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Abstract

Our project investigates the results of fine-tuning the GPT-2 model for sentiment
analysis, paraphrase detection, and sonnet generation. Transformer-based mod-
els, such as GPT-2, are highly capable, yet aligning them with human language
preferences poses a challenge. Our work addresses this challenge by first building
an implementation of GPT-2. Then, we fine-tuned the model, and evaluated its
performance on sentiment analysis using the Stanford Sentiment Treebank and
CFIMDB datasets, paraphrase detection with Quora Question Pairs database, and
sonnet generation using sonnets written by William Shakespeare. To improve our
model’s general performance while moving it to align with human judgments and
preferences, we integrated Direct Preference Optimization (DPO), an alternative
method to reinforcement learning. DPO directly optimized the language model to
align with human preferences without explicitly training a separate reward model,
simplifying the process of policy fine-tuning. In our experiments, DPO yielded im-
proved performance in paraphrase detection and sonnet generation tasks, compared
to our implementations that used the standard maximum likelihood estimation.
Furthermore, we forced that the DPO implementations enhanced the quality of our
GPT-2 outputs and better aligned them to human preferences.

1 Introduction

Transformer-based language models such GPT-2 have invoked a revolution in natural language
processing as they have demonstrated strong capabilities in language comprehension and generation
tasks. However, a remaining challenge lies in effectively aligning these models’ outputs with human
preferences. Traditional approaches, such as reinforcement learning from human feedback, involve a
two-step process that requires first training a separate reward model and then subsequently fine-tuning
the language model through reinforcement learning, which risks introducing instability and significant
computational overhead.

In this project, we implement and fine-tune GPT-2, exploring its performance in three downstream
tasks: sentiment analysis, paraphrase detection, and sonnet generation. Sentiment analysis involves
classifying the positivity and negativity of texts, paraphrase detection entails identifying semantically
equivalent pairs of sentences to determine if one is a paraphrase of the other, and sonnet generation
evaluates the model’s ability to generate Shakespearean sonnets given the first few lines. To address
the limitations associated with RLHF, we leverage Direct Preference Optimization (DPO), a more
recently introduced alternative method that directly optimizes our language model to align with
human preferences using a simplified and stable classification-based objective (Rafailov et al., 2023).

Our work demonstrates the advantages of DPO compared to conventional fine-tuning and RLHF
approaches. Experimental results on datasets such as the Stanford Sentiment Treebank, Quora
Question Pairs, and sonnet generation tasks show that DPO enhances our GPT-2 performance,
aligning the model outputs more closely with human judgment. These findings substantiate DPO’s
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potential as a practical, computationally efficient method for fine-tuning language models, and its
suitability for broader application in NLP tasks.

2 Related Work

Reinforcement learning from human feedback (RLHF) has been widely explored as a promising
and potent method for aligning language models with human values and preferences. Christiano et
al. (2017) initially demonstrated the effectiveness of using human feedback to guide reinforcement
learning policies. Further research by Ziegler et al. (2019) and Stiennon et al. (2020) has shown
improvements in language model alignment through RLHF, notably in text summarization and
dialogue generation tasks. Despite such advances in research and implementation, RLHF methods
typically involve complex and computationally demanding procedures due to their reliance on training
separate reward models.

Recently, alternative approaches like Direct Preference Optimization (DPO) introduced by Rafailov
et al. (2023) have sought to simplify the preference alignment process. DPO directly optimizes
language models using a classification-based objective without the explicit reinforcement learning
phase, thus offering a stable, computationally efficient solution. Preliminary evaluations indicated
that DPO can achieve performance that is either comparable or superior to traditional RLHF methods
in tasks such as sentiment modulation and text summarization while requiring less computational
overhead, demonstrating its potential for more widespread applications in improving GPT output
quality and reducing computation demands.

Our work leverages and extends the methodology proposed by Rafailov et al. (2023), investigating
its effectiveness in sentiment analysis, paraphrase detection, and sonnet generation. By building upon
these foundational studies, we aim to demonstrate the generalizability and efficacy of DPO in diverse
NLP scenarios.

3 Approach

Our approach leverages the GPT-2 architecture [1]], fine-tuned using the Direct Preference Opti-
mization method introduced by Rafailov et al. (2023) [2]. We apply GPT-2 across three NLP tasks:
sentiment analysis, paraphrase detection, and sonnet generation, each requiring specific adaptations
in training strategy.

