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Abstract

Performing supervised fine-tuning (SFT) on pretrained language models can teach
Shakespearean-like sonnet completions, but this method fails to reliably produce
the Shakespearean rhyme scheme at any level. We investigate whether an adap-
tation of Direct Preference Optimization (DPO) can be used to align for this
subsequence level preference. We introduce token-weighted DPO, a modification
that heuristically weights the tokens belonging to line-final words in order to more
strongly emphasize rhyme behavior. Our evaluations demonstrate that while stan-
dard and token-weighted DPO improve CHRF scores over an SFT-only baseline,
token-weighted DPO fails to promote rhyme accuracy in generated completions.
Attention distribution analyses shows that problems arising from a limited corpus
dominate the weak rhyme signal in spite of introducing token weights.
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2 Introduction

For the task of Shakespearean sonnet completion, a simple GPT-2 language model from pretrained
weights can reliably produce Shakespearean sonnet-like text after standard supervised fine-tuning
(SFT) on a small subset of Shakespeare’s corpus. However, the ABAB CDCD EFEF GG rhyme
scheme that Shakespeare’s 154-sonnet corpus follows is does not reliable emerge under SFT on such
a small amount of training data. So given a passable base model that can reproduce the Shakespearean
style and vocabulary in a fluent way, we would like to be able to retain this ability while also picking
up the ability to rhyme at the end of lines.

Direct Preference Optimization (DPO) [Rafailov et al., 2024] has provided a clean and effective
solution for aligning language models to human preferences when using examples of preferred and
nonpreferred responses. As such, this makes DPO an obvious candidate for aligning our model
towards Shakespearean rhyme structure. Facing an absence of real rhyme-less Shakespearean data,
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a standard approach would generate rhymeless completions from our reference model to use as
nonpreferred responses. But because these generations will somewhat fail to be authentic in style, the
broader preference signal for being more Shakespearean might dominate the token-level signal for
rhyme. Traditional DPO has no means for focusing on learning a more localized preference over a
broader stylistic preference.

To overcome the granularity mismatch between the DPO objective and our preference signal, we
propose token-weighted DPO that assigns larger weights to tokens belonging to line-final rhyme
words in hopes of providing a more targeted preference signal. We construct a pairwise dataset in
which real Shakespearean lines are paired with rhymeless lines generated by a reference model, and
evaluate whether token weightings can better align our policy. Our experiments find that although
DPO improves CHRF scores over an SFT baseline by around 0.5 points, introducing token weights
doesn’t show a clear impact on either rhyme frequency or CHRF scores. Further analysis suggests
that token weights alone are not enough to make the rhyme signal stronger than the errors of reference
model generations.

3 Related Work

The foundational work for the idea of a pre-trained language model trained in an unsupervised manner
before fine-tuning for specific tasks comes from the paper that introduced GPT-1 [Radford et al.,
2019]. This work was the first to demonstrate that if you train a model on next-token prediction over
a large amount of textual data, it can develop an understanding of language that makes it significantly
easier to fine-tune for specific tasks. The weights our base model loads comes from this general
next-token pre-training. The GPT-1 paper also outlines the decoder-only transformer architecture that
is scaled up in the follow-up GPT-2 paper by Radford et al. [2019] which demonstrated that scaling
up the decoder-only transformer architecture allows it to perform many tasks even without supervised
fine-tuning. In our work we use a GPT-2 sized base model.

The DPO formulation we adapt in this work comes from the paper by Rafailov et al. [2024]. The DPO
paper demonstrates that by making a simple assumption about the human preferences, we can derive
a single maximum likelihood objective that bypasses an explicit reward model as a simplification
of the traditional Reinforcement Learning from Human Feedback (RLHF) pipeline introduced by
Ziegler et al. [2020]. Utilizing the DPO formulation not only simplifies the training pipeline, but also
is more stable, less computationally expensive, and was shown by the authors of the original DPO
paper to match or outperform the dominant language-alignment method at the time which relied on
Proximal Policy Optimization [Schulman et al., 2017].

