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Abstract

We investigate whether reinforcement learning with group-relative policy optimiza-
tion can improve GPT-2 on the sonnet generation task, with a secondary focus on
close-style paraphrase detection. The Sonnet Generation task requires balancing
multiple objectives such as structural correctness, rhyme scheme adherence and
fluency. We compare supervised fine-tuning (SFT) against Group Relative Pol-
icy Optimization (GRPO) and its group reward-decoupled normalization variant,
GDPO, using reward components based on sonnet line count, rhyme scheme, and
chrF similarity to reference sonnets. Across our experiments, GDPO generally
matches or outperforms GRPO and achieves the best overall result, reaching a
chrF score of 43.29 at group size G=8, compared to 42.73 for the best GRPO
configuration and 42.59 for the SFT baseline. We further find that GDPO is more
robust across group-size and various reward weights’ settings being able to utilize
these auxiliary rewards to improve on chrF. These results suggest that GDPO is a
promising approach for Sonnet Generation task, where output quality depends on
satisfying several objectives simultaneously.
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2 Introduction

Recent progress in large language models has shown that scaling pretraining compute, model size, and
dataset size can produce strong emergent capabilities [1]. However, pretrained models alone often
do not reliably satisfy the constraints that matter in real world use. These constraints / preferences
span across several areas such as improved control / steering, improved alignment with human values
and mitigating undesirable behaviors.

These constraints have motivated the use of Reinforcement Learning in LLM post-training in order
to further align models with human-oriented goals. In particular, human judgments can be used
to transfer knowledge of what humans consider desirable through Reinforcement Learning from
Human Feedback (RLHF) [2]. Several key algorithms have been proposed for this alignment stage,
including Proximal Policy Optimization (PPO) [3], which became a standard choice in early RLHF
pipelines, and more recent alternatives such as Direct Preference Optimization (DPO) [4], which
reformulates preference alignment as a simpler supervised objective without requiring explicit online
reinforcement learning.

Another prominent technique, Group Relative Policy Optimization (GRPO) [5], has gained
widespread attention because it removes the need for an explicit value model / critic by estimating the
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advantages from a group of rollouts for the same prompt, massively reducing training computations
costs as typically the value model is of the same size as the policy model, while achieving strong
performance on a variety of tasks such as Coding, Maths and Tool Calling, where rewards can be
accurately and efficiently computed.

One important consideration is that GRPO is well defined for a single objective setting, while naively
extending it to the multi-objective setting obscures important information on each reward component
and how well the model performed on that. Consequently this can negatively affect the training
process.

To address this, we study Group reward-Decoupled Normalization (GDPO) [6], which extends
GRPO to the multi-reward setting. Instead of relying on a single reward function, GDPO proposes to
perform group-wise decoupled normalization of each reward individually prior to aggregation into
the final advantage values to maintain the integrity of the signal coming from each individual reward.
This makes GDPO a natural fit for constrained creative generation tasks such as sonnet writing, where
quality is best expressed as a combination of formal, stylistic, and fluency-based objectives. In this
project, we investigate whether such multi-reward reinforcement learning can improve GPT-2 for
Shakespearean sonnet generation beyond supervised fine-tuning alone.

In this paper, we initialize from a supervised fine-tuned GPT-2 and compare standard supervised
fine-tuning against reinforcement learning with GRPO and GDPO. We define a multi-reward objective
combining chrF similarity with structural rewards for line-count correctness and rhyme adherence,
and we evaluate whether decoupled reward normalization improves optimization behavior and final
generation quality over naive reward aggregation.

Our main contributions are as follows:

• We formulate Shakespearean sonnet generation as a multi-objective reinforcement learning
problem, where quality depends jointly on fluency, structural correctness and style.

• We implement and compare GRPO and GDPO for this setting on top of a GPT-2 baseline,
alongside a supervised fine-tuning baseline.

• Through ablation studies over group size, and reward weighting, we show that GDPO
generally matches or outperforms GRPO, with the best configuration achieving a chrF score
of 43.29 compared to 42.70 for the best GRPO setting and 42.59 for supervised fine-tuning.