The core of our implementation is the GPT-2 model, which comprises three main components:
embedding layers, transformer layers, and final prediction heads tailored to the specific tasks.

The GPT-2 embedding layers incorporate both token embeddings and positional embeddings to
encode input sequences as follows:

H, = Embedding(Xiokens) + PositionalEmbedding( X positions) e))

Each Transformer layer within GPT-2 employs a causal self-attention mechanism, computed as:
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where Q, K, and V' represent queries, keys, and values respectively, and M denotes a causal attention
mask enforcing autoregressive behavior by masking out future token information. The self-attention is
followed by a position-wise feed-forward neural network, normalization layers, residual connections,
and dropout operations.

Attention(Q, K, V') = softmax ( + M ) \% )

For each specific task, we add distinct prediction heads atop GPT-2’s final hidden states to generate
appropriate outputs:

- For sentiment analysis, we use a linear classification head producing logits over sentiment classes.
- For paraphrase detection, we use a linear classification head over two possible outcomes (para-
phrase or not).



- For sonnet generation, the model directly predicts logits over the vocabulary tokens, modeling the
probability distribution for generating each token of the sonnet.

To align GPT-2 outputs with human preferences efficiently, we employ DPO. Here, DPO simplifies
and stabilizes model alignment by directly optimizing model predictions towards human-preferred
outputs.

The DPO objective is defined as follows, as proposed by Rafailov et al. (2023):

Given a dataset D containing human-labeled pairs of preferred (y,,) and dispreferred (y;) responses
for each prompt x, the DPO loss function is:
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o denotes the logistic sigmoid function, 3 controls the strength of optimization towards preferred
outputs, and 7 is a fixed reference model (initially set to the GPT-2 model before fine-tuning).
Intuitively, DPO maximizes the likelihood ratio between preferred and dispreferred outputs, effectively
guiding GPT-2 to generate outputs aligned with human judgments.

For sentiment classification, we fine-tune GPT-2 on the Stanford Sentiment Treebank (SST) and the
CFIMDB dataset, using the following training objective based on standard cross-entropy loss:

N
1
Lcg = N zlogpe(yﬂzi) 4

We experimented with fine-tuning either just the final classification head or the entire GPT-2 model.

In paraphrase detection, we structure inputs using the format:

",

“Is “{sentencel}" a paraphrase of “sentence2”? Answer “yes" or “no".

We then predict either the “yes" or “no" token as a classification task. When using DPO loss,
predictions from the fine-tuned model (7y) were directly compared against the frozen reference model
(’/Tref):
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where yq(if ) denotes the preferred output token and yl(i) the non-preferred output token.
For generating sonnets, we applied DPO loss to guide GPT-2 in generating coherent sonnet continua-
tions. Our method computes the likelihood of good and bad (suboptimally generated) continuations:

LDPO =-FE [logcr (ﬂ[(lnge (ygood|I) - logpref(ygood‘x)) - (logpe (ybadlx) - logpref(ybad|x))]2]6)

Bad continuations were generated by sampling at higher temperatures or top-p thresholds to inten-
tionally reduce the quality of their outputs.

All models were trained using the AdamW optimizer with appropriate hyperparameters, selected
through validation set performance. We ensured reproducibility by setting a fixed random seed across
all experiments. The training was performed using NVIDIA GPUs.

This approach combines the strength of transformer-based language models with DPO’s straightfor-
ward alignment strategy,



4 Experiments

4.1 Data

In our project, we employ several datasets to evaluate our fine-tuned GPT-2 model. Below, we provide
details on each dataset and explain their relevance to the respective tasks.

Stanford Sentiment Treebank (SST) The Stanford Sentiment Treebank (SST) [3]] is a popular
dataset for sentiment classification tasks. It contains sentences extracted from movie reviews, each
labeled with one of five sentiment classes ranging from very negative (0) to very positive (4). The
dataset includes 11,855 sentences for training, 872 for validation, and 1,821 for testing. It serves as a
benchmark for evaluating models’ abilities to capture fine-grained sentiment nuances.

CFIMDB Dataset The CFIMDB dataset [4] is a large-scale movie review dataset commonly used
for sentiment classification tasks. The dataset includes 50,000 movie reviews labeled as positive
or negative, split evenly into 25,000 training and 25,000 test reviews. This dataset was chosen to
evaluate our model’s ability to generalize sentiment classification performance across larger and more
diverse textual data compared to SST.