The inspiration our work in attempting to achieve alignment towards human preferences at a granular-
ity below the sequence level comes from the work done by Yang et al. [2025] where they observe a
discrepancy between the tendency of human preferences to be at the sequence level, while autore-
gressive training and generation are done at the token level. To address this and improve preference
learning, they learn a token-level reward model to weight tokens and even apply this idea in their
follow-up paper which relies on DPO [Yang et al., 2024]. Other papers learn token-level weights for
DPO through contrastive models [Liu et al., 2025] and optimal transport [Li et al., 2025]. Our work
positions itself as the only heuristically-labelled token weighting applied for DPO.

Previous works to align language models to poetic rhyme schemes focus on constrained decoding
[Agnew et al., 2023] and model generation-revision Zugarini et al. [2021] rather learning rhyme
alongside poetic style and language. A token-weighted DPO approach, if successful, would avoid
pushing the model into a low probability space and maintains global coherence, potential limitations
of constrained decoding and generation-revision respectively.

4 Approach

4.1 Base Model with Supervised Fine-Tuning

Our base model is a GPT-2 language model [Radford et al., 2019] initialized from pre-trained
weights that we fine-tune on a set of 131 of Shakespeare’s sonnets. The model generates sonnets
autoregressively using top-p sampling [Holtzman et al., 2020] and softmax temperature. See the
default project handout for full base model details.
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Prompt (x)
Thine eyes I love, and they, as pitying me,
Knowing thy heart tormenting me with disdain,
Have put on black, and loving mourners be,

Preferred Response (y+)
Looking with pretty ruth upon my pain.

Non-preferred Response (y−)
My daughter’s indulgence impresses the frown,

Figure 1: Example preference pair used for DPO training with prompt length 3. Prompts vary in
length between 3 and 13 to provide training data for all parts of the continuation.

The modifications made to the supervised fine-tuning training regime outlined by the default project
include a validation split to monitor overfitting alongside an early stopping condition and dropout to
help regularize the model. Other than that, results for all three tasks submitted to the leaderboard
come from extensive tuning of hyperparameters.

4.2 Rhyme Alignment with DPO Fine-Tuning

While the SFT-only model is able to roughly produce Shakespearean sonnet-like text, this regime fails
to enforce the Shakespearean sonnet rhyme scheme at all. To promote the correct rhyme behavior,
we further align our SFT-only model using DPO after undergoing supervised fine-tuning described in
4.1.

LDPO(πθ;πref ) = −E(x,y+,y−)∼D

[
log σ

(
β

[
log

πθ(y
+|x)

πref (y+|x)
− log

πθ(y
−|x)

πref (y−|x)

])]
(1)

Under a Bradley-Terry assumption of human preferences, the DPO paper [Rafailov et al., 2024]
outlines a DPO objective seen in Equation 1. While the original paper already gives a full derivation
of how this assumption allows us to reach this objective, the main intuition is that for a policy πθ, we
want to increase the log-probability difference between preferred y+ and nonpreferred responses y−
conditioned on a prompt x relative to a frozen reference policy πref .

We use our base model trained for Shakespearean sonnet generation as both our initial policy πθ

and the frozen reference policy πref . The idea behind the reference policy is that while we want to
encourage rhyming, we don’t to drift too far away from generating good Shakespearean sonnets in
the pursuit of always rhyming. β is a parameter that allows us to control the strength of this penalty
for diverging too far from the reference model.

For thoroughness and for reference later, we can explicitly define the log probability of a policy’s
response in Equation 2. The log probability of the response is the sum of the log probability of each
of the tokens conditioned on the prompt and all previously generated tokens.

log πθ(y|x) =
T∑

t=1

log πθ(yt|x, y<t) (2)

We create a dataset D = {(xi, y
+
i , y

−
i ), ...(xn, y

+
n , y

−
n )} made up of prompts with preferred and

nonpreferred responses in such a way as described in Section 4.3.

4.3 Preference Pair Construction

An example of a preference pair generated for this work is shown in Figure 1. To create our prompts,
we splice each Shakespearean sonnet in the training set to its first n lines for all n ∈ [3, 13]. This
allows us to have examples for all stages of the sonnet completion starting from three lines. We use
the next line following each partial sonnet as the preferred response y+.
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Figure 2: Tokenized negative example with weights applied for wr = 10, wn = 1. Note prompt
tokens are masked for DPO objective.

