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Abstract

Modern large language models (LLMs) are predominantly based on decoder-only
Transformer architectures, achieving state-of-the-art performance across various
NLP tasks. This project reproduces GPT-2 (1) using the partial implementation
provided in the CS224N course repository (2). The completed model, initialized
with pretrained weights from Hugging Face, is fine-tuned on three distinct NLP
tasks. Because each task requires interpreting model outputs differently, this
process provides practical insight into LLM mechanics during both training and
inference. After establishing baseline performance through full fine-tuning, Low-
Rank Adaptation (LoRA) (3) is implemented to optimize the training process. The
LoRA-augmented model achieves near-baseline scores while requiring significantly
fewer computational resources. Throughout the study, various metrics are tracked
to analyze training dynamics. Finally, the report concludes with an error analysis of
the paraphrase detection task, highlighting the limitations of the current approach.
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2 Introduction

Frontier LLMs exhibit strong zero-shot performance and can generalize across tasks. They are based
on decoder-only Transformer architectures. This trend was pioneered in GPT-2 by Radford et al. (1),
where the model achieved state-of-the-art performance across a range of NLP tasks. This work aims
to understand GPT-2 components by building on top of the base implementation provided in the
CS224N course codebase (2). Existing work explains high-level approaches and results, but often
does not cover low-level implementation details. This project develops that core understanding and
extends it by fine-tuning GPT-2 for different downstream tasks with: (1) the base version and (2)
LoRA. It then compares training dynamics and performance across tasks.

Key Transformer components are attention layers, and optimization uses AdamW (4), as in GPT-2.
Both are implemented from scratch. With the base implementation complete, pretrained weights
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are downloaded from Hugging Face, and the model is fine-tuned for three downstream tasks: (1)
sentiment classification, (2) cloze-style paraphrase detection, and (3) Shakespeare-style sonnet
generation, as explained in Section 4. Performance across these tasks demonstrates how pretrained
LLMs can be adapted to different downstream settings. This is Phase 1 of the project.

Phase 1 also establishes baseline model performance. Phase 2 aims to optimize fine-tuning using the
parameter-efficient method LoRA (3). LoRA is implemented as an independent PyTorch module.
Following the original paper, the query and value matrices in attention blocks are augmented with
LoRA modules. Then, as in Phase 1, the model is fine-tuned for downstream tasks. In this phase, only
paraphrase detection (Task 2) and sonnet generation (Task 3) are run. The model reaches performance
close to the baseline while training faster per epoch, as described in Section 5, which also discusses
LoRA training dynamics.

3 Related Work

Vaswani et al. (5) introduced the Transformer architecture with both encoder and decoder blocks.
Radford et al. (1) later used decoder-only models and showed strong performance across many NLP
tasks. Between these works, parameter counts increased substantially: from 65 million to 117 million
for smaller models, and from 213 million to 1,542 million for larger models. This led to the view
that increasing parameter count improves model performance. Kaplan et al. (6) formalized this with
scaling laws, showing that increasing model size, dataset size, and compute reduces cross-entropy
loss. Later work scaled models even further; for example, Llama 3 includes a 405B-parameter
model (7).

Training frontier LLMs can be broadly divided into pretraining followed by fine-tuning. Pretrain-
ing captures broad language knowledge, while fine-tuning adapts models to specific tasks; this is
reinforced by large autoregressive models such as GPT-3 (8). Aghajanyan et al. (9) showed that
fine-tuning updates have low intrinsic dimensionality, suggesting that parameter-efficient methods
are especially suitable for task adaptation. This is the core idea behind LoRA (3), which adds
low-rank matrices to attention blocks while freezing pretrained parameters. As a result, only a small
set of parameters is updated during fine-tuning. These models train faster and often retain strong
performance. This improves on alternatives such as adapters (10), which may increase inference
latency or reduce model accuracy.

This project is motivated by a practical gap between the high-level claims in prior literature and the
low-level engineering choices required to reproduce those claims in a working system. In particular,
while scaling-law and PEFT papers report strong aggregate results, they provide limited visibility into
training dynamics across heterogeneous downstream objectives under a shared implementation setup.
Our work serves as a useful replication and extension: we first reproduce a GPT-2 training/fine-tuning
pipeline from partially implemented course code, then evaluate full fine-tuning versus LoRA under
different task settings (classification, cloze-style reasoning, and generation). This provides a clear
next step for prior work by pairing outcome metrics with process-level analysis (loss, gradient
norm, train/dev behavior, and score dynamics), allowing us to study not only whether PEFT remains
competitive, but also how it achieves this.

4 Approach

For Phase 1, we followed the CS224N DFP instructions (11) to build a working implementation of
GPT-2 and the AdamW optimizer (4). We then fine-tuned GPT-2 on the three NLP tasks described
below. Using this base model and its baseline results, Phase 2 focused on improving training efficiency
while maintaining accuracy. The following sections describe each phase in more detail.