In this project, we focus mainly on the Sonnet Generation task, and report the final metrics obtained
from SFT on the Close-style paraphrasing task.

3 Related Work

Recent progress in LLM alignment has been driven by post-training methods that optimize models
toward human-preferred behavior beyond pretraining alone. Reinforcement Learning from Human
Feedback (RLHF) became a standard paradigm for this purpose, with InstructGPT [2] demonstrating
that preference-informed post-training via Proximal Policy Optimization (PPO) can substantially
improve instruction following and perceived helpfulness. Subsequent work proposed simpler alterna-
tives such as Direct Preference Optimization (DPO) [4], which replaces explicit online reinforcement
learning with a direct preference-learning objective.

Group Relative Policy Optimization (GRPO) [5] has emerged as an attractive alternative to PPO-style
RLHF because it removes the need for an explicit value model and instead computes advantages from
groups of sampled responses for the same prompt. This makes GRPO especially appealing in settings
where rewards can be functionally verified over full completions. However, GRPO is well defined for
mainly single objective tasks. Dr.GRPO [7] and DeepSeek-v3.2 [8] experimented with a variant
of multi-objective GRPO that removes the standard deviation term in the advantage computation,
while this preserves more signal regarding different rewards, it still does not address the main issue
behind naively summing the rewards. Recent work on GDPO argues that naively applying GRPO
in multi-reward settings can collapse distinct reward combinations into similar advantage values,
weakening the optimization signal. GDPO addresses this by normalizing each reward dimension
separately before aggregation, thereby preserving more information about how a model performs on
each objective. Our work is a direct empirical study of this idea in a constrained generation setting.
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4 Approach

GPT-2, a decoder-only auto-regressive transformer, was one of the early influential LLMs, it demon-
strated that scaling model size and dataset can give strong zero-shot performance on various down-
stream tasks [9]. In this paper, we use GPT-2 as the foundation for our experiments. We establish
zero-shot baselines using GPT-2, then explore SFT and RL on top of the pretrained model.

Reward Construction Sonnet Generation lends itself naturally to multiple objectives beyond
regular pretraining and supervised finetuning. Particularly a Shakespearean Sonnet consists of 3
quatrains followed by a final couplet, with a total of 14 lines. It must be composed in iambic
pentameter, that is it should follow a rhyme scheme of ABAB CDCD EFEF GG, where each character
denotes the rhyme scheme for the word ending that line. For example ABAB denotes that the last
word of line 1 should rhyme with the last word of line 3, and the last word of line 2 should rhyme with
the last word of line 4. To this end, a well trained model should be able to adhere to the following
constraints in addition to closely using Shakespearean style, beyond next word prediction task.

We formulate 3 main rewards for the multi-objective reward:

• Length reward: encourages exactly 14 generated lines. The reward is computed by
examining the model’s generation and calculating the number of lines. Reward is 1 if and
only if the number of lines is equal to 14, otherwise 0.

• Rhyme reward: encourages the Shakespearean rhyme scheme ABAB CDCD EFEF GG,
computed from the final word of each line using a pronunciation lexicon. We use CMUDict
2 for our rhyme based reward.

• chrF based reward: optimizes the model for chrF, encouraging higher similarity with the
reference Shakespearean text.

These rewards are going to be used in the Reinforcement Learning stage to encourage the model to
generate higher quality sonnets.

GDPO Recall that for a given prompt q drawn from a dataset D, GRPO samples a set of G
responses {oj}Gj=1 from the old policy πθold(· | q), assigns each response a reward based on the
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The KL divergence term is omitted from (2) for clarity. The main issue with the above approach is
that group-wise normalization is applied directly to rsum which can collapse different combinations
of rewards into the same advantage, as a result we get a less meaningful training signal, unequal
learning across the multiple objectives and in some cases early training failure.

To overcome the limitation in the multi-objective GRPO, Group reward-Decoupled normalization
Policy Optimization (GDPO) proposes a modification, instead of performing group-wise normaliza-

2http://www.speech.cs.cmu.edu/cgi-bin/cmudict
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tion to the aggregated rsum, GDPO performs group-wise normalization to each reward separately
before aggregation. Each advantage for a given prompt q and rollout j is computed as

A
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k
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then the overall advantage is obtained by summing the normalized advantages across all objectives:
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The reformulated advantage computation is used instead of (1) in (2).

