performance using Fl-scores on binary and
multi-class classification problems. Table 2 presents
these results.

Model 10 Examples 20 Examples 50 Examples 100 Examples
BERT 0.614 (+0.058) 0.683 (+0.047) 0.752 (+0.039) 0.804 (£0.027)
RoBERTa 0.672 (£0.051) 0.743 (£0.042) 0.815 (+0.033) 0.862 (£0.024)
T5 0.641 (£0.062) 0.709 (£0.053) 0.779 (£0.041) 0.831 (£0.031)

Text classification emerged as the task most
amenable to few-shot learning, with all models
achieving Fl-scores above 0.60 even with just 10
training RoBERTa  demonstrated
particularly strong performance in this domain,
achieving an Fl-score of 0.815 with just 50
examples—comparable to what BERT achieved with

examples.

twice as many examples. The researchers noted that

50 and 100 examples, with percentage gains
diminishing from approximately 10% (between 10
and 20 examples) to 5.7% (between 50 and 100
examples).

Named Entity Recognition
NER performance was evaluated using the Fl-score
on entitylevel recognition. Table 3 presents these

classification performance began to plateau between results.

Table 3: F1-Scores for Named Entity Recognition Task

Model 10 Examples 20 Examples 50 Examples 100 Examples
BERT 0.428 (£0.072) 0.519 (£0.063) 0.617 (+0.048) 0.694 (+0.037)
RoBERTa 0.473 (+0.069) 0.567 (+0.058) 0.671 (+0.043) 0.752 (+0.031)
T5 0.451 (+0.078) 0.542 (+0.064) 0.643 (+0.051) 0.721 (£0.039)
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NER performance showed higher variance than text
classification, particularly with the smallest training
sets. The researchers observed that rare entity types
were consistently misclassified with 10 examples but
began showing substantial improvements with 50
examples. Interestingly, T5 outperformed BERT on
this task with very few examples (10-20) but fell
behind both BERT and RoBERTa as training
examples increased to 100, suggesting that T5's

encoder-decoder architecture may offer advantages in
extremely  data-scarce  scenarios  for  token
classification tasks.

Question Answering

Question answering performance was measured
using both Exact Match (EM) and Fl-score metrics.
Table 4 presents these results.

Table 4: Performance Metrics for Question Answering Task

Model Metric 10 Examples 20 Examples 50 Examples 100 Examples
BERT EM 0.185 (+0.057) 0.243 (+0.049) 0.312 (+0.041) 0.386 (x0.036)
F1 0.347 (£0.061) 0.421 (x0.053) 0.498 (+0.047) 0.572 (¥0.039)
RoBERTa EM 0.219 (+0.053) 0.287 (x0.046) 0.368 (+0.038) 0.453 (£0.032)
F1 0.381 (+0.058) 0.462 (+0.049) 0.549 (+0.042) 0.631 (+0.037)
T5 EM 0.203 (+0.061) 0.265 (+0.052) 0.342 (+0.044) 0.419 (+0.038)
F1 0.369 (+0.063) 0.443 (+0.054) 0.521 (+0.046) 0.602 (+0.041)

Question answering proved challenging in the few-
shot setting, with even the best model (RoBERTa)
achieving only 45.3% exact match accuracy with 100
examples. The researchers noted that performance
on this task showed the highest sensitivity to training
set size, with relative improvements of over 100%
when moving from 10 to 100 examples. Error
analysis revealed that models with fewer training
examples tended to extract answers of incorrect
length or from incorrect contexts when questions

Table 5: F1-Scores for Sentiment Analysis Task

contained ambiguous terms. F1
considerably higher than exact match scores across
all configurations, indicating that models often
identified partially correct answers even with
minimal training data.

scores were

Sentiment Analysis

Sentiment analysis performance was evaluated using
Fl-scores on threeclass sentiment classification
(positive, negative, neutral). Table 5 presents these
results.

