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Abstract

Large language models are commonly trained with token-level objectives, but these
objectives do not directly optimize the qualities users care about most, such as
global coherence, stylistic consistency, and alignment with preferences. This gap
is especially pronounced in creative generation tasks like Shakespearean sonnet
completion, where outputs may be locally fluent yet fail to sustain tone, structure,
or poetic quality over an entire poem. While reinforcement learning from human
feedback can address this mismatch, collecting human preference data is expensive
and difficult to scale. In this project, we study whether reinforcement learning
from AI feedback can improve a small GPT-2 model in a low-resource setting by
using external language models as automated judges and optimizing the generator
with Direct Preference Optimization (DPO). We compare supervised fine-tuning,
LoRA-based parameter-efficient tuning, and DPO trained on preference datasets
produced by two judges, Kimi and Gemini. Beyond sonnet generation, we also
improve the project’s paraphrase detection component through symmetry-aware
training and dev-calibrated threshold selection. Our results show that even small
pipeline changes can yield meaningful gains in paraphrase detection, improving
dev accuracy from 0.895 to 0.904 and reaching 0.902 on the test set. For sonnet
generation, preference-based optimization consistently outperforms supervised
fine-tuning, with DPO trained on Kimi preferences achieving the best performance
(43.05 dev chrF, 42.48 test chrF). We further find that, at our scale of preference
data, having a larger dataset from a less balanced judge appears more beneficial
than having a smaller dataset from a more advanced and balanced judge.
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2 Introduction

Large language models are typically trained with token-level maximum likelihood, but this objective
is only an indirect proxy for what users actually care about: global quality, coherence, style, and
alignment with preferences. This mismatch is especially visible in creative generation tasks such as
Shakespearean sonnet completion, where many outputs are locally fluent yet globally weak in tone,
structure, or poetic consistency. In practice, this creates a core alignment problem: how to improve
holistic generation quality when explicit gold labels are scarce and evaluation is subjective.

A common solution is Reinforcement Learning from Human Feedback (RLHF), which uses preference
judgments to optimize behavior beyond next-token prediction. RLHF has shown strong gains, but
its dependence on human annotations makes it expensive and difficult to scale across domains and
iterations. Recent work on Reinforcement Learning from AI Feedback (RLAIF) suggests that strong
language models can act as judges and provide scalable preference supervision [1]. In parallel, Direct
Preference Optimization (DPO) [2] offers a simpler preference-learning objective that avoids explicit
reward-model training and the instability of full reinforcement learning, while still training from
pairwise preferences.

In this project, we study these ideas in a controlled small-model setting using GPT-2, with a primary
focus on Shakespearean sonnet generation. The default project setup is well suited for this study
because sonnet completion is an open-ended generation task with strict stylistic constraints, making
it sensitive to global quality rather than token-level accuracy. We first establish a supervised fine-
tuning (SFT) baseline, then explore parameter-efficient adaptation with LoRA, and finally apply
preference-based optimization using RLAIF. To construct preference data, we generate multiple
candidate sonnets and use strong language models (Kimi and Gemini) as automated judges to produce
pairwise comparisons. These preferences are then used to train the generator with Direct Preference
Optimization.

We report results for four training strategies: (1) supervised fine-tuning, (2) LoRA adaptation, (3)
DPO trained with Kimi preferences, and (4) DPO trained with Gemini preferences. Our experiments
show that preference-based optimization with AI feedback consistently improves sonnet generation
quality over supervised training alone, demonstrating that RLAIF-style alignment methods remain
effective even in small-model, low-data settings.

3 Related Work

Reinforcement Learning from Human Feedback (RLHF) has become a standard approach for aligning
language models with human preferences by optimizing policies using preference comparisons rather
than token-level likelihood [3, 4, 5]. However, collecting high-quality human annotations is expensive
and difficult to scale. Recent work on Reinforcement Learning from AI Feedback (RLAIF) proposes
replacing human annotators with strong language models acting as automated judges. Lee et al. [1]
show that AI-generated preferences can match RLHF performance on summarization and dialogue
tasks, and introduce direct-RLAIF, where the judge is used directly as a reward signal to avoid
reward-model staleness. Similarly, Constitutional AI [6] demonstrates that model-generated feedback
guided by a set of principles can successfully replace human feedback in alignment pipelines. These
works suggest that scalable preference supervision is feasible when evaluator prompts and scoring
criteria are carefully designed.