Our nonpreferred response y− comes from the SFT-only model. We present the SFT-only model
with each of the partial Shakespearean sonnets and generate a one-line completion. When generating
these nonpreferred examples, we discard any responses that rhyme correctly using Carnegie Mellon’s
CMUDict [Carnegie Mellon University, 2014] so that we have a clear signal for preferring rhymes.
Additionally, we discard any response with less than 5 words in order to present nontrivial preferences.

4.4 Token-Weighted DPO

We introduce an adaptation to the standard DPO formulation that applies token-level weights to the
log probability of each response. The motivation for this modification is the difficulty of attributing
token-level credit to sequence-level preferences in the DPO objective in Equation 1. Since we aim
to train a policy that both preserves Shakespearean style and increases rhyme correctness, we could
simply perform traditional DPO using nonpreferred responses from our reference model. But because
our reference model isn’t authentic, a broader quality difference might overpower the more localized
rhyme behavior. To address this, we introduce heuristically-labeled token weights that more heavily
weight tokens belonging to line-final rhyme words, allowing for an objective that more clearly assigns
credit to tokens responsible for the preference signal.

w ∈ RT (3)

log sπ(y|x) =
1

T

T∑
t=1

wt log π(yt|x, y<t) (4)

LTWDPO(πθ;πref ) = −E(x,y+,y−)∼D

[
log σ

(
β

[
log

sπθ
(y+|x)

sπref
(y+|x)

− log
sπθ

(y−|x)
sπref

(y−|x)

])]
(5)

We introduce a weight vector w ∈ RT where each token gets a weight wr if it is a token part of
a rhyme word, and wn if it is a token part of a non-rhyme word. The implementation details of
marking these special tokens just involve a heuristic encoding the last word of the line alongside
whitespace and punctuation and counting out the length of the token sequence starting from the back
and excluding the punctuation token. Manual check over 100 sequences saw a 100% accuracy in
marking the intended tokens. We normalize the weights by dividing by the number of tokens in the
response in order to prevent inadvertently rewarding line-final words with large token counts.

To further reason about why this modification might be effective, we can observe the gradient of
the weighted scores in Equation 6. Tokens with a larger weight produce larger parameter updates,
increasing the probability of the rhyme tokens in preferred lines while decreasing the probability of
non-rhyme alternatives.

∇ log sπ(y|x) =
1

T

T∑
t=1

wt∇ log π(yt|x, y<t) (6)
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4.5 Theoretical Justification

Just as the original DPO paper demonstrates its objective is a maximum likelihood estimator of a
Bradley-Terry model, we can also observe that this modification remains the negative log-likelihood
of a Bradley-Terry preference model.

P (y+ ≻ y−|x) = σ(r(x, y+)− r(x, y−)) (7)

The Bradley-Terry assumption shown in Equation 7 requires that preferences can be modeled as
the logistic of the difference between two rewards for some r(x, y) ∈ R. The original DPO
formulation uses r(x, y) = β log πθ(y|x)

πref (y|x) , while we substitute the log probabilities with weighted
log probabilities as shown in Equations 4 and 5. From here, there is no difference between the original
DPO paper’s derivation and our own justification for our new objective as a maximum likelihood
estimator. Our modification preserves the same relation.

5 Experiments

5.1 Data

Our work relies on four datasets, three for validation of the GPT-2 implementation (Stanford Sentiment
Treebank [Socher et al., 2013], CFIMDB [Pang and Lee, 2004], Quora Question Pairs [Quora, Inc.,
2017]) and one for the primary evaluation of our token-weighted DPO method (Shakespeare’s sonnet
corpus [Shakespeare, 2015]).

The Stanford Sentiment Treebank and CFIMDB datasets contain 11,855 and 2,434 excerpts respec-
tively from movie reviews, and our task is to predict one label out of set of sentiment labels. The
Quora Question Pairs dataset compares 400,000 question pairs with our task being to predict a binary
label describing whether the two questions are paraphrases of the other. The Shakespeare sonnet
corpus consists of Shakespeare’s 154 sonnets, used for fine-tuning our language model for completion
of a sonnet given the first 3 lines.

