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Abstract

Large pretrained language models achieve strong performance across many NLP
tasks, but adapting them through full fine-tuning can be computationally expensive,
unstable with limited data, and unable to capture task-specific structural constraints.
In this project, we implement a GPT-2 style decoder-only transformer and evaluate
it on Sentiment Analysis, Paraphrase Detection, and Sonnet Generation. We inves-
tigate three extensions to improve adaptation: Low-Rank Adaptation (LoRA) for
parameter-efficient fine-tuning, Smoothness-inducing Adversarial Regularization
and Bregman Proximal Point Optimization (SMART) for stable optimization, and
structural positional embeddings for modeling poetic structure. Our results show
that prediction-space regularization substantially improves paraphrase detection
accuracy, while structural embeddings improve sonnet form metrics, highlighting
the importance of combining efficient fine-tuning methods, robust optimization,
and task-specific inductive biases.
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1 Introduction

Large-scale pretrained language models have become the dominant paradigm in natural language processing
(NLP). Transformer-based architectures such as GPT-2 [1] demonstrate that training on large corpora of
unlabeled text enables models to learn general language representations that can be adapted to a wide variety
of downstream tasks. In this project, we implement a GPT-2 style decoder-only transformer and evaluate it on
several downstream tasks including Sentiment Analysis, Paraphrase Detection, and Sonnet Generation. These
tasks highlight both the generative capabilities of large language models and their flexibility in adapting to
diverse NLP problems through task-specific fine-tuning.

Despite their success, adapting large pretrained models presents several practical challenges. First, modern
language models contain hundreds of millions or billions of parameters, making full fine-tuning computationally
expensive and memory intensive [2]. Second, fine-tuning can be unstable, especially when training data is limited,
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potentially leading to overfitting or degraded generalization performance [3]. Finally, standard transformer
architectures rely on positional encodings that capture token order but may not fully represent higher-level
structural information present in language tasks such as poetry generation [4].

To address these challenges, we explore several extensions designed to improve the efficiency and robustness of
fine-tuning in transformer-based language models. Specifically, we investigate three complementary approaches.
First, we implement Low-Rank Adaptation (LoRA) [5], a parameter-efficient fine-tuning method that introduces
trainable low-rank matrices into selected linear layers while keeping the original pretrained weights frozen. This
approach significantly reduces the number of trainable parameters while still allowing the model to adapt to
downstream tasks.

Second, we explore SMART regularization (Smoothness-inducing adversarial regularization and Bregman prox-
imal point optimization) [6] , which improves the stability and robustness of generated predictions through
principled regularized optimization. SMART incorporates a Bregman proximal point optimization framework to-
gether with adversarial smoothing to encourage the model to produce stable predictions under small perturbations.
This approach aims to reduce overfitting and improve generalization during fine-tuning.

Third, to address the inherent limitations of Byte-Pair Encoding (BPE) and standard sequence modeling in
capturing poetic form, we introduce structural positional embeddings for the Sonnet Generation task. Standard
absolute positional embeddings process text as a flat 1D sequence, which struggles to represent the 2D structure
(lines and syllables) required for a proper Shakespearean sonnet. Drawing inspiration from hierarchical positional
embeddings used in document modeling [7] and 2D grid encodings used in vision models [8], we explicitly
project the absolute 1D sequence into 2D hierarchical components—line index and syllable position—which
provides the attention mechanism the inductive biases necessary to better model iambic pentameter.

In this project, we first implement GPT-2 following the given project framework and evaluate its baseline
performance on several downstream tasks. We then incorporate the three extensions described above—LoRA,
SMART regularization, and structural positional embeddings—to investigate whether they can improve model
efficiency, robustness, or task performance. Our experiments compare different training configurations and
analyze how these techniques affect both quantitative performance and qualitative model behavior.

Overall, this work investigates how parameter-efficient adaptation, regularized optimization, and structural
inductive biases can improve the fine-tuning of large language models. Through our experiments, we provide
empirical insight into the effectiveness of these methods and their potential role in improving transformer-based
NLP systems.