Preference learning is often implemented using reinforcement learning algorithms such as PPO [7],
but these methods can be unstable and require training a separate reward model. Direct Preference
Optimization (DPO) [2] proposes a simpler alternative that directly optimizes the policy using
pairwise preference comparisons without explicit reward modeling or RL rollouts. Variants such
as IPO and other preference-based objectives further explore stable alignment without full RL [8].
These approaches make preference optimization feasible in small-scale settings where compute and
data are limited. Our work adopts DPO as the preference-learning objective, allowing us to focus on
the effect of preference data quality rather than the challenges of full reinforcement learning.

Adapting pretrained language models with limited data often benefits from parameter-efficient
methods. LoRA [9] introduces low-rank adapters that allow fine-tuning only a small subset of
parameters while keeping the base model frozen, improving stability in low-resource regimes.
Related methods such as adapters [10] and prefix tuning [11] have shown similar benefits for efficient
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adaptation. Parameter-efficient methods are widely used in alignment and instruction tuning, where
full-model updates may overfit or be computationally expensive. In our project, LoRA serves as an
intermediate baseline between supervised fine-tuning and preference-based optimization.

Most alignment work is evaluated on dialogue, summarization, or instruction-following tasks, while
creative generation has received less attention despite being highly sensitive to global quality and
style. Early work on neural text generation explored sequence-level objectives and evaluation
challenges [12, 13]. More recent studies highlight the difficulty of automatic evaluation for open-
ended generation and the importance of human or learned preference signals [14]. Shakespearean
sonnet generation provides a controlled setting with strong structural constraints, making it suitable
for studying how different supervision signals affect holistic generation quality. In this work, we use
sonnet completion as a testbed to compare supervised fine-tuning, parameter-efficient adaptation,
and preference-based optimization under the same model architecture and dataset. By using strong
external models (Kimi and Gemini) as judges, we also examine how evaluator choice affects the
resulting preference signal, an issue highlighted in prior RLAIF studies but not well explored in
small-model settings.

4 Approach

4.1 Paraphrase Detection

We keep the baseline architecture (GPT-2 encoder with a linear 2-way classification head) and focus
on improving the training and decision pipeline for paraphrase detection.

4.1.1 Baseline formulation

Given a sentence pair (s1, s2), we use a cloze prompt:
Is "{s1}" a paraphrase of "{s2}"? Answer "yes" or "no":
The final token representation is fed into a linear layer to predict paraphrase (1) vs non-paraphrase
(0), trained with cross-entropy loss.

4.1.2 Improvements over baseline

1) Symmetry-aware data construction. Paraphrase is symmetric, but prompt order can introduce
directional bias. During training, we augment each pair with both orders: (s1, s2) and (s2, s1), with
the same label for both. Dev/test keep original order for consistent evaluation.

2) Dev-calibrated decision threshold. Instead of using a fixed 0.5 cutoff, we calibrate a threshold
on dev probabilities pyes. We sweep t ∈ [0.05, 0.95] (91 grid points) and choose t∗ that maximizes
a selected dev metric (macro-F1 by default, accuracy optional). This better aligns binary decisions
with the evaluation objective.

3) Metric-aligned model selection and reproducibility. At each epoch, we recompute the best
dev threshold and selection score, then save the checkpoint with the best dev metric. We also persist
the selected threshold in the checkpoint and reuse it at test time. Together with fixed random seeds
and deterministic settings, this makes the training/evaluation pipeline more stable and reproducible.

4.2 Sonnet Generation

The main focus of this project is improving Shakespearean sonnet generation using preference-based
alignment. We follow the default project setup, where the model is conditioned on the first three lines
of a sonnet and must generate the remaining lines. Generation quality is evaluated using the chrF
metric on the held-out sonnet set, together with qualitative inspection of rhyme consistency, fluency,
and stylistic coherence.

4.2.1 Supervised fine-tuning baseline (SFT)

We first establish a supervised fine-tuning (SFT) baseline using next-token prediction on the sonnet
corpus. Given a sonnet sequence x1, . . . , xT , the model is trained to maximize the autoregressive
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log-likelihood

T∑
t=1

logP (xt | x1, . . . , xt−1). (1)

At evaluation time, the model receives the first three lines of a sonnet as a prompt and generates the
remaining tokens using greedy decoding. This baseline follows the default project implementation
and serves as the reference point for all subsequent methods.

4.2.2 Parameter-efficient fine-tuning with LoRA

To mitigate overfitting on the small sonnet dataset, we implement Low-Rank Adaptation (LoRA).
Instead of updating all pretrained weights, we freeze the base GPT-2 parameters and insert trainable
low-rank matrices into the attention projection layers. For a weight matrix W , LoRA parameterizes
the update as

W ′ = W +BA, (2)

where A ∈ Rr×d and B ∈ Rd×r with rank r ≪ d. This greatly reduces the number of trainable
parameters while preserving expressive capacity, leading to more stable training in low-data regimes.
LoRA provides a parameter-efficient baseline that allows us to separate the effect of supervision
signals from the effect of full-model updates.