5 Experiments

5.1 Data

The Sonnet Dataset consists of 154 sonnets written by Shakespeare. The dataset has been split into
train,dev & test. During training we only use the dev portion to tune our model, then once we have
the best model we submit that for evaluation on the held-out test set.

Task / Dataset Train Dev Test
Sonnet Generation (Shakespeare Sonnets) 131 12 12
Cloze-Style Paraphrase Detection (Quora QQP subset) 141,506 20,215 40,431

Table 1: Dataset split statistics for the default project tasks.

For dev and test, the model is given only the first 3 lines of a Sonnet and tasked with generating the
rest. We also include the dataset statistics of the close-style paraphrasing task.

5.2 Evaluation method

For model evaluation, the main metric we use to track the model’s performance is chrF [10], a
character level n-gram score between the predicted model outputs and the ground truth sonnets. chrF
effectively balances precision and recall for the character n-grams, providing a holistic overview of
the model’s performance.

Additionally, for GRPO and GDPO where we have verifiable rewards, we keep track of the rewards
values and use it to measure the training progress.

5.3 Experimental details

For our main experiments we use the pretrained GPT-2 small model, which is a 12 layer, 768 hidden
dimension and 12 attention heads with a total of 117M parameters. The model is implemented from
scratch based on the Default Project Handout, and all missing portions have been implemented and
verified to be functioning correctly.

Since the dataset for the Sonnet Generation task is small, the model becomes more prone to overfitting.
As a result, we use the AdamW [11] optimizer with weight decay set to 0.1 for all of our experiments
in an attempt to increase regularization and improve generalization. For the initial SFT experiments
we kept the learning rate set to 1e− 4, and used a batch size of 16, training for a total of 20 epochs.

Decoding was kept constant across all experiments with a top_p sampling of 0.9 and a temperature
of 1.2. This seemed to work well with our initial SFT experiments as well as in our RL experiments,
where these generation parameters control the quality of the rollouts and rewards calculated.
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5.4 Results

5.4.1 Baselines:

Close-Style Paraphrasing:

Paraphrase results. For paraphrase detection, we first evaluated a zero-shot baseline using the
pretrained model without supervised fine-tuning. We then ran supervised fine-tuning (SFT) with a
linear layer for binary classification.

Method Dev Acc. Dev F1

Zero-shot baseline 0.372 0.287
SFT + linear-layer 0.889 0.882

Table 2: Paraphrase detection results on the dev set. The zero-shot baseline performs substantially
worse than SFT with a linear layer.

Sonnet Generation:

Zero-Shot: We establish zero-shot prompt based baseline by constructing 3 prompt versions Prompt
A (§B.1) no prompt and provides the first 3 lines directly to the model. Prompt B (§B.2) explicitly
specifies the 14-line Shakespearean rhyme scheme. Prompt C (§B.3) provides a minimal Shakespeare-
style instruction. Using these prompts we evaluate the pretrained GPT-2 small on the dev set and
report the results in Table 3. Prompt C performed best and scored 41.1 chrF on the dev set.

Supervised Fine-Tuning. To obtain a stronger task-specific baseline and initialize reinforcement-
learning-based post-training, we next perform supervised fine-tuning (SFT) on pretrained GPT-2
small using the sonnet generation training data. This stage serves two purposes. First, it measures the
gains obtainable from SFT alone. Second, it provides the starting checkpoint for both GRPO and
GDPO, ensuring that reinforcement learning begins from a model that has already learned the basic
structure and style of the task. As shown in Table 3, supervised fine-tuning improves substantially
over all zero-shot baselines, reaching a chrF score of 42.59.