2 Related Work

Transformer-based language models. Recent advances in natural language processing have been driven
by large transformer-based language models. The transformer architecture introduced by Vaswani et al. [4] relies
on self-attention mechanisms to model long-range dependencies in sequences and has become the foundation
for most modern NLP systems. Building on this architecture, autoregressive language models such as GPT [9]
and GPT-2 [1] demonstrated that large-scale unsupervised pretraining on massive text corpora can produce
models that generalize effectively to many downstream tasks after fine-tuning. These models learn contextual
representations of language that can be adapted for classification, generation, and reasoning tasks.

Parameter-efficient Fine-Tuning. Several methods have been proposed to reduce the number of parame-
ters that must be updated during fine-tuning. Adapter layers [10] introduce small bottleneck modules within
each transformer block that are trained while the original model parameters remain frozen. Prefix tuning [11]
instead learns continuous prompt vectors that are prepended to the input sequence and influence the attention
mechanism. BitFit [12] shows that updating only the bias parameters of a pretrained model can achieve competi-
tive performance on certain tasks. These approaches significantly reduce the number of trainable parameters
while maintaining strong downstream performance.

Low-Rank Adaptation (LoRA). Low-Rank Adaptation (LoRA) [5] is a parameter-efficient fine-tuning
technique that introduces trainable low-rank matrices into existing linear layers of a pretrained model. Instead of
updating the full weight matrix, LoRA learns a low-rank update that is added to the frozen pretrained weights.
This method greatly reduces the number of trainable parameters while preserving the expressiveness of the
model. Subsequent work has further explored parameter-efficient adaptation strategies and extensions to LoRA,
including improvements to low-rank adaptation for large language models and methods that combine low-rank
updates with other efficient tuning strategies [13, 14]. These approaches demonstrate that large pretrained models
can be effectively adapted to downstream tasks with minimal parameter updates, motivating the use of LoRA in
our experiments.

Prediction-space Regularization and Optimization. Another line of work focuses on improving the
robustness and stability of fine-tuning. SMART (Smoothness-inducing adversarial regularization and Bregman
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proximal point optimization) [6] introduces a principled regularization framework based on Bregman proximal
point optimization combined with Adversarial Smoothing. Bregman proximal point optimization stabilizes
training by constraining each parameter update to remain close to the predictions of a frozen reference model from
a previous training iteration. SMART builds on this to add smoothness-inducing adversarial regularization, an
approach that encourages the model to produce stable predictions under small perturbations of the input or hidden
representations, improving generalization and preventing overfitting during fine-tuning. This idea is closely
related to broader research on adversarial training and stability-based regularization for neural networks [15, 16].
Motivated by these findings, we incorporate SMART regularization into the fine-tuning process to encourage
stable and robust optimization.

Hierarchical Positional Encoding. It is well established that standard positional embeddings fail to
capture the complex structure of long documents or the 2D dependence in vision transformer models (ViTs).
Hierarchical positional encoding techniques have arise to address this issue in documents [7], in vision [8], in
tabular data [17], and more. This technique can also be extended to Shakespearean sonnets, where structural
adherence is paramount, and we explore this direction in this work.

Together, these lines of work highlight three key directions for improving pretrained language models: efficient
adaptation through parameter-efficient fine-tuning, robust optimization techniques for stable training, and the
incorporation of structural inductive biases. Our work explores these directions by integrating LoRA, SMART
regularization, and structural positional embeddings into a GPT-2 based framework.

3 Approach

This project builds on the provided GPT-2 skeleton code and completes the implementation of GPT-2 [1]. We
first implement the core components of the GPT-2 architecture, including masked multi-head self-attention,
GPT-2 transformer layers, embedding layers, and the AdamW optimizer [18]. We then fine-tune our GPT-2
implementation through a classification exercise, predicting the sentiment of various sentences on two datasets.
Finally, we fine-tune GPT-2 for two downstream tasks: (1) cloze-style Paraphrase Detection on the Quora dataset
and (2) Sonnet Generation conditioned on the first three lines, using Shakespeare’s sonnets as a dataset. The
provided baseline is the small pretrained GPT-2 model (12 layers, 768 hidden dimension, 12 attention heads),
fine-tuned using vanilla cross-entropy loss.