4.2.3 Preference data generation with AI judges (RLAIF)

To optimize generation quality beyond token-level likelihood, we construct preference datasets
using Reinforcement Learning from AI Feedback (RLAIF). For each prompt consisting of the first
three lines of a sonnet, we sample multiple candidate continuations from the current model and
form pairwise comparisons. An external language model judge is then asked to select the better
completion.

We use two different judges, Kimi-k2.5 and Gemini-3.1-pro-preview. Each judge evaluates candidate
pairs according to a rubric that includes fluency, poetic quality, stylistic similarity to Shakespeare,
and overall coherence. The judge output is converted into a pairwise preference example (x, y+, y−),
where y+ is the preferred continuation and y− is the rejected one.

Because different judges may disagree on the same pair, we treat each judge as defining a separate
preference dataset and train separate aligned models for each.

4.2.4 Direct Preference Optimization (DPO)

We train the generator using Direct Preference Optimization (DPO), which directly optimizes the
model to prefer chosen responses over rejected ones without training an explicit reward model.

Given a prompt x, a preferred completion y+, and a rejected completion y−, DPO maximizes

log σ
(
β
(
log πθ(y

+ | x)− log πθ(y
− | x)

))
, (3)

where πθ is the current policy and β controls the strength of the preference update. Compared to
PPO-style RLHF, DPO is simpler, more stable, and particularly suitable for small-scale training.

4.2.5 Improved generation procedure

In addition to improving the training objective, we also modify the generation procedure. The
original project code uses simple nucleus sampling with temperature scaling and generates a single
continuation per prompt. This often leads to unstable outputs and frequent repetition, especially for
long-form generation.

We implement a more robust decoding strategy with multi-sample generation and reranking. For
each prompt, we sample multiple candidate continuations using temperature sampling with top-k
and top-p filtering, enforce a minimum generation length, and apply a no-repeat n-gram constraint to
reduce degeneration. Each candidate is then scored using a heuristic that combines average token
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Table 1: Dev and test accuracy for paraphrase detection.

System Dev. Accuracy Test Accuracy
Baseline implementation 0.895 –
Ours (symmetry + threshold tuning) 0.904 0.902

log-probability, repetition penalties, and structural bonuses based on line count and formatting. The
highest-scoring candidate is selected as the final output.

Compared to the original single-sample decoding in the starter implementation, this procedure
produces more stable sonnets with fewer repetitions and better structural consistency, and is used for
all experiments in this project.

4.2.6 Compared methods

We evaluate four training strategies: (1) Supervised fine-tuning (SFT); (2) LoRA adaptation; (3) SFT
+ DPO with Kimi preferences; (4) SFT + DPO with Gemini preferences. This comparison isolates
the effect of parameter-efficient tuning and preference-based alignment on generation quality while
keeping the model architecture and dataset fixed.

5 Experiments

5.1 Paraphrase Detection

5.1.1 Data

We used the Quora paraphrase detection splits: data/quora-train.csv, data/quora-dev.csv,
and data/quora-test-student.csv. The task is binary classification: predict whether a pair of
questions is a paraphrase (1) or not (0).

5.1.2 Training setup

We follow the model and training pipeline described in Section Approach. Unless otherwise noted,
we use: model_size=gpt2 (d = 768, l = 12, num_heads = 12), epochs=10, batch_size=8,
lr=1e-5, weight_decay=0.0, seed=11711, and –use_gpu when available.

5.1.3 Evaluation protocol

We report accuracy and macro-F1 on the dev split. For all evaluations, we use the calibrated decision
threshold selected by the procedure in Section Approach and then apply that threshold for final
dev/test prediction.

5.1.4 Results

Table 1 summarizes the results. Our current model recorded 0.904 accuracy on the dev set and 0.902
on the test set, with a tuned threshold t = 0.46. This is approximately 1% improvement from the
baseline implementation, which achieved 0.895 accuracy on the dev set. Leader board submission
name is "J & S". The results indicate that even minor improvements, such as optimizing decision
threshold and enabling two-way prompting, can boost the performance.

5.2 Sonnet Generation

5.2.1 Data

We use the Shakespearean sonnet dataset provided in the default project, which contains 154 sonnets.
Following the standard split, 143 sonnets are used for training and 12 are held out for evaluation.
Each sonnet consists of 14 lines following the Shakespearean rhyme scheme (ABAB CDCD EFEF
GG).
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During supervised training, the model is optimized on the full sonnet text using next-token prediction.
During evaluation, the model is given the first three lines of each held-out sonnet as a prompt and
must generate the remaining lines. This setup evaluates the model’s ability to maintain long-range
coherence, stylistic consistency, and structural constraints in multi-line generation.