Model 10 Examples 20 Examples 50 Examples 100 Examples
BERT 0.592 (+0.053) 0.658 (+0.046) 0.724 (+0.038) 0.781 (x0.029)
RoBERTa 0.637 (£0.048) 0.713 (+0.041) 0.784 (+0.033) 0.842 (x0.025)
T5 0.615 (+0.056) 0.683 (+0.047) 0.753 (x0.039) 0.811 (+0.031)

Similar to text classification, sentiment analysis
showed strong performance even with limited
examples. RoBERTa achieved the highest scores
across all sample sizes, with particularly noteworthy
performance at the 50-example threshold where it
reached 0.784 Fl-score. The researchers observed
that neutral sentiment proved most challenging to
classify correctly compared to positive and negative
sentiments, especially with smaller training sets. This
pattern persisted across all models but was least

pronounced with RoBERTa, suggesting its pre-
training approach may better capture nuanced
sentiment expressions.

Summarization

Summarization performance was evaluated using
ROUGE-1, ROUGE-2, and ROUGE-L scores. For
brevity, Table 6 presents only the ROUGE-L scores,
which measure the longest common subsequence
between generated and reference summaries.
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Table 6: ROUGE-L Scores for Summarization Task

Model 10 Examples 20 Examples 50 Examples 100 Examples
BERT 0.197 (+0.062) 0.231 (+0.057) 0.284 (x0.049) 0.342 (x0.043)
RoBERTa 0.213 (+0.058) 0.257 (+0.053) 0.312 (+0.046) 0.373 (+0.038)
T5 0.238 (+0.061) 0.291 (x0.056) 0.359 (+0.048) 0.429 (x0.042)

Summarization emerged as the most challenging task
in fewshot scenarios, with significantly lower
performance metrics compared to other tasks.
Notably, T5 substantially outperformed both BERT
and RoBERTa on this task, achieving 15-20% higher
ROUGE-L scores across all training set sizes. The
researchers attributed this to T5's encoder-decoder
architecture and its pre-training on text generation
tasks. Even with 100 examples, summarization
quality remained relatively poor, suggesting that this
task may require substantially more examples to

achieve acceptable performance. Qualitative analysis
revealed that models with fewer training examples
tended to produce either overly generic summaries
or ones that copied the first few sentences of the
input text verbatim.

Computational Efficiency Analysis

The researchers measured the computational
resources required for fine-tuning each model. Table
7 presents the average fine-tuning time and GPU

memory requirements across all five tasks.

Table 7: Computational Requirements for Model Fine-tuning

Model Parameters Fine-tuning Time (minutes)* Peak GPU Memory (GB)*
BERT (base) 110M 8.7(x1.4) 4.2 (£0.3)
RoBERTa (base) 125M 10.3 (£1.6) 49 (+0.4)
T5 (base) 220M 15.8 (¢2.3) 7.6 (x0.6)

*Average values for 100 training examples with batch size of 8 .on NVIDIA V100 GPU

T5 required significantly more computational
resources for fine-tuning compared to BERT and
RoBERTa, consuming approximately 80% more
GPU memory and taking 82% longer to fine-tune on
average. When considering the performance-
efficiency tradeoff, RoOBERTa emerged as the most
balanced option, offering superior performance
across most tasks with only marginal increases in
computational requirements compared to BERT.
The researchers noted that fine-tuning time scaled
subdinearly with the number of training examples,
suggesting that even with larger datasets, the
computational cost remains manageable for these
models.

Error Analysis and Knowledge Transfer Patterns

Qualitative analysis of model errors revealed
consistent patterns across few-shot scenarios. With
only 10 examples, all models showed a tendency
toward overgeneralization and high sensitivity to
specific examples in the training set. Text examples
containing rare vocabulary or structures not

represented in the small training sets were frequently
misclassified.

Attention pattern visualization revealed that with few
examples, models relied heavily on superficial lexical
cues rather than deeper semantic understanding. As
training examples increased to 50 and beyond,
attention patterns became more distributed and
contextually appropriate, suggesting more robust
knowledge transfer from pre-training.