Sentiment Analysis. For Sentiment Analysis, we use the final hidden representation of the last token as a
sentence-level embedding. Given an input sentence tokenized as x1, . . . , xT , GPT-2 produces contextualized
hidden states

h1, . . . , hT = GPT2(x1, . . . , xT ).

We use the final token representation hT as a fixed-length sentence embedding, which is passed through a
dropout layer and a linear classification head:

z = WhT + b,

where W ∈ RC×d, d = 768, and C is the number of sentiment classes (5 for SST and 2 for CFIMDB). The
predicted class distribution is then

P (y | x) = softmax(z).

Paraphrase Detection. For Paraphrase Detection, we follow a cloze-style formulation. Given a sentence
pair (s1, s2), we construct the prompt

Question 1: “s1”
Question 2: “s2”
Are these questions asking the same thing?

The model predicts either the token “yes” or “no” as the next token. The predicted label is therefore

ŷ = arg max
y∈{yes,no}

P (y | s1, s2).

We interpret the output probability over the tokens corresponding to “yes” and “no” as

P (y | s1, s2) = softmax(WhT ),

where hT is the final hidden state of the last token and W projects the hidden representation to the vocabulary
distribution.

Sonnet Generation. For Sonnet Generation, we train GPT-2 using the standard autoregressive language
modeling objective. Given a sequence of tokens x1, . . . , xT , the model maximizes the log-likelihood

T∑
t=1

logP (xt | x1, . . . , xt−1),
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which corresponds to minimizing the cross-entropy loss between predicted and ground-truth tokens. During
inference, we condition on the first three lines of a sonnet and generate subsequent tokens sequentially. To
improve generation diversity and prevent degenerate outputs, we use temperature scaling together with top-k
sampling.

Low-Rank Adaptation (LoRA). To improve parameter efficiency during fine-tuning, we implement
Low-Rank Adaptation (LoRA) [5]. Instead of updating the full weight matrices of the pretrained GPT-2 model,
LoRA introduces trainable low-rank matrices into selected linear layers while keeping the original pretrained
weights frozen. Specifically, for a weight matrix W ∈ Rd×k, LoRA parameterizes the weight update as

W ′ = W +
α

r
BA,

where A ∈ Rr×k and B ∈ Rd×r are trainable matrices with rank r, and α is a scaling factor. In our
implementation, we apply LoRA to the query and value projection matrices of the self-attention mechanism.
During training, only the LoRA parameters are updated while the pretrained backbone remains frozen. This
greatly reduces the number of trainable parameters while still allowing the model to adapt its attention behavior
for downstream tasks.

SMART Regularization (Adversarial Smoothing and Bregman Proximal Point Optimization).
In addition to parameter-efficient adaptation, we investigate SMART regularization [6] to improve the robustness
and stability of fine-tuning. SMART formulates fine-tuning as a regularized optimization problem that encourages
smooth model predictions under small perturbations of the input or hidden representations. The method builds
on a Bregman proximal point optimization framework, which constrains parameter updates at each iteration to
remain close to the previous model parameters. Specifically, at iteration t+ 1, the vanilla Bregman proximal
point (VBPP) update takes the form

θt+1 = argmin
θ

F (θ) + µDBreg(θ, θt),

where F (θ) is the task-specific loss, µ > 0 is a regularization coefficient, and DBreg(·, ·) denotes the Bregman
divergence. In the SMART framework, the Bregman divergence is defined over the model outputs as

DBreg(θ, θt) = ls
(
f(x̃i; θ), f(xi; θt)

)
,

where f(·; θ) denotes the model prediction function and x̃i represents a perturbed version of the input xi. This
regularization encourages the model to produce consistent predictions for both the original and perturbed inputs,
thereby improving robustness and preventing overly aggressive parameter updates during fine-tuning. In practice,
this results in smoother decision boundaries and improved generalization performance when adapting large
pretrained language models to downstream tasks.