5.2 Evaluation Method

In order to evaluate the sentiment analysis and paraphrase detection tasks to validate our GPT-2
implementation, we will rely on simply label accuracy.

For the sonnet generation task, we will rely on both CHRF score as a measure of overall sonnet quality
and a "rhyme accuracy" to measure the effect of our token-weighted DPO approach on improving
the rhyme structure of our generated sonnets. Rhyme accuracy will be measured as the number of
line-final words that rhyme as they should in the Shakespearean sonnet structure. Not including
the rhyme provided by the 3 line prompt, we will check the other 6 pairs of line-final words for
accuracy. To evaluate rhyme accuracy, we will rely on CMUDict’s pronunciation library Carnegie
Mellon University [2014] to check pairs of words for rhyme. Because Shakespeare’s sonnets use
an older form of English with differences in modern pronunciation, we will also manually inspect
our generated sonnets for any missed rhymes. For example, Shakespeare uses "west" as a rhyme for
"east" despite modern pronunciation being different.

5.3 Experimental details

For the sentiment analysis tasks, we make no modification to the default experimental setup. For the
paraphrase detection task, we use the gpt2 size model, training over 3 epochs with a learning rate
of 1e-5, a batch size of 8, and additional dropout of 0.1 on the output layer for regularization. Each
epoch takes approximately 50 minutes, for a total training time of approximately 2 and a half hours.

For the sonnet generation task, we create our base model by performing SFT on our GPT2 implemen-
tation. We use a softmax temperature of 1.2, a top-p of 0.9, a batch size of 8, and a learning rate of
3e-5 to train the gpt2 sized model over 3 epochs. Each epoch takes approximately 3 seconds, for a
total training time of less than 10 seconds.

We then perform our token-weighted DPO approach on the base model having already undergone the
SFT regime as described above. We use a softmax temperature of 1.2, a top-p of 0.9, a batch size of
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(a) Rhyme accuracy vs rhyme weight (b) CHRF vs rhyme weight

Figure 3: Rhyme accuracy and CHRF scores in relation to wr on the Dev set.

8, and a learning rate of 3e-5 to train the gpt2 sized model over 3 epochs. Each DPO epoch still only
takes approximately 3 seconds, for a total training time of less than 10 seconds. We found that a β
(DPO parameter for controlling the divergence from reference model) of 0.1 saw the best results and
different values had no impact on the trends discussed in the Section 5.4 where we explore the impact
of different rhyme weights wr.

5.4 Results

For the sentiment analysis and paraphrase detection experiments, we were able to achieve scores than
the staff baselines for both Stanford Sentiment Treebank (SST) and CFIMDB as shown in Table 1.

Table 1: Sentiment and Paraphrase Results (Test Set)
Experiment Accuracy (%) Staff Baseline (%)

SST Last-Linear 46.7 35.0
SST Full Model 53.6 45.0

CFIMDB Full Model 97.1 90.0
Quora Full Model 85.7 85.6

Because our token-weighted DPO extension did not focus on these tasks and improvements were only
made by tuning hyperparameters or adding additional dropout, achieving scores slightly above the
baseline by was expected and allowed us to confirm the effectiveness of our GPT2 implementation.

Table 2: Sonnet Results (Test Set)
Experiment CHRF Rhyme Acc (%)

Staff Baseline 41.208 –
SFT Model 42.004 11.9%

DPO (wr = 1) 42.437 11.9%
TW-DPO (wr = 6) 42.496 11.9%

Figure 3 and Table 2 demonstrate the results of our experiments for token-weighted DPO on the
sonnet completion task. Despite our intuition that increasing token-weights for tokens making up the
final word of each line, we found that the rhyme accuracy does not increase across any of our test
rhyme weights wr ∈ {1, 2, 3, 4, 6, 8, 10, 12, 16}.

While rhyme accuracy itself doesn’t increase, we did find that both traditional DPO and token-
weighted DPO outperform both the staff baseline results and the SFT-only model. Figure 3b
demonstrates that any form of DPO consistently outperforms the SFT-only baseline.

