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Abstract

Adapting pretrained causal language models to downstream tasks is often treated
as a uniform fine-tuning problem, with full-model optimization used as the de-
fault strategy. However, tasks such as classification, sentence-pair reasoning, and
low-resource text generation differ substantially in supervision structure and data
availability, suggesting that a single adaptation strategy may not be optimal across
settings. In this work, we conduct a unified empirical study of GPT-2 adaptation
across three tasks: sentiment classification, paraphrase detection, and low-resource
sonnet generation. We compare full-model fine-tuning, parameter-efficient adapta-
tion, and selective unfreezing combined with constrained decoding. Our results
show that end-to-end fine-tuning performs best for sentiment classification, LoORA
enables efficient and effective adaptation for paraphrase detection, and selective
unfreezing with structural decoding constraints improves stability and fidelity in
low-resource generation. Overall, our findings demonstrate that effective GPT-
2 adaptation is fundamentally task-dependent, and that aligning the fine-tuning
strategy with task structure leads to better performance and parameter efficiency.
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2 Introduction

Pretrained causal language models such as GPT-2 [[1]] have become a versatile foundation for both
discriminative and generative NLP tasks. In practice, however, downstream adaptation is often
approached with a relatively uniform recipe, typically full-model fine-tuning. This default is appealing
because it is simple and often effective, but it also obscures a more fundamental question: should
tasks with substantially different supervision structures and data regimes really be adapted in the
same way? This question is especially relevant when comparing standard classification, sentence-pair
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semantic reasoning, and low-resource structured generation, where the demands placed on the model
differ substantially.

The difficulty is that these tasks stress different aspects of a pretrained model. For sentiment classifi-
cation, the biggest challenge is whether generic pretrained representations are already sufficiently
aligned with task-specific decision boundaries. For paraphrase detection, the challenge is less about
fluent generation than about cross-sentence semantic comparison [2], creating a mismatch with
GPT-2’s causal language modeling objective. For low-resource sonnet generation, the problem is
different again: even when fine-tuning succeeds in reducingtraining loss, the model may still overfit,
repeat itself, or fail to produce outputs that satisfy structural constraints. These settings clarify both
why standard full-model fine-tuning can succeed and why it can fail: it offers maximal flexibility, but
it can also be unnecessarily expensive, statistically unstable, or poorly matched to the task.

Motivated by these differences, we study GPT-2 adaptation across three tasks representing distinct
supervision regimes: single-sequence classification, prompt-based binary inference, and low-resource
autoregressive generation. Rather than introducing a new architecture, we investigate how adaptation
strategy alone—namely which parameters to update, how tasks are formulated, and how decoding is
constrained—should vary across settings. For sentiment classification, we compare frozen-backbone
training with full-model fine-tuning; for paraphrase detection, we apply prompt-based reformulation
with Low-Rank Adaptation (LoRA) [3]; and for sonnet generation, we combine selective unfreezing
with structural decoding constraints. To further improve training efficiency, we incorporate FlashAt-
tention for memory-efficient attention computation [4]. Across these settings, our results show
that adaptation strategy is a key determinant of performance, showing the importance of matching
fine-tuning approaches to task structure.

3 Related Work

Our work is most closely related to research on pretrained language models, downstream adaptation,
prompt-based task reformulation, and controlled text generation. Rather than proposing a new
backbone architecture or a new parameter-efficient tuning method, we draw on these lines of work to
study a narrower but practically important question: how adaptation strategy should vary across task
types with different supervision structures and data regimes.

Pretrained language models and downstream adaptation. Large pretrained language models
have become the dominant paradigm in NLP by providing transferable representations that can be
adapted to a wide range of downstream tasks. Early work on generative pretraining and GPT-style
models showed that language modeling can serve as a powerful source of general-purpose knowledge
for transfer learning [5, [1]. In parallel, work on transfer learning for NLP helped establish full-
model fine-tuning as a standard adaptation strategy for pretrained models in both discriminative and
generative settings [6} [7]. Although this approach is often effective, it is commonly treated as a
default recipe rather than as a task-dependent design choice. Our work builds on this paradigm while
explicitly asking when different downstream tasks may call for different forms of adaptation.