To enable independent control and allow for ablation testing, our implementation modifies this original for-
mulation by decoupling Adversarial Smoothing and the Bregman update into two additive loss components.
Furthermore, solving the inner maximization problem posed by SMART iteratively (e.g., via multi-step Projected
Gradient Descent as in the original formulation) incurs severe computational overhead. To avoid this, we
approximate the worst-case perturbation using a single-step gradient ascent update [15, 16]. This efficiently
generates the adversarial penalty as an additive loss term without the need to solve a costly iterative optimization
problem at every training step.

Structural Positional Embeddings. Finally, we experiment with structural positional embeddings to
incorporate task-specific structural information into the transformer architecture. Standard positional embeddings
encode the sequential position of tokens but do not explicitly represent higher-level structural features. For the
Sonnet Generation task, poetic form includes structural constraints such as line positions and syllable patterns.
To capture this information, the final input embedding Etotal for a given token is computed as:

Etotal = Etoken + Eabsolute_position + αlineEline + αsyllableEsyllable_position

where Etoken and Eabsolute_pos denote the standard BPE token and learned absolute positional embeddings,
respectively. The terms Eline_num and Esyllable_pos represent distinct, learned embedding layers that encode the
token’s current line index and its syllable position within that line. Furthermore, we introduce the learnable
scalar weights αline and αsyllable to modulate the influence of these structural signals. By explicitly exposing this
higher-level architectural structure to the attention mechanism, the model may be better equipped to natively
satisfy the rigid phonetic and formatting constraints of a Shakespearean sonnet. Syllable counts are calculated
using a combination of canonical pronunciations in CMUdict [19] and a rule-based heuristic [20]. Rhymes are
calculated using phoneme-based comparisons of of canonical pronunciations in CMUdict [19], matching the
final stressed vowel and subsequent phonemes.
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4 Experiments

4.1 Data

For Sentiment Analysis, we evaluate on two benchmark datasets. First, the Stanford Sentiment Treebank
(SST) [21] consists of 11,855 movie review sentences annotated with five sentiment labels: negative, somewhat
negative, neutral, somewhat positive, and positive. We use the standard train/dev/test splits (8,544 / 1,101 / 2,210
examples). The task is 5-way sentence-level classification. In addition, the CFIMDB dataset contains 2,434
highly polar movie reviews labeled as either positive or negative. The dataset is split into train/dev/test (1,701 /
245 / 488 examples). Unlike SST, reviews are often multi-sentence and substantially longer.

For Paraphrase Detection, we use the Quora Question Pairs dataset [22]. The dataset contains question pairs
labeled as paraphrase (1) or non-paraphrase (0). We use the provided subset with 141,506 training examples,
20,215 development examples, and 40,431 test examples. We formulate this as a cloze-style generation task,
where the model predicts the token “yes” or “no” given a sentence pair prompt.

For Sonnet Generation, we will use the Shakespeare sonnet dataset consisting of 154 sonnets, each containing
14 lines following iambic pentameter and the ABAB CDCD EFEF GG rhyme scheme. The data is split into 143
training sonnets and 12 test sonnets. During evaluation, the first three lines of each test sonnet are provided as
context, and the model generates the remaining lines autoregressively.

4.2 Evaluation Method

For both Sentiment Analysis and Paraphrase Detection, we evaluate classification using accuracy, which is the
proportion of correct predictions out of all predictions.

For Sonnet Generation, we evaluate using the chrF metric [23], a character-level n-gram F-score that measures
similarity between generated text and reference sonnets. Let P and R denote character n-gram precision and
recall. Then, chrF computes the following, where β controls the precision-recall tradeoff:

chrF =
(1 + β2)PR

β2P +R
. (1)

We also evaluate the level of compliance of the generated sonnets with Shakespearean form by calculating the
percent of generated sonnets with exactly 14 lines, the fraction of lines with exactly 10 syllables, the average
number of syllables per line, and the percent of required rhymes that were correct.

4.3 Experimental Details

For Sentiment Analysis on the SST dataset training only the last linear layer, we used a batch size of 64, learning
rate of 3e-3, and decreased hidden dropout probability to 0.1 since we were only training a small linear layer.
For fine-tuning the full model, we used a batch size of 64 and a learning rate of 3e-5. For the CFIMDB dataset,
for fine-tuning only the last linear layer, we used a batch size of 8, learning rate of 3e-3, and hidden dropout
probability of 0.3. For fine-tuning the full model on CFIMDB, we use a batch size of 8, learning rate of 3e-5, and
hidden dropout probability of 0.3. For both datasets, we trained the last linear layer for 10 epochs and trained the
full model for 5 epochs.