4.1 Baseline model

The provided course codebase (2) required updates to key modules of GPT-2, for implementing
CausalAttention and the optimizer step. These are described in Sections 5.2 and 5.3 of the project
handout (11). After implementing these core components, pretrained GPT-2 weights were used
for three downstream tasks: (1) sentiment classification, (2) paraphrase detection, and (3) sonnet
generation.
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4.2 Downstream tasks

Autoregressive models output one token at a time. Since the downstream tasks differ, output tokens
are interpreted differently. This section describes the model setup; performance is discussed in
Section 5.3.

4.2.1 Sentiment classification

A new head layer was implemented. The last output token from the model was passed to this
linear head, with an aim to map output token vector V ∈ Rdhidden to Rnum_sentiments, where hidden ≫
num_sentiments.

This task was evaluated on two datasets, described in Section 5.1. The value of num_sentiments
differs across datasets, resulting in different fan_out for the head.

1. For SST dataset - num_sentiments = 5. Project handout (11) reported baseline scores for
setup where fine tuning was performed to update weights of 1) full model and, 2) only the
last linear head.

2. For CFIMDB dataset - num_sentiments = 2. Baseline scores from the handout (11) were
used, for setup similar to one described above.

4.2.2 Paraphrase detection

Rather than treating this as a binary classification task, it was posed as a cloze-style task, as described
in Section 7.1 of the project handout (11). The final token representation is projected to the input
word-embedding space to produce a Yes/No token. The full model was fine-tuned for this task.

4.2.3 Sonnet generation

The model generates sonnets autoregressively from the first three prompt lines. Top-p sampling (12)
is used for generation. Baselines were not reported in the handout. The full model was fine-tuned for
this task as well.

4.3 Improving training loop

Phase 1 mostly followed the project handout (11) and built on top of the provided course codebase (2).
The newly implemented code behaved as expected for the base model, optimizer, and downstream
tasks. This section describes updates Phase 1. All work discussed here is original, i.e., not partially
implemented in the course codebase or described in the handout.

1. Train-time metrics - We implemented metrics to plot training loss, gradient norm, train
accuracy, and dev accuracy over epochs. These were used for all three tasks to ensure
effective learning and to monitor underfitting/overfitting. An example plot from sentiment
analysis is shown below. Since the number of steps across 30 epochs is large, the training-
loss and gradient-norm curves contain many points. To improve readability, values were
averaged over 20 steps to produce cumulative-smoothed trends.

2. Learning rate scheduler - Pytorch’s learning rate scheduler was used to adjust learning
rate during training. The Scheduler type was Linear, with warmup steps as 10% of total
number of steps.

3. Weight decay on specific model parameters - Originally in the Phase 1 implementation,
weight decay was not used. To prevent overfitting—especially with larger models like GPT-2
Medium and Large—weight decay was introduced. However, to maintain training stability,
weight decay was explicitly disabled for bias terms and LayerNorm parameters.

4. chrF score for sonnet generation - The default codebase did not compute chrF. This made
it difficult to track train-time chrF scores. The SacreBLEU library was used to compute
chrF.

5. Held-out dataset for train split - The provided data did not include a held-out split for
train-time sonnet evaluation. To compute chrF for train split, the top three lines were
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truncated and written to another text file. This file was passed to the model in evaluation
mode to generate sonnets and compute chrF.

Figure 1: Train-time metrics for IMDB fine-tuning (batch size 32, learning rate 4× 10−5, 30 epochs).

4.4 PEFT with LoRA

Parameter Effecient Fine Tuning was used by implementing LoRA as described in original paper by
Hu et al (3).

4.4.1 Background

Figure 2: LoRA reparameterization.
Only low-rank matrices A and B are
trained.

The adapted hidden representation is written as:

h = W0x+∆Wx = W0x+BAx

where x is the input token representation, W0 is the frozen
pre-trained projection matrix, and h is the output hidden
representation after linear projection. The trainable update
is ∆W , which is parameterized as low-rank factors B
and A. Here, A projects x to a low-rank space and B
projects it back to the original hidden dimension. This
keeps most pre-trained parameters fixed and only learns
a small number of LoRA parameters during fine-tuning.

4.4.2 Our implementation

In our work, the LoRA module is implemented as a Py-
Torch module. It is attached to the query and value pro-
jections in the CausalSelfAttention module of the default
project repository, mimicking the original work by Hu
et al. This simplifies integration with the existing code-
base. When pretrained weights are loaded, the logic is
augmented to load only the weights and biases for the original query and value matrices, not the
LoRA modules.
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5 Experiments

5.1 Dataset

For each subtask defined in Section 4.2, the following datasets were used, as provided in the course
repository (2).