Full fine-tuning and parameter-efficient adaptation. As pretrained models have grown in scale, a
substantial line of work has explored whether full-model fine-tuning is always necessary or desirable.
Parameter-efficient fine-tuning methods aim to preserve the benefits of transfer while reducing the
number of task-specific trainable parameters [8}|9]. Among these, Low-Rank Adaptation (LoRA)
has emerged as a simple and effective approach that constrains task updates to low-rank subspaces
while keeping most pretrained weights fixed [3]]. Existing work often emphasizes efficiency, memory
savings, or scalability. Our use of LoRA is motivated somewhat differently: we ask whether low-rank
updates are particularly well matched to paraphrase detection when the task is reformulated in a
prompt-based cloze style, so that semantic inference remains closer to the pretrained model’s native
autoregressive behavior.

Prompt-based reformulation for causal language models. A growing literature has shown that
many downstream tasks can be reformulated as prompting or language modeling problems, often
improving compatibility with the pretraining objective [10} 11, |12]. This perspective is especially
relevant for causal language models, where downstream performance can depend strongly on how
the task is presented to the model. For sentence-pair tasks in particular, prompt-based reformulation



offers a natural way to align semantic inference with autoregressive modeling rather than relying
solely on specialized task-specific heads. Our paraphrase setting follows this line of work by casting
paraphrase detection in a cloze-style format, but we combine this reformulation with LoRA in order
to study how task formulation and adaptation strategy interact.

Paraphrase detection and semantic matching. Paraphrase detection has long been studied as
a central semantic matching problem, with approaches ranging from lexical overlap and semantic
similarity methods to neural sentence-pair encoders [13} [14]. Much of this literature focuses on
architectures explicitly designed for pairwise encoding or matching. In contrast, our setting asks a
different question: given a pretrained causal language model rather than a dedicated sentence-pair
model, how should the task be reformulated and how much of the model should be updated? This
framing shifts the focus from specialized model design to adaptation strategy, which is the central
object of study in our work.

Low-resource and controlled generation. Our sonnet generation experiments are related to prior
work on low-resource generation, stylistic adaptation, and decoding control. Neural text generation
is well known to suffer from repetition and degeneration under standard decoding procedures [[15]],
motivating alternatives such as nucleus sampling and other decoding constraints [16]]. At the same
time, small-data generation settings are especially vulnerable to overfitting, making unrestricted
full-model updates potentially too flexible. Our approach combines selective unfreezing during
training with structural controls at decoding time, reflecting the view that successful low-resource
generation depends not only on the quality of learned representations, but also on how generation is
constrained at inference time. In this sense, our work is connected both to adaptation methods that
limit trainable capacity and to decoding methods that improve output quality and form.

Overall, our work differs from these prior directions primarily in emphasis. We do not introduce a
new pretrained architecture, a new prompting method, or a new parameter-efficient tuning algorithm.
Instead, we use existing ideas from these literatures to study a broader design question: how the
most effective adaptation strategy changes across standard classification, semantic matching, and
low-resource structured generation.

4 Approach

In this section, we describe the architecture of our model and the training techniques employed to
tackle the baseline and extension tasks. Our core architecture is based on a custom implementation of
the Generative Pre-trained Transformer (GPT-2).