For Paraphrase Detection, we did an initial grid search over learning rate, batch size, and SMART, Bregman, and
LoRA parameters on low epoch numbers to find the the best hyperparameters to train for longer epochs. After
this hyperparameter grid search, we selected the following hyperparameters: batch size of 8, learning rate of
10−5, and trained for 8 epochs. When Adversarial Smoothness was employed, we used a perturbation radius
ϵ of 1 × 10−5, an adversarial step size of 1 × 10−3 and a loss weight λS of 0.1. When Bregman was used,
we used µ of 0.01. Due to the fact that Adversarial Smoothing and Bregman introduce additional forward and
backward passes that substantially increase training time, when LoRA was used, we continued using the GPT2
small model rather than larger versions in order to allow for training more epochs.

For Sonnet Generation, we performed a hyperparameter grid search over learning rate, batch size, various
sampling strategies (top-p, top-k, beam search), structural embedding parameters, and LoRA parameters. We
selected the following hyperparameters: a batch size of 2, learning rate of 1.5 × 10−5, 10 epochs, top-p
sampling with p = 0.85, and early stopping with patience of 2. When LoRA was employed, we switched to the
GPT2-large model and used a learning rate of 2× 10−5, LoRA rank of 16, alpha of 32, dropout of 0.05, and
applied the low-rank updates exclusively to the query and value projection matrices within the attention layers.
The other hyperparameters remained the same. When structural positional embeddings were added, we used a
learning rate multiple of 20 and alphas of 0.2 and 0.1 for GPT2 baseline and GPT2-Large + LoRA, respectively.

5



Method Accuracy
GPT2 Baseline 0.862

GPT2 + Bregman 0.897
GPT2 + LoRA 0.868
GPT2 + Adversarial Smoothing + Bregman (full SMART) 0.893
GPT2 + Adversarial Smoothing + Bregman (full SMART) + LoRA 0.830

Table 1: Ablation testing on Paraphrase Detection measured by accuracy.

4.4 Results

Paraphrase Detection. Our best performing model was GPT2 with Bregman proximal regularization,
which we submitted to the test set evaluation and achieved an accuracy of 0.896. The full SMART formulation
achieved the second highest performance by a narrow margin with an accuracy of 0.893. Though we expected
the full SMART formulation to perform better Bregman proximal regularization only, both of these results are
improved significantly over the baseline, as expected. What was most unexpected was the underperformance of
LoRA–though LoRA on its own slightly improved the baseline accuracy, SMART and LoRA together resulted
in the worst performance, which was not expected. This indicates that for the task of Paraphrase Detection,
regularization in the prediction space meaningfully improves results, but constraining the number of trainable
parameters leads to performance decreases (see Analysis section5 for more details).

Method chrF % w/ 14 lines % Lines w/ 10-syl. Avg. # Syllables % Rhymes Correct
GPT2 Baseline 42.10 0.25 24.38 10.69 5.95
GPT2 + Structural Embeddings 41.79 0.33† 27.16† 10.15† 8.33†

GPT2-Large + LoRA 41.85 0.50 35.15 10.30 13.10
GPT2-Large + LoRA + Structural Embeddings 40.88 0.25 37.65† 9.90† 13.10
† indicates sonnet form metrics that improve with structural embeddings.

Table 2: Ablation testing on Sonnet Generation measured by chrF and sonnet form metrics on the dev
set.

Sonnet Generation. Our best performing model was GPT2 baseline after hyperparameter tuning, when
assessed by chrF, which we submitted to the test set evaluation and achieved a chrF score of 42.57. This exceeded
the model’s performance on the dev set, illustrating that we stopped training before the model could overfit to
the training data. Due to the limit on submissions to the test set, we are unable to provide a comparison of the
performance of our various approaches on the test set. We notice that fine-tuning with LoRA resulted in lower
chrF scores, which is expected due to LoRA acting as a regularizer. We also observe that structural embeddings
achieved better performance on sonnet form metrics, which is also expected. We provide more details and
explanation in the Analysis section5.

