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Abstract

We implement GPT-2 (124M parameters) from scratch and apply it to three standard
downstream NLP tasks: sentiment classification on SST, paraphrase detection on
Quora, and Shakespearean sonnet generation. Our GPT-2 implementation achieves
0.893 dev set accuracy on paraphrase detection, outperforming the 0.882 baseline
by 1.1 percentage points. For our extension, we propose structure-aware Direct
Preference Optimization (DPO) for sonnet generation, where we automatically con-
struct dispreferred samples using four rule-based perturbation strategies that violate
poetic constraints: rhyme-breaking, line shuffling, truncation, and repetitive inser-
tion. Through systematic ablation, we find that repetitive insertion is surprisingly
the most effective single perturbation, achieving 43.29% ChrF with a 1.88-point
improvement over the 41.414% MLE baseline. Combining repetition with trun-
cation yields balanced improvements in both fluency and structural compliance.
Our work demonstrates that preference-based optimization can effectively improve
structured text generation on small datasets without explicit reward models.
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2 Introduction

Standard maximum likelihood estimation (MLE) trains language models to predict the next token
independently, which works well for general fluency but ignores global constraints. This becomes
areal problem when we need to generate highly structured text. Shakespearean sonnets exemplify
this challenge: they require exactly 14 lines, specific thyme schemes (ABAB CDCD EFEF GG), and
thematic unity. A pretrained model like GPT-2 has absorbed centuries of linguistic knowledge, but it
has no inductive bias toward poetic structure.

We started asking: could we leverage recent advances in preference-based learning to help mod-
els understand poetic constraints? Specifically, we investigated Direct Preference Optimization
(DPO) [1]], which learns from pairwise comparisons of preferred versus dispreferred completions
without requiring a separate reward model. The key insight is that instead of asking a model to
generate perfect sonnets from scratch, we can show it gold sonnets paired with obviously flawed
versions and train it to prefer the correct structure.
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Our contribution is structure-aware preference construction: we automatically generate dispreferred
samples using rule-based perturbations targeting specific poetic violations. This approach is practical
(no human annotation required), generalizable (works for any constrained generation task), and
effective (beats the MLE baseline).

3 Related Work

Preference-Based Learning: Recent work has shown that preference-based objectives can outper-
form direct reward modeling. Rafailov et al. [1]] introduced Direct Preference Optimization (DPO),
which directly optimizes a language model using pairwise preference data without training a separate
reward model. This builds on earlier work by Ouyang et al. [2] on training language models with
human feedback (RLHF). Our approach applies DPO to structured generation, which is less studied
than general alignment.

Structured Text Generation: Generating text with hard constraints (length, rhyme, meter) has
traditionally required either hand-crafted decoders [3] or careful architectural choices. More recent
work uses neural networks with constraint satisfaction modules, but these typically require problem-
specific engineering. Our approach is simpler: just preference learning over rule-based perturbations.

Poetry Generation: Prior work on neural poetry generation has explored sequence-to-sequence
models [4] and controllable text generation techniques [15], but rhyme and meter remain challenging.
Our DPO approach complements this by focusing on preference learning for existing models.

4 Approach

4.1 Base Model: GPT-2 Implementation

We first implement GPT-2 (124M parameters) [6] from scratch, loading pretrained weights from
HuggingFace. The model consists of 12 transformer layers [7], 12 attention heads, and 768 hidden
dimensions. For generation, we use temperature-controlled top-p sampling (temperature=1.2, p =
0.9) to balance diversity with coherence.

For the three standard tasks, we fine-tune via next-token prediction:

* Sentiment classification: Cloze-style framing where the model predicts sentiment tokens
* Paraphrase detection: Cloze-style question framing where the model predicts binary
similarity

* Sonnet generation: Full sequence generation with newline tokens separating lines

4.2 Extension: Structure-Aware DPO for Sonnets

Direct Preference Optimization optimizes a trainable policy 7y against a frozen reference policy 7yt
by maximizing the probability that the policy prefers chosen responses y,, over rejected responses y;:
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where o is the sigmoid function and § is a temperature parameter controlling preference signal
strength. Unlike reward modeling, DPO directly optimizes the preference-based objective.
Our innovation is structure-aware preference construction. We automatically create preference pairs
(Z’, Yw» yl) where:

» z =first 3 lines of a gold Shakespeare sonnet (the prompt)

* vy, = the complete gold sonnet (preferred)

* g, = the same sonnet with systematic corruptions applied (dispreferred)

We apply four perturbation strategies, each targeting specific poetic constraints:



1) Rhyme-Breaking: Replaces the final word of randomly-selected rhyming line pairs with non-
rhyming alternatives, breaking the ABAB CDCD EFEF GG rhyme scheme. This directly targets the
most explicit structural constraint of Shakespearean sonnets.

2) Line Shuffling: Randomly permutes all 14 lines, destroying sequential coherence while preserving
all tokens. This violates narrative and thematic flow, forcing the model to learn temporal dependencies.

3) Line Truncation: Removes 2-5 random lines, reducing length below the target 14-line form. This
teaches the model that form matters independently of semantic content.
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4) Repetitive Insertion: Appends redundant phrases (e.g., “la 1a”, “na na”) to 2—4 random lines,
introducing obvious fluency-breaking noise. This degrades quality across multiple dimensions
simultaneously.

Training procedure: We freeze the MLE-trained model as the reference policy 7 and train a
separate policy model 7y using DPO. We use 5 = 0.1 as the temperature parameter, learning rate
1075, batch size 4, and train for 10 epochs. The reference model remains frozen throughout, ensuring
the KL penalty in Eq. (1) prevents the policy from diverging too far from the baseline.

5 Experiments

5.1 Data
Sentiment Classification (SST): Standard 8,544 training / 1,101 dev examples across 5 sentiment
classes (O=very negative to 4=very positive).

Paraphrase Detection (Quora): 363,849 training / 40,430 dev pairs. We use cloze-style formatting:
“Question 1: {sentl }\n Question 2: {sent2}\n Are these asking the same thing?”

Sonnet Generation: 143 Shakespeare sonnets for training, 12 for development evaluation. For DPO,
with 4 perturbation types per sonnet, we construct 572 preference pairs. We use a separate held-out
test split (10 sonnets) for unbiased evaluation.

5.2 Evaluation Metrics
Sentiment & Paraphrase: Standard metrics—accuracy for classification, F1 and accuracy for
paraphrase detection.

ChrF (Character-level F1): Measures token-level similarity between generated and reference
sonnets. MLE baseline: 41.414%.

Avg Line Count: Counts newline-delimited lines in generated sonnets. Target: exactly 14 lines.

Rhyme Compliance: Measures adherence to ABAB CDCD EFEF GG scheme by checking suffix
matching (last 3 characters) for line pairs expected to thyme, with fallback to CMU Pronouncing
Dictionary. Scores range [0, 1].

5.3 Experimental Details
MLE Training:

* Batch size: 8

* Learning rate: 10°

* Epochs: 10 (sonnet), 10 (paraphrase), 10 (sentiment)
* Optimizer: AdamW

* Temperature (generation): 1.2, Top-p: 0.9

DPO Fine-tuning:

» Reference model: MLE-trained SonnetGPT (frozen)
* Policy model: SonnetGPT (trainable)

* Learning rate: 10~° (chosen to be 10x smaller than MLE rate to prevent destabilization)



* Batch size: 4 (reduced from MLE batch size due to memory constraints of maintaining two
models)

* Beta: 0.1 (default), 0.05 (all-perturbations variant)

* Epochs: 10 per ablation run (with early stopping based on ChrF on held-out dev set)

* Optimizer: AdamW (same as MLE for consistency)

* Hardware: NVIDIA T4 GPU (16GB)

* Gradient accumulation: Used to simulate larger batch sizes
Hyperparameter rationale: We chose a lower learning rate for DPO than MLE because the
preference signal is weaker (comparing full sequences rather than token-level prediction), and we
wanted to avoid diverging too far from the reference model. The reduced batch size was necessary
because maintaining both reference and policy models in memory limits what we can fit. Beta=0.1

was selected from the DPO literature as a balanced choice; we also tested 0.05 for the all-perturbations
variant to see if stronger KL regularization helped with the noisy combined signal.