4.1 Base Architecture

Our baseline model is a unidirectional Transformer decoder, implementing the GPT-2 architecture.
The input sequence of tokens is first mapped to continuous representations using a token embedding
layer and a positional embedding layer. The combined embeddings are passed through L identical
Transformer decoder blocks. Each block consists of two primary sub-layers: a masked multi-
head causal self-attention mechanism and a position-wise feed-forward network. We apply Layer
Normalization before each sub-layer and employ a residual connection around each of them. The
masked multi-head causal self-attention operation is defined as:

T

K
Attention(Q, K, V') = softmax (Q
Vdy

where @), K,V represent the query, key, and value matrices, dy, is the dimension of the keys, and
M is the causal masking matrix that prevents tokens from attending to future tokens. The final

contextualized representations obtained from the last Transformer layer are used for downstream
tasks.

—|—M>V 1)

4.2 Optimization Strategy

To optimize our model for the downstream classification tasks, we implemented the AdamW optimizer,
which decouples weight decay from the gradient update step. During training, momentum and



variance are tracked over time with bias corrections to prevent updates from being skewed towards
zero early in training. Weight decay is applied directly to the weights, independently of the gradient
updates, mitigating the problem of over-regularization by standard Adam.

4.3 Low-Rank Adaptation (LoRA)

Fine-tuning the entire GPT-2 model requires updating millions of parameters, which is computation-
ally expensive. To improve the efficiency, we adopt Low-Rank Adaptation (LoRA), which freezes
the original pretrained weights and learns low-rank updates to the weight matrices.

For a pretrained weight matrix W € R%**¥, LoRA decomposes the weight update AW into two
low-rank matrices:

AW = BA

where

BeR™  AcR™™* < min(d, k)

The adapted weight matrix becomes:

BA
I +a==
W W r
where « is a scaling hyperparameter that controls the magnitude of the adaptation.

During training, only the parameters A and B are updated, while the original weight matrix 1V remains
frozen. Then, the final output of the model will take the finetuned weights BA into consideration
to improve the overall performance. This significantly reduces the number of parameters to be
trained, and accelerates training while maintaining competitive performance. Specifically, in our
implementation, LoRA is applied to the attention projection matrices for query, key and value.

4.4 Flash Attention

Self-attention has quadratic time and memory complexity with respect to sequence length. Stan-
dard implementations compute attention with full matrix multiplication, Q KT, which can become
computationally heavy for large matrices and takes a lot of time.

To address this limitation, we incorporate Flash Attention, an optimized attention algorithm that
reduces memory overhead and improves GPU utilization by tiling the whole matrices first then
multiply.

Instead of calculating:

S=QKT

Flash Attention processes attention in blocks and maintains running softmax statistics to compute the
final result without storing the entire matrix. For a block of keys and values (K, V), the algorithm
maintains intermediate quantities:

m; = max .S, ;= E eSis—mi
J ,
j

The output is computed incrementally as
— 1 § Sij—m;

By computing attention in tiled blocks and combining multiple operations onto a single GPU, Flash
Attention reduces memory complexity from O(n?) to O(n) while calculating accurately.



In our implementation, we utilizes optimized scaled dot-product attention kernels from pytorch that
dispatch to Flash Attention when the hardware and tensor configurations allow it.

S Experiments

In this section, we detail the datasets used for our baseline and extension tasks, specify the evaluation
metrics for each task, and outline the hyperparameters and compute resources utilized during training.

5.1 Data
To evaluate our models across different linguistic tasks, we utilized four primary datasets:

* Stanford Sentiment Treebank (SST): A dataset consisting of sentences from movie reviews,
annotated with fine-grained sentiment labels spanning five classes (ranging from highly
negative to highly positive).

¢ CFIMDB: A subset of the IMDB movie reviews dataset used for sentiment classification,
offering longer document-level text compared to SST.

* Quora Paraphrase Dataset: A dataset of question pairs aggregated from Quora. The
objective is binary paraphrase detection—determining whether two questions have the same
underlying intent or meaning.

» Shakespeare Sonnets Dataset: A corpus of Shakespearean sonnets used for our language
generation extension. The dataset provides structured poetic text to fine-tune the model for
constrained, stylized generation.