5 Analysis

Paraphrase Detection. During early training, we observed strong overfitting on our baseline model,
indicated by training loss decreasing monotonically while dev accuracy plateaued and began to decline. Initial
attempts at adjusting hyperparamaeters such as weight decay or decreasing batch size led to underfitting and
did not improve performance. Only after we introduced our prediction-space regularization techniques were
we able to see stronger performance on the development set. Our best model used Bregman Proximal Point
Regularization, suggesting that constraining the model’s predictions to remain close to those of a reference
model stabilizes the fine-tuning process and prevents overly aggressive parameter updates, thus reducing the
overfitting we experienced earlier in our approach.

Even though it did not improve dev accuracy more than using Bregman alone, adding Adversarial Smoothing
together with Bregman regularization (the full SMART configuration) still significantly improved performance
over the baseline, indicating that combining these two regularization frameworks promotes smoother and more
stable model behavior. While the complete SMART formulation showed to be effective, the slightly lower
accuracy relative to Bregman alone may reflect the stronger regularization imposed by Adversarial Smoothing. By
forcing the model to remain robust to worst-case perturbations of the input embeddings, Adversarial Smoothing
introduces more aggressive regularization. This effect is likely amplified in our experimental setting due to
computational constraints. SMART requires additional forward passes and gradient computations to construct
adversarial perturbations, substantially increasing the training time per epoch by about 3-4 times in our testing.
As a result, we were only able to feasibly train the SMART configurations for a limited number of epochs.
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Under longer training schedules, the model would have more opportunity to adapt to the stronger regularization
introduced by adversarial smoothing, potentially recovering the small accuracy gap and even surpassing the
performance of Bregman regularization alone.

LoRA showed the least performance benefits–it had a very modest improvement in dev accuracy when used
alone, yet in our ablation studies, it led to the worst performance of all tested methods when combined with
SMART, falling well below the baseline. One possible explanation is that LoRA already restricts the space
of allowable parameter updates, and the addition of strong prediction-space regularization further limits the
model’s flexibility. The interaction between all of these constraints may therefore lead to underfitting, preventing
the model from adequately adapting to the Paraphrase Detection task. It is worth noting, however, that given a
resource-limited environment, these effects are most pronounced. As an example, even though LoRA restricts
the number of trainable parameters, for the task of Paraphrase Detection, using LoRA on GPT2-small was still
the only tractable option within limited compute resources. This likely contributed significantly to LoRA’s
underwhelming performance, as it is already operating in a restricted parameter space compared to GPT2-
medium or GPT2-large. With more compute resources, it is likely that LoRA applied to larger base models
does in fact provide sufficient representational capacity to satisfy the regularization constraints without suffering
underfitting.

Sonnet Generation. First, we observed that substituting a larger base model and fine-tuning with LoRA
achieved slightly lower chrF scores. This was somewhat anticipated, as LoRA is known to act as a regularizer
and thus prevents the model from diverging too far from its pre-trained state. For Sonnet Generation, a model
needs to output a highly specific and narrow distribution of text. Shakespeare only wrote a handful of sonnets
after all. Full parameter fine-tuning of GPT2 likely allowed it to fit more tightly to the training distribution,
while GPT2-Large + LoRA had greater inertia that resisted this, reflecting a tradeoff between expressiveness and
parameter efficiency.

However, we did observe that GPT2-Large + LoRA possessed much better form adherence out of the box,
with significant improvements over GPT2 in all four sonnet form metrics under investigation. This is likely
due to GPT2-Large’s greater capacity for attentional understanding. Specifically, GPT2-Large has 20 attention
heads and a 1,280 hidden dimension size compared to 12 heads and 768 hidden dimension size for GPT2. This
enhances GPT2-Large’s ability to recognize syllable, line, rhyme, and other structural patterns in the training
text. One head might look for phonemes that rhyme, another might keep count of syllables, and another might
track the position of newline characters. If we extend this trend, we can expect that larger models perform even
better at sonnet structure adherence.