1. Sentiment classification
(a) Stanford Sentiment Treebank (SST) (13) consists of 11,855 movie reviews with

labels: negative, somewhat negative, neutral, somewhat positive, and positive. These
sentiments are encoded as integers from 0 to 4, in the same order. Splits: train (8,544),
dev (1,101), test (2,210).

(b) CFIMDB consists of 2,434 highly polar movie reviews with binary labels, where 0 is
negative and 1 is positive. Splits: train (1,701), dev (245), test (488).

2. Paraphrase detection The Quora dataset (14) contains question pairs labeled as paraphrases
or non-paraphrases. Each example has two sentences and an is_duplicate binary label
indicating whether the two sentences are paraphrases. A subset of the original dataset was
used with splits: train (141,506), dev (20,215), test (40,431).

3. Sonnet generation The Sonnet dataset consists of 154 sonnets written by Shakespeare.
Each sonnet has 14 lines following the rhyme scheme ABAB CDCD EFEF GG, where lines
with the same letter rhyme. Splits: train (143), dev (12), test (12).

5.2 Evaluation metric

Accuracy was used for both sentiment classification subtasks and paraphrase detection task. For
sonnet generation, chrF (15) was used to measure similarity to Shakespeare sonnets.

5.3 Experimental details

5.3.1 Sentiment Classification

For Phase 1 of the project, sentiment classification was performed on 2 datasets. For each dataset
model was trained in 2 setups, 1) where full model was trained, 2) where only head layer was trained,
with rest of the model frozen. The table below lists the best accuracy scores achieved for both setups,
with relevant hyperparameters.

Dataset Mode Dropout Probability BatchSize LR Epochs DevAcc Baseline Acc

CFIMDB Full Model 0.4 64 4e-5 3 0.963 0.976
CFIMDB Head only 0.3 32 4e-5 30 0.837 0.861
SST Full Model 0.3 64 4e-5 5 0.515 0.513
SST Head only 0.3 256 3e-4 30 0.450 0.462

Table 1: Training setup and development accuracy for sentiment classification.

Different hyperparameters for classification task in Head-Only mode

In order to understand convergence, batch size and learning rate were varied for different training
runs. In all these experiments, other hyperparameters (epochs and dropout probability) were fixed to
isolate their effect. The key observation is that when batch size is increased, using the same or lower
learning rate, it hurts convergence. While a higher learning rate recovers performance. Intuitively,
larger batches produce lower-variance gradients, so the optimizer can take larger stable steps.

Data to support the observation -

1. Experiment 2 vs 3 (CFIMDB) - with larger batch size and lower learning rate (Exp 3), both
train and dev curves are weaker than Exp 2; see Appendix Figure 3.

2. Experiment 6 vs 7 (SST) - with the same learning rate and larger batch size (Exp 7), dev
accuracy drops versus Exp 6; see Appendix Figure 4.
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3. Large batch with higher learning rate - for SST at batch size 256, increasing LR from
1e−5 (Exp 8) to 3e−4 (Exp 10) improves dev accuracy from 0.297 to 0.450 (Table 2).

Experiment number Dataset Dropout Probability BatchSize LR Epochs DevAcc

1 CFIMDB 0.3 8 1e-5 30 0.673
2 CFIMDB 0.3 32 4e-5 30 0.837
3 CFIMDB 0.3 64 1e-5 30 0.686
4 CFIMDB 0.3 64 4e-4 30 0.935
5 SST 0.3 8 1e-5 30 0.414
6 SST 0.3 32 3e-5 30 0.423
7 SST 0.3 128 3e-5 30 0.392
8 SST 0.3 256 1e-5 30 0.297
9 SST 0.3 256 1e-4 30 0.422
10 SST 0.3 256 3e-4 30 0.450

Table 2: Different Batch size and Learning rate for sentiment classification.

5.3.2 Paraphrase detection and Sonnet generation

The following scores were achieved while fine-tuning the full model (i.e., without LoRA). The model
size was GPT-2 (small). These results form the baseline scores for the two tasks.

Task BatchSize LR Epochs Scores

Paraphrase Detection 200 1e-5 6 0.853 (accuracy)
Sonnet Generation 16 1e-5 250 41.55 (chrF)

Table 3: Scores for Task 2 and 3.

5.3.3 Paraphrase detection and Sonnet generation with LoRA

LoRA was implemented as described in Section 4.4.2. The model was trained by freezing the base
model and updating only LoRA matrices. Observations are listed below:

1. Across both tasks, increasing model size leads to better scores.

2. Final scores with LoRA are slightly lower than full fine-tuning, but still comparable.

3. In LoRA, matrix B is initialized to zeros, so the LoRA path contributes very little at the
beginning of training. As optimization progresses, A and B move away from initialization
and the LoRA update starts contributing more. This is why scores often dip in early epochs
and then recover in later epochs (see Appendix Figure 5).