5.2 Evaluation Method
The evaluation metrics were tailored to the specific nature of each task:

* Sentiment Classification (SST and CFIMDB): We employed both Accuracy and the
Macro F1-score. The Macro F1-score was particularly important to provide an unweighted
mean of the F1-scores for each class, ensuring that performance on less frequent classes is
adequately represented.

* Paraphrase Detection: The performance on the binary paraphrase detection task was
evaluated using standard Accuracy.

* Sonnet Generation: For the generative task, beyond qualitative manual inspection for
rhyme and meter, we evaluated the model using the chrF Score (character n-gram F-score).
The chrF metric effectively assesses the overlap of character n-grams between the generated
text and the reference text, which is well-suited for capturing morphological and stylistic
nuances in poetry.

5.3 Experimental Details

Our experiments were built upon pre-trained GPT-2 architectures. The models were optimized using
our custom implementation of the AdamW optimizer. All training runs were executed on Modal
instances utilizing a single NVIDIA A100 GPU.

Classification Tasks

For the sentiment classification tasks on SST and CFIMDB, we used the base gpt2 model (12 layers,
768 hidden dimension, 12 attention heads).

* Last-Linear-Layer Fine-Tuning: When freezing the base Transformer and only training
the classification head, we used a batch size of 64, a learning rate of 1 x 10~3, a hidden
dropout probability of 0.3, and trained for 10 epochs.

* Full-Model Fine-Tuning: When fine-tuning all model weights, we constrained the batch
size to 16 due to memory limits, reduced the learning rate to 1 x 10~ to prevent catastrophic
forgetting, and applied a hidden dropout probability of 0.3 for 10 epochs.



Task Metric Score
Sentiment Classification (SST)

Baseline (last-linear-layer) Accuracy  0.462
Baseline (full-model) Accuracy 0.513
Last-linear-layer (ours) Accuracy 0451
Full-model fine-tuning (ours) Accuracy 0.514
Sentiment Classification (CFIMDB)
Baseline (last-linear-layer) Accuracy  0.861
Baseline (full-model) Accuracy  0.976
Last-linear-layer (ours) Accuracy  0.829
Full-model fine-tuning (ours) Accuracy  0.980
Paraphrase Detection (Quora)
Baseline Accuracy  0.882
ParaphraseGPT (ours) Accuracy  0.895
ParaphraseGPT with extensions (ours) Accuracy  0.894
Sonnet Generation
Baseline ChrF 41.414
SonnetGPT (gpt2-large, top-K layers, ours) ChrF 42.548

SonnetGPT with extensions (gpt2-large, top-K layers, ours) ChrF 43.109

Table 1: Development set results for all three tasks. Higher is better for all metrics.

Paraphrase Detection

For the Quora Paraphrase task, we framed the problem as a cloze-style prediction task. We fine-tuned
the full gpt2 base model using a batch size of 64 and a learning rate of 1 x 107> for 10 epochs.

Sonnet Generation

Given the complexity of poetic generation, we scaled up to the gpt2-large architecture (36 layers,
1280 hidden dimension, 20 attention heads). To balance parameter efficiency and capability, we
froze the embeddings and lower layers, fine-tuning only the top 8 Transformer blocks and all layer
normalization parameters. We trained with a batch size of 8 and a learning rate of 1 x 10~° for 10
epochs.

During inference, we employed top-p (nucleus) sampling with p = 0.92, a temperature scaling
of 0.85, and a repetition penalty of 1.3. To enforce the strict structural properties of a sonnet,
our generation script programmatically restricted the output to exactly 14 non-empty lines, with a
maximum limit of 18 tokens per line, whilst explicitly banning the generation of numeric digits and
extraneous punctuation.