Quora Question Pairs (QQP) For paraphrase detection, we utilize the Quora Question Pairs
dataset [5]], consisting of sentence pairs labeled as either paraphrases or non-paraphrases. QQP
comprises approximately 404,290 question pairs, designed to test models’ capacity for semantic
equivalence identification. This dataset allows us to assess how effectively our fine-tuned GPT-2
model distinguishes subtle differences in meaning between sentences.

Shakespearean Sonnets Dataset For sonnet generation, we use a dataset consisting of 154 Shake-
spearean sonnets, providing structured poetic text for evaluating generative models. The dataset
contains sonnets following traditional poetic structures, allowing us to examine GPT-2’s ability to
generate creative, coherent, and stylistically consistent text when conditioned on partial prompts.
Specifically, we provide the model with the first three lines of a sonnet and evaluate its continuation
capabilities qualitatively in alignment with poetic form and style.

For each dataset, input text sequences were tokenized using the GPT-2 tokenizer provided by Hugging
Face Transformers. Tokenized sequences were padded or truncated to a fixed maximum sequence
length, appropriate for computational constraints. Sentences from SST and CFIMDB datasets
were directly tokenized and padded. In paraphrase detection, sentence pairs were formatted into a
natural-language prompt as follows:

",

“Is "sentence-one" a paraphrase of "sentence-two"? Answer "yes" or "no":

This framing allows the model to leverage its language-modeling capabilities to perform classification
by predicting tokens corresponding to "yes" or "no."

For sonnet generation, inputs consisted of tokenized lines of poetry, and the model was fine-tuned to
produce coherent poetic continuations from provided prompts.

Overall, these diverse datasets allowed us to rigorously evaluate GPT-2 and the efficacy of Direct
Preference Optimization across various NLP tasks, from classification to creative generation.

4.2 Evaluation method

We evaluate our fine-tuned GPT-2 models across all three NLP tasks—sentiment analysis, paraphrase
detection, and sonnet generation—using both quantitative and qualitative metrics appropriate to each
task.

For sentiment analysis (on Stanford Sentiment Treebank (SST) [3] and CFIMDB [4]), we use two
standard metrics: accuracy and macro-F1 score. Accuracy measures the percentage of predictions
matching the correct labels, providing an intuitive measure of overall classification performance. The
macro-F1 score was a tool in our development process but excluded in our final evaluations.

For paraphrase detection on the Quora Question Pairs (QQP) dataset [5]], we also employ accuracy
and macro-F1.



For sonnet generation, we evaluate our generated sonnets using the chrF score [? ], a character-level
metric used to assess the quality of text generation. chrF computes the F-score of character n-grams
between the generated text and reference sonnets, thus effectively capturing both fluency and stylistic
similarity:

chrPrecision - chrRecall

hrF = (1+ %) -
chrF = (1+ 57) (32 - chrPrecision) + chrRecall

N
where 3 determines the relative importance between precision and recall.

4.3 Experimental details

For all experiments, we consistently used the AdamW optimizer [? ] with a learning rate of 1 x 1075,
a batch size of 8, and dropout probability set at 0.1. Each experiment was trained for exactly 10
epochs, ensuring consistency and reproducibility. Training and evaluation runs were done on NVIDIA
T4 GPUs.

For sentiment analysis on the Stanford Sentiment Treebank (SST) and CFIMDB datasets, each
training run completed within approximately 10 minutes.

Paraphrase detection, trained on the larger Quora Question Pairs dataset, required approximately 9
hours per run with and without DPO enabled.

For sonnet generation, training time was approximately 15 minutes per run with DPO enabled, and
10 minutes with standard loss calculations.

All models and experiments used fixed random seeds to guarantee reproducibility and consistency
across experimental runs.

4.4 Results

Table [T summarizes the sentiment classification results. On the Stanford Sentiment Treebank (SST),
fine-tuning the full GPT-2 model outperformed fine-tuning only the last linear layer and improved
significantly over baseline results. On the CFIMDB dataset, our model closely matched the baseline
performance.

Model SST Test Accuracy CFIMDB Dev Accuracy
Baseline (last linear layer) 46.2% 86.1%
Our model (last linear layer) 46.6% 85.7%
Baseline (full model) 51.3% 97.6%
Our model (full model) 55.2% 97.6 %

Table 1: Comparison of sentiment analysis performance on SST and CFIMDB datasets.

Our GPT-2 model showed substantial improvement over baseline performance on the SST dataset
when fully fine-tuned, while maintaining comparable results on CFIMDB.