The most pronounced error reductions occurred
between 20 and 50 examples, with a 42.7% average
decrease in error rate across all models and tasks.
This finding suggests a potential "sweet spot" for few-
shot learning where sufficient task-specific
information begins to effectively combine with pre-
trained knowledge.

Learning Curve Analysis

To understand the relationship between training set
size and model performance more precisely, the
researchers plotted learning curves for each model-
task combination. Figure 1 (not shown here)
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illustrated these curves, revealing logarithmic rather
than linear improvement as training examples
increased. Performance gains diminished noticeably
after 50 examples for simpler tasks like text
classification and sentiment analysis but continued
more linearly for complex tasks like question
answering and summarization.

Extrapolating these learning curves, the researchers
estimated that to match the performance of models
trained on thousands of examples, RoOBERTa would
require approximately 250-300 examples for text
classification and sentiment analysis, while more
complex tasks like summarization would require well
over 500 examples to reach comparable performance
levels.

Cross-Task Transfer Effects

An interesting secondary finding emerged when
analyzing model performance across related tasks.
Models fine-tuned on one task showed above-
random performance on related tasks without
explicit training. For example, models fine-tuned on
sentiment analysis with just 50 examples achieved F1-
scores of 0.432 (x0.053) on text classification tasks
without any task-specific training, significantly above
the random baseline of 0.33 for the threeclass
problem. This cross-task transfer effect was strongest
between semantically related tasks and with
RoBERTa, suggesting that its pre-training approach
creates more generalizable representations.

Statistical Significance Analysis

Paired ttests with Bonferroni correction confirmed
that the performance differences between models
were statistically significant (p < 0.01) for most task-
sample size combinations. The performance gap
between RoBERTa and BERT was significant across
all configurations, while the gap between RoBERTa
and T5 was significant for all tasks except
summarization, where T5 significantly outperformed
RoBERTa (p < 0.01). The effect of increasing
training examples from 10 to 20, 20 to 50, and 50 to
100 was statistically significant across all models and
tasks (p < 0.001), confirming that even small
increases in training data yield meaningful
performance improvements in few-shot scenarios.

Discussion

The findings from this comprehensive evaluation
provide several important insights into the
effectiveness of transfer learning in few-shot learning
scenarios for NLP tasks. Perhaps most significantly,
the results demonstrate that pre-trained language
models can achieve remarkably strong performance
with minimal task-specific training data, particularly
for classification-based tasks. RoBERTa's consistent
outperformance across most tasks underscores the
importance of robust pre-training strategies and
architectural optimizations in transfer learning
scenarios. The superior performance can be
attributed to RoBERTa's dynamic masking approach
and longer pretraining, which appears to create
more generalizable linguistic representations that
transfer effectively to downstream tasks with minimal
fine-tuning examples.

The task-specific performance analysis reveals
important patterns about the relationship between
task complexity and few-shot learning effectiveness.
Tasks involving classification (text classification and
sentiment analysis) showed stronger few-shot
performance than tasks requiring complex text
generation or span identification (summarization
and question answering). This suggests that the
knowledge transfer from pre-training to fine-tuning is
more straightforward for tasks aligned with the
masked language modeling objective used during pre-
training. For summarization, where T5 significantly
outperformed BERT and RoBERTa despite
underperforming on other tasks, the results highlight
the importance of architectural alignment between
pre-training and downstream task objectives. T5's
encoder-decoder architecture and text-to-text pre-
training approach provide clear advantages for
generative tasks, even in extremely data-scarce
scenarios.

The observed performance plateau effect across
multiple tasks suggests diminishing returns beyond
certain data thresholds, with the most dramatic gains
occurring between 10 and 50 examples. This finding
has significant practical implications for data
collection  strategies in  resource-constrained
environments, suggesting that practitioners may
achieve substantial performance improvements by
focusing on collecting a few dozen high-quality
examples rather than hundreds. The computational
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efficiency analysis further supports this practical
consideration, demonstrating that fine-tuning these
powerful models requires relatively modest
computational resources, especially when working
with small training sets. This accessibility makes
transfer learning a viable approach even for
organizations  with limited computational
infrastructure.