Task BatchSize LR Epochs Model Size Scores

Paraphrase Detection 100 1e-5 6 GPT2 0.825 (accuracy)
Paraphrase Detection 100 1e-5 6 GPT2-medium 0.830 (accuracy)
Sonnet Generation 16 1e-5 250 GPT2 39.20 (chrF)
Sonnet Generation 16 1e-5 300 GPT-medium 39.31 (chrF)
Sonnet Generation 16 1e-5 300 GPT2-large 40.64 (chrF)

Table 4: Scores with LoRA
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6 Error analysis for paraphrase detection

Following analysis were performed for the model configuration reported in Section 5.3.2, with score
of 0.853. There were in total 3325 false positive and 2117 false negatives. Identified reasons for false
positives -

6.1 Unable to distinguish scope

Example 1 -

• Sentence 1: "What is vaccination?"
• Sentence 2: "What is in a vaccine?"
• True Label: 0
• Predicted Label: 1

Example 2 -

• Sentence 1: "How do deaf-born people think?"
• Sentence 2: "How do people born blind and deaf think?"
• True Label: 0
• Predicted Label: 1

In both examples, there is high lexical overlap between sentences. However, the last few words are
different enough to change the meaning. In Example 1, vaccination is a broad term, whereas vaccine
is more specific. BPE tokenization for "vaccintiontion" is "vacc", "initation", and for "vaccine"
is "vacc", "ine" (see https://tiktokenizer.vercel.app/?model=gpt2). The shared token
"vacc" may be overemphasized by the model. Similarly, in Example 2, Sentence 2 is broader than
Sentence 1. The model fails to distinguish subset/superset relations, and it confuses a general query
with a significantly more specific variation.

6.2 Unable to distinguish directionality

Example 1 -

• Sentence 1: "What advantages are there to being a female relative to being a male?"
• Sentence 2: "What advantages are there to being a male relative to being a female?"
• True Label: 0
• Predicted Label: 1

Example 2 -

• Sentence 1: "Why would a high school senior choose MIT over Caltech?"
• Sentence 2: "Why would a high school senior choose Caltech over MIT?"
• True Label: 0
• Predicted Label: 1

In these instances, only female/male and MIT/Caltech switch positions, but that change reverses
the meaning of each sentence pair. The bag of words remains nearly identical, and here the causal
model behaves similarly to a bag-of-words model. Due to the high overlap of tokens between the two
sentences, the model fails to classify correctly.

7 Conclusion

Modern LLMs can perform a variety of NLP tasks. Three such tasks were evaluated in this study
with GPT-2 as the base model. For each task, model outputs were interpreted differently: with a
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head layer for sentiment analysis, with embedding-space mapping for paraphrase detection, and
autoregressively with sampling for sonnet generation. This provided insight into how modern LLMs
support different tasks. These experiments also helped build intuition about training dynamics and
parameter-efficient fine-tuning. The effects of varying batch size and learning rate helped clarify key
aspects of training deep neural networks, including LLMs. Since LLM training is resource-intensive,
PEFT methods are important; LoRA is one such approach, and implementing it from scratch provided
deeper appreciation of the original work by Hu et al.

Modern LLMs are typically not trained separately for each task; a single model is adapted across
many tasks. Improvements on individual tasks can therefore provide broader gains, leading to stronger
generalization and more capable models. This is a primary limitation of our work, since the model
was fine-tuned separately for each task. Another limitation is how LoRA modules were applied. A
large fraction of LLM parameters are in MLP layers (i.e., non-attention blocks), and post-LoRA work
has shown that including LoRA modules in MLP layers can improve performance further. This work
did not explore that direction. Both are promising areas for future work.
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A Appendix

Figure 3: Head-only CFIMDB comparison: Experiment 2 (left) vs Experiment 3 (right). Larger batch
with lower LR shows weaker train/dev behavior.

Figure 4: Head-only SST comparison: Experiment 6 (left) vs Experiment 7 (right). Increasing batch
size at fixed LR reduces dev accuracy.
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Figure 5: Score dynamics with LoRA across training epochs. Initial dip followed by recovery as
LoRA updates become effective.

10


	Key Information to include
	Introduction
	Related Work
	Approach
	Baseline model
	Downstream tasks
	Sentiment classification
	Paraphrase detection
	Sonnet generation

	Improving training loop
	PEFT with LoRA
	Background
	Our implementation


	Experiments
	Dataset
	Evaluation metric
	Experimental details
	Sentiment Classification
	Paraphrase detection and Sonnet generation
	Paraphrase detection and Sonnet generation with LoRA


	Error analysis for paraphrase detection
	Unable to distinguish scope
	Unable to distinguish directionality

	Conclusion
	Appendix