For preference-based training, we additionally construct pairwise comparison data by sampling
multiple candidate continuations for each prompt and asking an external judge to select the better
completion. Each comparison example consists of a prompt, a preferred continuation, and a rejected
continuation.

5.2.2 Evaluation method

We evaluate generation quality using the chrF metric [15], a character-level F-score based on n-gram
overlap between the generated sonnet and the reference sonnet. chrF is the official metric used in the
project evaluation script and is well suited for small datasets because it is less sensitive to tokenization
differences than BLEU.

During generation, we use stochastic decoding with reranking. For each prompt, multiple candidate
continuations are sampled and scored using a heuristic combining average token log-probability,
repetition penalties, and structural bonuses. The highest-scoring candidate is selected as the final
output.

In addition to quantitative evaluation, we also manually inspect generated sonnets for fluency, rhyme
consistency, and stylistic similarity to Shakespeare. These qualitative observations are not used for
leaderboard scoring but help interpret the quantitative results.

5.2.3 Experimental details

All experiments use the GPT-2 small architecture provided in the project codebase, with 12 layers,
hidden size 768, and 12 attention heads. We fix random seeds for Python, NumPy, and PyTorch to
ensure reproducibility, and use deterministic CUDA settings when available.

Supervised fine-tuning. For the supervised baseline, we train the full GPT-2 model using next-
token prediction with cross-entropy loss. Training is performed for 10 epochs with batch size 8 and
learning rate 3× 10−5 using AdamW. At each epoch, the model is saved and the best checkpoint is
selected based on dev-set chrF score.

During generation, we use temperature sampling with temperature 0.85, top-k = 30, top-p = 0.92,
and a maximum of 120 generated tokens. We also enforce a minimum length of 60 tokens and apply
a no-repeat 3-gram constraint to reduce degeneration.

LoRA fine-tuning. To reduce overfitting on the small sonnet dataset, we implement LoRA. We
freeze all GPT-2 parameters and insert trainable low-rank adapters into the attention projection layers
(query, key, value, and output projections). Each adapter uses rank r = 8, scaling factor α = 16, and
dropout 0.05.

Only the LoRA parameters are optimized, resulting in a small fraction of trainable parameters
compared to full fine-tuning. We train LoRA for 10 epochs with batch size 8 and learning rate
3× 10−3, which was found to be stable for the reduced parameter set. All decoding settings are kept
identical to the SFT baseline to ensure fair comparison.

Preference data generation. For preference-based training, we generate multiple candidate contin-
uations for each prompt using the SFT model. For each prompt, several continuations are sampled
with stochastic decoding, and candidate pairs are formed.

Each pair is evaluated by an external language model judge, which selects the better continuation
according to a rubric including fluency, poetic quality, stylistic similarity to Shakespeare, and
coherence. We use two different judges (Kimi and Gemini), producing two separate preference
datasets. Each dataset is split into training and dev subsets.

Direct Preference Optimization. We train aligned models using DPO. The policy model is
initialized from the SFT checkpoint, while the SFT model is kept frozen as the reference model.
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Training uses batch size 4 with gradient accumulation 4, learning rate 5× 10−7, and β = 0.03. We
train for 2–3 epochs with cosine learning-rate scheduling and warmup ratio 0.03. Prompt length is
limited to 128 tokens and response length to 384 tokens.

During training, the DPO objective is computed using length-normalized log-probabilities, and
checkpoints are selected based on dev-set loss or dev chrF score. Final evaluation is performed by
generating sonnets with the aligned model and scoring them with the official evaluation script.

5.2.4 Results

Table 2 shows the chrF scores for all methods on the dev and test sets. Leader board submission name
is "J & S".

Method Dev chrF Test chrF
Supervised fine-tuning 42.43 42.34
LoRA 42.24 –
DPO + Kimi preferences 43.05 42.48
DPO + Gemini preferences 42.67 42.43

Table 2: Sonnet generation performance measured by chrF score.

Preference-based optimization consistently improves over supervised fine-tuning on both dev and test
sets. DPO trained with Kimi preferences achieves the highest dev score and the best test performance,
suggesting that higher-quality preference signals lead to better alignment. Gemini-based preferences
also outperform the supervised baseline, though the improvement is smaller.