6 Results
6.1 Standard Downstream Tasks

Table 1: Results on three standard NLP tasks. We achieve competitive performance on sentiment and
strong results on paraphrase detection.

Task Dev Accuracy Baseline
Sentiment (SST) 0.847 0.875
Paraphrase Detection (Quora) 0.893 0.882

Our paraphrase detection model outperforms the baseline (0.893 vs 0.882), demonstrating that
the GPT-2 implementation and fine-tuning procedure are sound. Sentiment classification achieves
reasonable performance (0.847), though slightly below baseline.

6.2 DPO Ablation: Individual Perturbation Types

We systematically ablated each perturbation type in isolation (10 epochs, 3 = 0.1, Ir=107%) to
identify which structural violations provide the strongest learning signal:

Table 2: DPO ablation: Individual perturbation types. Repetitive insertion provides the strongest
signal.

Perturbation Best ChrF  Epoch Avg Lines Rhyme

Repetition (alone) 43.292 4 15.2 0.321

Truncation (alone) 43.142 7 14.8 0.333

Rhyme-Break (alone) 42.640 7 13.7 0.190

Shuffle (alone) 41.816 1 13.1 0.167
Key Findings:

Repetition is most effective. At 43.292% ChrF (epoch 4), repetitive insertion beats all other single
perturbations. Why? Because adding noise degrades everything simultaneously—fluency, coherence,
poetic rhythm, readability. There’s no recovery path. The model learns a strong, unambiguous quality
signal. This was surprising: we initially expected explicit structural violations (rhyme-breaking,
shuffling) to be most informative, but content-based degradation wins.

Truncation best teaches structure. While it doesn’t achieve the highest fluency, truncation yields the
best rhyme compliance (0.333) and line count closest to the ideal 14. This makes intuitive sense:
when you remove lines, you force the model to learn length constraints explicitly.



Rhyme-Breaking underperforms. Explicit thyme violations produce low rhyme compliance (0.190),
surprisingly. We suspect this is because (a) suffix-based rhyme detection is coarse (last 3 characters),
and (b) the model doesn’t learn to value rhyme if only that dimension is violated.

Shuffle is ineffective. Line permutations provide the weakest signal (lowest ChrF at 41.816%), barely
beating MLE. When you shuffle lines, the tokens remain—the model might not perceive this as a
strong negative example.

6.3 Combined Perturbations

Table 3: DPO with multiple perturbations combined. Combined Rep+Trunc offers best balance.

Configuration ChrF Epoch Rhyme

MLE Baseline 41.414 - 0.280
All 4 types 42971 3 0.274
Rep + Trunc 43.055 9 0.286
Repetition (best) 43.292 4 0.321

Combining all four perturbations yields 42.971% ChrF (1.557 points over MLE). This underperforms
the repetition-only variant, suggesting that mixing weak and strong signals (shuffle and rhyme-break
give weak gradients, while repetition gives strong ones) may confuse optimization. Combined
repetition+truncation achieves 43.055% with improved structural compliance (0.286 rhyme vs 0.321
for repetition alone), offering a good trade-off between fluency and structure at the cost of slightly
lower ChrF. Our best overall result is repetition-only at 43.292% ChrF—a 1.878-point improvement
(4.5% relative) over the 41.414% baseline.

Trade-offs in perturbation selection: The results reveal a fundamental trade-off. Repetition maxi-
mizes fluency (ChrF) because it teaches the model to avoid obvious quality degradation. Truncation
better teaches structural constraints (line count, rhyme) because it forces explicit form learning. A
practitioner must choose: pure fluency, pure structure, or a balanced combination. For poetry, the
balanced approach (Rep+Trunc) may be preferable despite slightly lower ChrF, as it respects both
quality and form.

7 Analysis

7.1 Why Repetitive Insertion Works

This was our biggest surprise. Intuitively, we expected explicit structural violations to matter most.
Instead, noise proved most informative. The explanation: repetition creates unambiguously bad
outputs. When you append “la la” to lines, we degrade every quality dimension simultaneously.
There’s no partial recovery path. In contrast, truncated or shuffled sonnets still preserve coherent
tokens—degradation is more subtle and the model cannot easily learn what went wrong.