5.4 Results

In this section, we present the quantitative evaluation of our models across the various tasks. The
main results are consolidated in Table (1} which reports the performance on both the development and
test sets for each dataset. We use the baseline provided by the TA group (the “Benchmark” approach),
and compare it against our fully fine-tuned model utilizing Low-Rank Adaptation (LoRA) and Flash
Attention. We have also included efficiency improvement results, including runtime per epoch, GPU
memory usage, and tokens per second, evaluated all running on A100-40G, in the efficiency Table[2]

6 Analysis

In this project, we implemented two efficiency improvements for GPT-2: Low-Rank Adaptation
(LoRA) and Flash Attention. The goal was to improve training efficiency while maintaining compara-
ble performance on two tasks, paraphrase detection and sonnet generation. Based on the experimental
results, both techniques achieved the intended objective of reducing training cost without significantly



Model Variant Epoch Time Examples/s GPU Mem (GB)

Paraphrase Detection

GPT-2 Baseline 16.6 min 280 9.1

GPT-2 + LoRA 8.95 min 673.53 18.63

GPT-2 + LoRA + Flash Attention 5.92 min 9000 5.8
Sonnet Generation

GPT-2 Baseline 6s 4100 8.8

GPT-2 + LoRA 2s 21.8 8.44

GPT-2 + LoRA + Flash Attention 1.1s 7300 53

Table 2: Training efficiency comparison across model variants. Lower epoch time and GPU memory
usage are better, while higher throughput indicates faster processing.

degrading model performance, with slightly worse accuracy on paraphrase detection, but even better
results on sonnet generation.

Different choices of the LoORA hyperparameters also lead to interesting observations, as could be
seen in E} When the rank r is smaller, the model trains slightly faster and uses fewer parameters, but
the dev accuracy is marginally lower. Increasing the rank slightly improves model capacity but also
increases training time significantly. The configuration r = 8 and o« = 16 appears to provide a good
balance between efficiency and performance, which is consistent with commonly used LoRA settings
in previous work.

Flash Attention contributes to efficiency in a different way. Instead of reducing trainable parameters,
it optimizes the computation of the attention matrices. By avoiding the explicit construction of large
attention matrices, Flash Attention increases token processed per second and reduces training time
per epoch, without affecting the learning rate.

In addition, combining LoRA and Flash Attention improves training efficiency further, when they
accelerates training differently. As a result, the combined model achieves the largest efficiency
improvements among the tested configurations.

However, there are still several limitations in this work. First, the experiments were conducted on
relatively small datasets and models compared to modern large-scale language models. Second, some
hardware and software constraints may affect the availability of Flash Attention kernels. Finally, the
evaluation mainly focuses on runtime and accuracy; additional analysis such as memory profiling
across different sequence lengths could provide a more comprehensive understanding of efficiency
improvements.

Overall, the experimental results demonstrate that both LoRA and Flash Attention are practical tech-
niques for improving the efficiency of transformer-based models while preserving their performance
on downstream tasks.

7 Conclusion

This project explored two efficiency-oriented techniques, Low-Rank Adaptation (LoRA) and Flash
Attention, applied to GPT-2 for paraphrase detection and sonnet generation. The results show that it
is possible to improve training efficiency while maintaining strong task performance. In particular,
LoRA trains on less parameters compared to full fine-tuning, while Flash Attention accelerates the
attention matrix computation in transformer layers. Together, these methods allow the model to train
faster and utilize computational resources more efficiently.

In future work, these methods could be evaluated on larger datasets or more complex language
tasks to better understand their scalability. It would also be important to explore other parameter-
efficient fine-tuning techniques and compare them with LoRA under similar settings. Overall, this
project demonstrates that combining architectural optimization and parameter-efficient adaptation is
a promising direction for making large language models more accessible and efficient in training.



LoRA Learning Curves on Paraphrase Detection
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Figure 1: Learning curves of LoRA configurations on the paraphrase detection task. The figure shows
development accuracy across epochs for different choices of rank r and scaling factor a.. All settings
converge to similar final performance, while smaller-rank configurations remain competitive.
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