5.4.2 Reinforcement Learning Results

Starting from the supervised fine-tuned checkpoint, we compare GRPO and GDPO on the sonnet
generation dev set, where we used a more conservative learning rate of 5e− 6 to avoid overfitting
and complete mode collapse. Table 3 summarizes the best chrF obtained for each method under our
selected configurations, together with the zero-shot and SFT baselines. Overall, both RL methods are
competitive with or better than supervised fine-tuning, but GDPO achieves the strongest result. In
particular, the best GRPO configuration reaches a chrF of 42.73, while the best GDPO configuration
reaches 43.29, exceeding the SFT baseline of 42.59 by 0.70 chrF and the best GRPO result by 0.56
chrF.

We also compare GRPO and GDPO under a shared baseline RL setting with group size G=10, KL
coefficient β=0.2, and equal reward weights. Under this matched setup, GRPO reaches a best chrF of
42.70, while GDPO reaches 43.06. GDPO also produces stronger auxiliary reward values, improving
exact 14-line generation from 0.083 to 0.417 and rhyme reward from 0.0139 to 0.0417. This indicates
that GDPO not only improves the primary evaluation metric, but also better satisfies the structural
constraints of the task.

Training Stability. One notable challenge during training was the instability of the reward signal.
As shown in Figure 1, the combined reward curves for both GRPO and GDPO remain noisy and
exhibit oscillation rather than smooth consistent improvement. This behavior could be justified in
both methods as they optimize sequence-level rewards estimated from sampled rollouts, so the update
signal is inherently high-variance, and this variance is further amplified by the multi-objective nature
of the task. In particular, improvements in one reward component, such as line count or rhyme, do
not always translate to immediate gains in the combined reward. We also observed that increasing
the learning rate and relaxing the KL penalty allowed the model to optimize the line and rhyme
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Method Configuration dev chrF test chrF

Zero-shot
Prompt A 40.73 -
Prompt B 40.65 -
Prompt C 41.10 -

Supervised Fine-Tuning GPT-2 small + SFT 42.59 -

Reinforcement Learning GRPO (G=10, β=0.1) 42.73 42.291
GDPO (G=8, β=0.2) 43.29 41.86

Table 3: Dev-set chrF results across zero-shot prompting, supervised fine-tuning, and reinforcement-
learning-based post-training. Supervised fine-tuning improves substantially over zero-shot prompting,
and GDPO achieves the strongest overall performance among all evaluated methods.

Method chrF Line Reward Rhyme Reward
GRPO 42.70 0.083 0.0139
GDPO 43.06 0.417 0.0417

Table 4: GRPO vs. GDPO under the shared baseline RL setting (G=10, β=0.2, equal reward
weights). GDPO improves both chrF and structural reward satisfaction.

rewards better, but at the same time this harmed the model severely on the main chrF metric. Overall,
these results suggest that while RL-based post-training can improve sonnet quality, careful tuning of
optimization hyperparameters remains important for balancing exploration, policy improvement, and
stability.

Additionally, the loss kept increasing for GDPO, primarily driven by the increase in the KL loss,
while GRPO did not exhibit the same behaviour. This could suggest that GDPO drifted more from
the reference model as training progressed.

Figure 1: Training Metrics for GRPO and GDPO in the Baseline RL experiments.

Summary of results. These results show that reinforcement-learning-based post-training improves
over supervised fine-tuning alone, and that GDPO is the strongest overall method in our experiments.
Its gains are reflected both in chrF and in better adherence to structural constraints such as correct
sonnet length and rhyme.
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6 Analysis

Effect of group size. We vary the rollout group size G ∈ {4, 8, 10, 16} to study how the quality
of group-relative advantages affects training. Table 5 shows that GRPO is relatively insensitive to
this choice and peaks at G=10 with chrF 42.70. In contrast, GDPO benefits more from a moderate
group size and achieves its best overall result at G=8, reaching 43.29 chrF. Increasing the group size
further to G=16 does not improve either method. A likely explanation is that very large groups dilute
the relative-advantage signal, while very small groups do not provide enough variation for reliable
advantage computation.

Method G=4 G=8 G=10 G=16

GRPO 42.52 42.43 42.70 42.56
GDPO 42.63 43.29 43.06 42.85

Table 5: Effect of rollout group size on dev-set chrF. GDPO performs best at a moderate group size
of G=8.