While we were able to achieve the highest results using our token-weighted DPO approach, Figure 3a
demonstrates that varying the rhyme weight wr is more like noise than an actual improvement and
traditional DPO with wr = 1 performs on average just as well.
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Figure 4: Log Probability Margin over DPO Training (wr = 6)

6 Analysis

To dive deeper into why our token-weighted DPO might not be having its expected impact, we can
observe that by plotting out the log probabilities of preferred and nonpreferred responses during
DPO training as shown in Figure 4, we can see that our policy seems to only get better at separating
responses by learning which responses are bad while the probability of preferred responses remains
roughly the same.

Examining a pair of completions from the SFT-only model and the best token-weighted DPO model,
we can qualitatively see why this is happening: the policy appears to improve primarily by avoiding
low-quality continuations rather than by learning the rhyme preference signal.

SFT-only:
So, now I have confessed that he is thine
And I myself am mortgaged to thy will,
Myself I’ll forfeit, so that other mine wont have
mercy on
Like to silent cruel pointers not.
Wead all A gull mee, sorrowfully locked off by
time,
By him mistaken words measured what thou
wilt bore,
For, pity, but his ex(Qawnblad is still root’).
Should old time enfroit fief he his new own
beast pride?
My $10 let keep its merit with worth of virtue
E’ t doth written home up by his eyes that can
work
Lured away by myself past illness, out o’en
silence,
E’ like such action

TW-DPO:
So, now I have confessed that he is thine
And I myself am mortgaged to thy will,
Myself I’ll forfeit, so that other mine
That paid the due fee of my owner’s interest put
In theft’s lawful care;
My crown, being invested with commodities to
pay,
Blowed to him that put his esteem in me,
That show me far better that I do not spoil this
wretched spoils of th’ prize.
Beyond all this, I will make restitution of those I
stole,
For either to pay what is fair and equal to man’s
sole worth;
That while there can be peace among buyers in
the sea,
That the true bargain makes all profits to his
friend,
Which the true thief may rob most monopolists
of there beloved,
And truly hold true his bounty to himself forever
by stealing.

Towards the end of the completion, the SFT-only model starts to make many obvious mistakes. The
rhyme signal during DPO is likely to be muddied by the signal of not making these types of mistakes,
so it is difficult for the policy to see any improvement in rhyme accuracy using these nonpreferred
examples.
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Figure 5: Attention heatmap displaying how the last 3 tokens of each line attend to each other in the
final layer. Boxes in red highlight where we’d expect earlier rhyme words to influence future rhymes.

A further analysis of the attention distribution of the last three tokens of the final layer of our GPT-2
model in Figure 5 help confirm this suspicion. Boxes in red highlight where previous rhyme words
should be attending to their future counterparts, but there is no noticeable peak in attention that might
suggest the model is learning it should rhyme with these previous words.

This speaks to a potential limitation to the approach in terms of the available training data. While we
had hoped to use SFT-only completions as Shakespearean-like examples that didn’t include rhymes,
clearly they are not high-quality enough for the policy to pick up on the signal for the intended
rhyming behavior. For further evaluation of this approach on other tasks, we will focus on finding a
setting for which we can completely isolate a token-level preference signal.

7 Conclusion

In this work we propose an adaptation to traditional DPO, using heuristically-decided token-weights
to modify the traditional DPO objective in the hopes of promoting rhyming behavior in a GPT2-style
model trained for Shakespearean sonnet generation. While we demonstrated the theoretical soundness
of the approach, experimental results found no clear improvement over traditional DPO. Further
analysis speaks to the difficulty of the tasks given limitations in available data. The gap in quality
between the reference model and authentic Shakespeare is too wide for token-level weights to boost
the rhyme signal enough to increase rhyme accuracy. Limitations in mind, we hope to perform future
experiments to evaluate the effectiveness of this method on other tasks that do not suffer from the
same issues. One such avenue could be to focus on poetry outside of the Shakespearean corpus which
both is greater in volume and includes language that might be more in-distribution.
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