For paraphrase detection on the Quora Question Pairs dataset, our GPT-2 model trained using Direct
Preference Optimization achieved a test accuracy of 87.9%.

In the sonnet generation task, our GPT-2 model trained with DPO achieved a chrF score of 35.902,
surpassing the standard GPT-2 fine-tuning baseline (chrF approximately 34.9) by about 1 point. This
improvement highlights the advantage of the DPO approach in generating stylistically closer poetic
text.

We found that DPO didn’t demonstrate as large of a qualitative gap as expected - while it outperformed
our standard loss, especially in sonnet generation, it remained close, regardless of hyperparameter
tuning. We found that if the model performed poorly with standard loss, it performed poorly with
DPO, and if the model performed well with standard loss, it performed well with DPO. This inclines
us to consider other implementation methods of DPO to see if DPO performed strongly in situations
where other methods perform poorly.



5 Analysis

In sentiment analysis on the SST dataset, fine-tuning the entire GPT-2 model provided clear im-
provements over the baseline by effectively capturing nuanced sentiment. On the CFIMDB dataset,
differences between partial fine-tuning (final linear layer only) and full model fine-tuning were
more pronounced, with the fully fine-tuned model demonstrating significantly greater robustness on
challenging examples.

In paraphrase detection, our GPT-2 model fine-tuned with DPO achieved higher accuracy compared
to traditional fine-tuning approaches. Qualitative inspection revealed stronger sensitivity to subtle
semantic differences in sentence pairs, though the model occasionally misclassified pairs with
significant lexical similarity but different underlying meanings.

In sonnet generation, employing DPO improved the chrF score by approximately 1 point compared to
the standard GPT-2 fine-tuning baseline. Qualitatively, sonnets produced by our DPO-trained model
exhibited better adherence to the formal poetic structure and style. However, we observed that even
with DPO, generated sonnets frequently suffered from repetition, limiting their overall creativity and
diversity. For example, here is one of the generated sonnets in our final model:

"Poor soul, the center of my sinful earth,

Pressed with these rebel powers that thee array,

Why dost thou pine within and suffer dearth,

Pressed and deost thou, of these dost, my, the earth, that thou and my deost,

Pressed with thee, with that, my, dost thou and my earth,

Pressed with thee, my, with my deost, my deost, thee, the earth,

Pressed with thee, my, the deost and thee, my, that with thee

Pressed and deost thou and that with that, my earth and my deost, the earth, my, that
Pressed and dost thee and that, my earth, and my deost, my"

Despite careful experimentation and hyperparameter tuning—including variations in temperature, top-
k, and nucleus sampling (top-p)—the model consistently demonstrated strong repetition, indicating
challenges inherent in the task and dataset, but also significant room for improvement.

While DPO provided improvements in stylistic alignment and training stability, limitations in creative
diversity and output repetition suggest areas for further improvement, refinement, and experimenta-
tion.

6 Conclusion

In this project, we explored fine-tuning GPT-2 using both traditional fine-tuning methods and Direct
Preference Optimization (DPO) in sentiment analysis, paraphrase detection, and sonnet generation.
Our experiments demonstrated that leveraging DPO provides clear benefits in aligning GPT-2 outputs
more closely with human preferences, particularly evident in the paraphrase detection task (achieving
87.9% accuracy) and the sonnet generation task (improving the chrF score by approximately 1 point
over the baseline), but still has room for adjusting for ideal application.

While the DPO approach effectively enhanced performance and provided greater stability during
training, we encountered notable limitations. In particular, our DPO-trained model struggled with
repetitiveness during sonnet generation. Despite careful tuning of hyperparameters such as tempera-
ture, top-p, and other sampling parameters, the generated outputs often lacked diversity and creative
variation, indicating inherent limitations in the current DPO methodology or the inherent complexity
of the creative generation task itself.

Future work could focus on addressing these shortcomings by exploring advanced sampling strategies,
such as nucleus sampling with varying thresholds, or employing additional regularization methods
during fine-tuning. Further investigation into alternative methods of preference alignment, such
as incorporating human feedback directly in the generation loop or applying parameter-efficient
fine-tuning methods, may also yield promising improvements.

Cur findings highlight the potential of Direct Preference Optimization as a practical and efficient
method for aligning transformer-based language models with human preferences, while also empha-
sizing the challenges that remain in producing diverse and creative outputs in generative tasks.
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