Another result was that structural positional embeddings were effective at getting the models to generate more
well-formed sonnets. The addition of the embedding layers improved all 4 form metrics for the GPT2 model and
2 of the 4 form metrics for the GPT2-Large model, with a third metric staying unchanged. This validates the
hypothesis that well-implemented inductive hypotheses about the structure of domain-specific text is effective at
steering generation towards a more desired state. However, there is a limit to how much steering one can inject
into the model, as we observed that past a certain point, further perturbations to the embeddings by the structural
positional layers significantly impaired chrF performance.

Furthermore, during hyperparameter tuning, we observed high variability in both dev chrF scores and sonnet
form metrics from just small perturbations to key hyperparameters. We also observed that there was not a
monotonic relationship between dev loss and dev chrF score. Our initial assumption that the two metrics would
correlate, as seen in many simpler machine learning tasks like accuracy in classification, did not hold for the
Sonnet Generation task. This could be due to the token priors for next-token prediction being too modern and
thus misaligned from the corpus of Shakespearean language that the chrF score is calculated from.

The primary evaluation metric employed for the Sonnet Generation task is chrF. While chrF serves as a useful
baseline for evaluating vocabulary alignment, it is blind to the strict structural and phonological constraints
of the Sonnet Generation task. Because chrF relies strictly on character n-gram overlap with a reference
text, chrF rewards unstructured Shakespearean prose while penalizing perfectly metered sonnets that use non-
Shakespearean vocabulary. To provide a more task-aligned evaluation, we introduced a suite of custom sonnet
form metrics that capture the need for a sonnet to be exactly 14 lines of iambic pentameter with a strict rhyme
scheme. This shifts the evaluation from superficial text-matching to structural integrity, an interpretable indicator
of generative success that is better aligned with the complex structural objective of this task. Quantitatively,
we observe a tradeoff between chrF and form adherence, with the addition of structural positional embeddings
decreasing chrF and improving form metrics across the board in both architectural sizes. This illustrates that the
extra embedding layers impede on the model’s ability to output Shakespearean sounding language while steering
it towards more structured generation.

Qualitatively, we observed that the models had an easier time rhyming the couplet at the end of sonnets than the
quatrain groups 1. Intuitively, couplets are easier to rhyme since the rhyming lines come one after the other,
while in a quatrain, the rhyming scheme alternates every other line. Rhyming quatrains requires the model to
attend over a greater distance than for a couplet.
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Figure 1: Excerpt of poem generated by GPT2-Large + LoRA + Structural Embeddings.

6 Conclusion

In this project, we implemented GPT-2 from the provided skeleton code and evaluated it on Sentiment Analysis,
Paraphrase Detection, and Sonnet Generation, while also exploring three extensions: LoRA for parameter-
efficient fine-tuning, SMART regularization for more stable optimization, and structural positional embeddings
for stronger inductive bias in poem generation. Our results showed that these extensions had task-dependent
benefits: for Paraphrase Detection, both vanilla Bregman proximal regularization and SMART substantially
improved over the baseline, indicating that stability-focused regularization and aversarial smoothing are especially
effective for discriminative tasks with limited data. For Sonnet Generation, the baseline GPT-2 model achieved
the strongest chrF score, while GPT2-Large + LoRA + Structural Positional Embeddings improved several
form-based metrics such as 14-line adherence, syllabic conformity, and rhyme correctness, revealing a tradeoff
between surface-level similarity and structural faithfulness to real Shakespearean sonnets. Overall, we learned
that different downstream tasks require different forms of inductive bias and that common optimization or
evaluation assumptions do not always transfer cleanly across settings. Our main achievements were successfully
implementing the full GPT-2 pipeline, integrating and evaluating three meaningful extensions, and conducting
ablation studies that clarified when these methods improved performance. At the same time, our conclusions are
limited by compute constraints, the small size of the sonnet dataset, and the shortcomings of chrF as a poetry
metric. Future work could explore larger backbone models for LoRA, better tuning of SMART’s regularization
terms, and decoding or training objectives that explicitly enforce rhyme and meter.
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