LoRA achieves performance comparable to full fine-tuning, indicating that parameter-efficient
adaptation alone does not significantly change generation quality in this low-data setting. Overall, the
results show that preference-based alignment provides larger gains than architectural or optimization
changes alone.

6 Analysis

For the RLAIF pipeline, we constructed a preference dataset by first taking each 3-line sonnet
prompt, generating multiple candidate continuations, and then forming deterministic A/B com-
parison pairs. These pairs were evaluated independently by two LLM-based judges, Gemini
(gemini-3.1-pro-preview) and Kimi (kimi-k2.5). For each pair, the judges provided a pairwise
preference label indicating which completion was preferred, which was then used for DPO. We also
had 600 pairs of responses assessed separately from the data used for DPO, in which the judges not
only decided the winner but also assigned rubric-based scores on a 1–10 scale for coherence, poetic
quality, Shakespearean tone, and fluency. Figure 1 summarizes the resulting judge behavior for this
scored dataset.

Overall, the two judges agreed on 72% of pairwise decisions, indicating substantial but not complete
alignment. At the same time, their scoring patterns reveal systematic differences: Gemini was
generally harsher on coherence with the prompt, while Kimi exhibited a strong bias toward selecting
option B. By contrast, Gemini’s pairwise judgments appeared more balanced across the two options.
These results suggest that even when using the same rubric, different judges implicitly optimize for
slightly different notions of quality, which introduces noise into the preference signal used for DPO
training.

Combining this observation with the results in Table 2, it can be inferred that, at least when conducting
DPO with a few thousand pairs of responses and preferences, data quantity may matter more than
judge quality. Although Gemini’s evaluations appear more balanced, the larger Kimi-based dataset
produced the best downstream performance. One possible explanation is that DPO relies on many
consistent pairwise comparisons, and having more training pairs reduces variance in the preference
signal even if the judge is slightly biased.

Another factor is that our experiments operate in a low-data regime. The sonnet corpus is small, and
the preference dataset is also limited, so the optimization process is sensitive to noise in the labels. In
this setting, increasing the number of preference pairs can improve stability more than improving
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Figure 1: Judge agreement and rubric-score differences for RLAIF preference collection. Left:
confusion matrix comparing pairwise winner labels from Gemini and Kimi. Right: distribution of
score differences (Gemini minus Kimi) across evaluation criteria.

the precision of each individual judgment. This observation is consistent with prior work on RLAIF,
which suggests that once the judge is strong enough to provide reasonable preferences, scaling the
amount of feedback often yields larger gains than improving the evaluator itself.

We also note that most of the performance improvement came from preference-based optimization
rather than architectural changes. LoRA achieved performance similar to full fine-tuning, indicating
that parameter-efficient adaptation alone does not significantly change generation quality in this
task. In contrast, DPO consistently improved chrF scores, suggesting that the main limitation of the
baseline model was the mismatch between next-token training and sequence-level evaluation.

Finally, the modified generation procedure also contributed to more stable outputs. Multi-sample
decoding with reranking reduced repetition and improved structural consistency compared to the
original single-sample nucleus sampling. While this change does not affect the training objective
directly, it improves both evaluation stability and the quality of the generated candidates used to
construct preference data, which in turn leads to more reliable alignment.

7 Conclusion

In this project, we studied whether small language models can benefit from alignment using AI-
generated preferences. Using GPT-2 as our base model, we explored both paraphrase detection
and Shakespearean sonnet generation, with the main focus on preference-based optimization for
generation.

For paraphrase detection, enforcing symmetry in data construction and calibrating the decision
threshold improved accuracy from 0.895 to 0.904 on the dev set and 0.902 on the test set, showing
that small pipeline changes can yield measurable gains without modifying the model architecture.

For sonnet generation, preference-based optimization consistently improved over supervised fine-
tuning. DPO trained on Kimi preferences achieved the best performance (43.05 dev chrF, 42.48
test chrF), while Gemini-based preferences also slightly outperformed the supervised baseline.
LoRA performed similarly to full fine-tuning, indicating that supervision quality mattered more than
parameter-efficient adaptation in this setting.

A key finding is that, at our scale of preference data, having more comparisons from a slightly biased
judge was more beneficial than having fewer comparisons from a more balanced judge. This suggests
that in low-resource alignment settings, the amount of preference data can be more important than
the exact quality of the evaluator.

Team contributions (Required for multi-person team)

Jason Meng mainly worked on the sonnet generation task, with a primary focus on building the LoRA
and DPO training pipeline. Shinnosuke Yagi mainly focused on the paraphrase detection task and on
building the API-call pipeline used to collect AI feedback for preference data. Overall, both team
members contributed equally to the project.
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