Effect of reward weighting. To better understand how each algorithm handles competing ob-
jectives, we vary the relative weights assigned to chrF, line count, and rhyme. Table 6 shows that
upweighting chrF by 3× gives the strongest GRPO result, reaching 42.97 chrF. This is expected,
since chrF is also the main evaluation metric. Contrast to GRPO, GDPO achieves its best results
of 43.06 with an equal weight setting. This could imply that GDPO benefited from line & rhyme
rewards more than GRPO.

Weights Method chrF Line Reward Rhyme Reward

Equal GRPO 42.70 0.083 0.0139
GDPO 43.06 0.417 0.0417

chrF ×3
GRPO 42.97 0.250 0.0417
GDPO 42.64 0.417 0.0556

Lines ×3
GRPO 42.60 0.583 0.0417
GDPO 42.58 0.500 0.0000

Rhyme ×3
GRPO 42.64 0.500 0.0000
GDPO 42.77 0.417 0.0556

Table 6: Reward-weight ablation on the dev set.

Reward Choices Reward values reveal several things. First is that the exact 14-line generation is
learnable: both GRPO and GDPO improve line-count adherence relative to the SFT baseline, and
line reward can become substantially higher when explicitly emphasized. In contrast, rhyme remains
difficult across all settings, with rhyme reward staying below 0.06 and in some cases it is 0.

To better understand the performance of our rhyme checker we plot the reward scores computed on
the actual training data in Figure 2. The rhyme based checker has a mean score of 0.833, indicating
that there are cases in the ground truth where they are marked as not rhyming despite being correct.

In Table 7, we present several failed cases that where marked as not rhyming. The main issue behind
this is that these words can have different pronunciation, and since the rhyme checker relies on the
phones in CMUDict these were marked as non rhyming.

Why GDPO helps. The main advantage of GDPO appears in settings where we have multiple
objectives. In our task, chrF rewards stylistic similarity to the reference, while line-count and rhyme
rewards enforce explicit structural constraints that should indirectly contribute to a better chrF. If
these rewards are summed before normalization, different reward combinations can collapse into
similar advantage values, weakening the learning signal. GDPO avoids this by normalizing each
reward separately before aggregation, which likely explains its stronger structural performance and
best overall chrF. Despite the training instability, GDPO consistently performed better than GRPO
under different settings.
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Figure 2: Rhyme rewards on the Ground Truth of the training set

Sonnet ID Lines Word 1 Word 2
0 [1, 3] die memory
0 [8, 10] ornament content
1 [1, 3] field held
3 [8, 10] alone gone

Table 7: Rhyme-checker errors

7 Conclusion

In this work, we explored reinforcement-learning-based post-training for Shakespearean sonnet
generation, a constrained creative-generation task that naturally requires balancing multiple objectives.
Starting from a supervised fine-tuned GPT-2 baseline, we compared GRPO and GDPO using rewards
based on chrF, exact 14-line structure, and Shakespearean rhyme adherence. Our results GDPO and
GRPO can improve upon the SFT baseline, and that GDPO is the strongest overall method in our
setting. In particular, GDPO achieved the best dev-set performance of 43.29 chrF, outperforming
both the SFT baseline and the best GRPO configuration, while also producing stronger structural
reward values under matched settings.

Our experiments also highlight the challenges of RL-based post-training on a small dataset, and
investigate potential issues with our rhyme based checker due to different pronunciations.

Overall, these findings indicate that GDPO is a promising approach for structured text generation
tasks in which quality cannot be captured by a single reward alone.

Future work may include a revision of the rhyme based checker to improve its coverage across the
Shakespeare training dataset as well as the exploration of additional rewards signals that can help the
model adhere to the Shakesperean sonnets.
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A Appendix

B Baseline Sonnet Prompts

B.1 Prompt A

Sonnet Generation – Prompt A

{first_3_lines}

B.2 Prompt B

Sonnet Generation – Prompt B

Complete this Shakespearean sonnet with 14 lines total, with a rhyme scheme of ABAB
CDCD EFEF GG:
{first_3_lines}

B.3 Prompt C

Sonnet Generation – Prompt C

You are Shakespeare. Complete this sonnet:
{first_3_lines}
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