Perhaps most intriguing from a theoretical
perspective are the observed cross-task transfer
effects, where models fine-tuned on one task showed
above-random performance on related tasks without
explicit training. This phenomenon suggests that
fine-tuning on even a small number of examples
helps models extract task-relevant knowledge from
their pre-trained representations, and this knowledge
can partially generalize to semantically related tasks.
This finding opens interesting directions for multi-
task few-shot learning, where strategically selected
examples across related tasks might yield more
efficient knowledge transfer than task-specific
examples alone. The error analysis findings
indicating shifts from lexical to more contextual
processing as training examples increase provides
further evidence that few-shot learning progressively
activates relevant aspects of the knowledge encoded
during pre-training.

Conclusion

This comprehensive evaluation of transfer learning
in fewshot learning scenarios for NLP tasks has
demonstrated the remarkable effectiveness of pre-
trained language models in data-scarce environments.
The results conclusively show that models like
BERT, RoBERTa, and T5 can achieve substantial
performance on various NLP tasks with as few as 10-
100 training examples, with RoBERTa consistently
delivering superior performance across most tasks
except summarization. The observed performance
patterns across different tasks and training set sizes
provide empirical evidence that transfer learning can
dramatically reduce the data requirements for
deploying effective NLP systems, making advanced
language understanding capabilities accessible even
in severely resource-constrained scenarios.

The research has identified several key factors
influencing few-shot learning effectiveness, including
model architecture, pre-training approach, task

complexity, and the alignment between pre-training
objectives and downstream task requirements. The
superior performance of RoBERTa on classification
tasks and T5 on summarization tasks highlights the
importance of selecting appropriate pre-trained
models based on specific task requirements rather
than assuming universal superiority of any single
architecture. Additionally, the identified "sweet spot”
of approximately 50 examples for many tasks offers
practical guidance for efficient resource allocation in
data  collection  efforts, potentially  saving
considerable time and expense in real-world
applications.

Most significantly, this study has revealed the non-
linear relationship between training examples and
performance gains in few-shot scenarios, with the
most dramatic improvements occurring in the 10-50
example range for most tasks. This finding challenges
the common assumption that effective NLP systems
require thousands of Ilabeled examples and
demonstrates that carefully designed transfer
learning approaches can extract substantial task-
relevant knowledge from pre-trained representations
with minimal task-specific data. As language models
continue to grow in size and pre-training approaches
become more sophisticated, the effectiveness of few-
shot learning is likely to improve further, potentially
revolutionizing how organizations approach NLP
application development.

Recommendations

Based on the findings of this research, several
practical recommendations can be made for
researchers and practitioners implementing NLP
solutions under data constraints. First, when facing
severe data limitations (fewer than 100 examples),
practitioners should prioritize RoBERTa for
classification-based tasks and T5 for generative tasks
like  summarization, as  these  modeltask
combinations demonstrated the strongest few-shot
performance. For optimal resource allocation,
organizations should focus initial data collection
efforts on reaching the 50-example threshold, which
represents an efficiency sweet spot where substantial
performance gains can be achieved without extensive
annotation  efforts. ~ When  the
computational resources are limited, BERT remains
a viable option that balances reasonable performance

available
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with lower computational requirements, particularly
for simpler tasks like text classification and sentiment
analysis. Future research should explore multi-task
few-shot learning approaches to leverage the observed
cross-task transfer effects, potentially developing
more efficient fine-tuning strategies that combine
examples from related tasks to improve overall
performance with even fewer task-specific examples.
Additionally, the development of specialized pre-
training objectives that better align with complex
downstream tasks like summarization and question
answering could significantly improve few-shot
performance for these challenging applications,
addressing the current performance gap observed
between classification and generation tasks in few-
shot learning scenarios.
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