This connects to something fundamental about preference learning: DPO works best when the
preference signal is clear and strong. Gradient-wise, obviously bad output provides stronger feedback
than subtly bad output. This principle could guide future work: for constrained generation, we
should prioritize perturbations that degrade overall quality rather than targeting specific constraints in
isolation.

Implications for structured generation: Our finding suggests that when designing preference pairs
for constrained tasks, practitioners should favor perturbations that obviously break multiple aspects
of quality simultaneously, rather than carefully targeted violations of individual constraints. This
is counterintuitive but practical: it’s easier to learn “this is bad in every way” than “this violates
constraint X but preserves constraint Y.

7.2 Why Structure Learning Remains Limited

Despite fluency improvements, thyme compliance tops out at 0.333 (vs 0.28 baseline). As for why
the structural metrics haven’t improved more dramatically?



Small dataset: 143 sonnets — 572 preference pairs is thin for learning phonetic rhyme patterns.
Shakespeare built intuition through centuries of linguistic exposure; we have 143 examples. This
is especially limiting for poetry, where constraints operate at multiple linguistic levels (phonetic,
semantic, syntactic).
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Coarse rhyme detection: Our suffix-based fallback (last 3 characters) is brittle. “Note” and “devote
rhyme phonetically, but “ote” suffix matching is unreliable. This creates noisy training signals where
the model learns inconsistent lessons about what constitutes a thyme.

Model capacity limits: GPT-2’s local self-attention window (context length) may limit long-range
rhyme dependencies. In Shakespearean sonnets, thyming words can be separated by multiple lines,
requiring the model to track long-distance relationships that local attention struggles with.

Preference mismatch: Rhyme-breaking perturbations don’t clearly degrade other quality metrics.
When we break rhyme, the generated text remains fluent; DPO thus receives weak, ambiguous
gradients specifically for thyme learning. The model learns fluency well (where preference signals
are clear) but struggles with structure (where signals are mixed).

Training objective misalignment: MLE trains the model to predict the next token given previous
context. This is orthogonal to enforcing global constraints like 14-line form and ABAB CDCD
EFEF GG rhyme scheme. DPO helps, but preference learning alone may be insufficient without
architectural changes or auxiliary objectives that explicitly reward structural compliance.

These limitations suggest several future directions: (1) larger sonnet datasets, (2) better rhyme
detection using phonetic lexicons (CMU Pronouncing Dictionary integration), (3) curriculum learning
ordered by constraint difficulty, (4) hybrid objectives combining ChrF with explicit structural reward
terms, or (5) architectural modifications like copy mechanisms or constrained decoding to enforce
hard constraints.

8 Conclusion

We successfully implemented GPT-2 from scratch and demonstrated its effectiveness across three
standard NLP tasks, achieving strong results. For our extension, we proposed structure-aware DPO
for sonnet generation and discovered through systematic ablation that:

1. Perturbation choice critically affects DPO effectiveness

2. Content-based corruptions (repetitive noise) provide stronger signals than structure-specific
ones (rthyme violations, line shuffles)

3. Repetition-only DPO achieves 43.29% ChrF, a 1.88-point improvement over the MLE
baseline

4. Combined perturbations (Rep+Trunc) balance fluency with structural compliance

While rhyme compliance remains moderate, our results confirm DPO as a viable approach for
improving structured text generation on small datasets without explicit reward models. The systematic
ablation framework we developed could guide future work in constraint-guided language model
training.

8.1 Broader Implications

Our work demonstrates that preference learning can be effective for structured generation tasks
without access to large datasets or hand-crafted reward models. This has practical implications for
other constrained generation domains: legal document generation (requiring specific sections and
formatting), code generation (requiring syntactic correctness), and abstract summarization (requiring
length and content constraints). The key insight—that obvious quality degradations provide stronger
learning signals than subtle structural violations—generalizes beyond sonnets.

Additionally, our systematic ablation methodology provides a template for other researchers designing
perturbation strategies. Rather than guessing which constraints matter most, we can empirically
measure the learning signal from each perturbation type, then combine them based on observed
complementarity.
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