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Abstract

The emergence of optimizers claiming improvements over AdamW, including
Lion, MARS, and Muon has largely been evaluated in pretraining settings, leaving
their behavior under fine-tuning and parameter-efficient adaptation underexplored.
We present a systematic comparison of these four optimizers across full fine-
tuning and LoRA parameterizations on two tasks: paraphrase detection using the
Quora Question Pairs dataset and sonnet generation on Shakespeare’s sonnets. All
optimizers and LoRA are implemented from scratch on top of GPT-2, with per-
optimizer learning rate sweeps ensuring fair comparison. Our base configuration
achieves 0.893 accuracy and 42.086 chrF on the respective test sets, exceeding
staff baselines. Across optimizer experiments, we find that no single optimizer
dominates: Lion achieves the highest paraphrase accuracy under full fine-tuning
(0.900) while offering the lowest memory and latency, MARS leads on sonnet
generation under both parameterizations (43.167 full, 42.723 LoRA), and Muon
degrades substantially on classification and at larger model scales. Full fine-tuning
generally outperforms LoRA, though the margin is optimizer-dependent. Our
results demonstrate that optimizer selection should not be decoupled from the
parameterization strategy and that AdamW, while a reliable default, is frequently
outperformed by Lion and MARS in fine-tuning regimes.
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2 Introduction

AdamW [1] has long served as the default optimizer for training large language models [2} [3]].
However, a wave of new optimizers has emerged claiming significant speedups over AdamW:
variance reduction (MARS 4)), sign-based momentum (Lion|5)), and spectral-domain Newton methods
(Muon|6). Recent work in [7]] systematically benchmarked these optimizers for pretraining, finding
that no single optimizer universally dominates and that many previously reported speedups diminish
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under fair comparison. However, their study, and the broader optimizer literature, focuses mainly on
pretraining from scratch.

In practice, most practitioners interact with large language models through fine-tuning, and increas-
ingly through parameter-efficient methods such as LoRA [8]], which constrains weight updates to a
low-rank subspace. Because LoRA fundamentally alters the optimization landscape by restricting the
space of achievable updates, optimizer behavior that holds under full fine-tuning may not transfer.
Despite this, the choice of optimizer for fine-tuning is rarely studied systematically and is typically
defaulted to AdamW regardless of the parameterization scheme.

This paper presents a controlled comparison of four optimizers (AdamW, Lion, MARS, and Muon)
across full fine-tuning and LoRA on paraphrase detection (a classification task on the Quora Question
Pairs dataset and sonnet generation (an autoregressive language modeling task on Shakespeare’s
sonnets). All optimizers are implemented from scratch and evaluated under matched conditions
with per-optimizer learning rate sweeps. Beyond comparing final performance, we analyze memory
footprints, per-step latency, learning rate sensitivity, and conduct ablations over LoRA rank and
model scaling. Our key findings are: (1) no single optimizer dominates across all settings, with Lion
and MARS frequently outperforming AdamW. (2) Full fine-tuning generally outperforms LoRA, but
the margin is optimizer-dependent. (3) Optimizer differences amplify as model size and LoRA rank
increase, underscoring that optimizer selection should not be decoupled from the parameterization
strategy.

3 Related Work

Optimizers for Deep Learning. Adam [9] and its weight-decoupled variant AdamW [1]] remain
the most widely used optimizers for training transformers. Recent alternatives have approached the
problem from different angles. Lion [5] was discovered via automated program search and uses
only the sign of momentum, reducing memory by half relative to Adam. MARS [4]] incorporates
variance-reduced gradient estimates into the Adam framework to improve signal quality. Muon [6]]
applies steepest descent under the spectral norm via polar decomposition of the gradient. Other
notable directions include Shampoo [10] and its distributed variants for second-order preconditioning.
Despite this proliferation, most optimizers are evaluated in isolation under differing experimental
setups, making cross-method comparisons unreliable.

Optimizer Benchmarking. [7] provided the first large-scale systematic comparison of modern
optimizers for pretraining, controlling for hyperparameter tuning and evaluating scaling behavior
up to 1.2B parameters on the Chinchilla dataset. Their key finding found that optimizer advantages
are regime-dependent and many claimed speedups are artifacts of weak baselines. However, their
study is limited to pretraining from scratch on a single data mixture and architecture (Llama), leaving
fine-tuning regimes unexplored. [[11] conducted a broad benchmarking of 15 optimizers across diverse
tasks but focused on smaller-scale models and did not consider parameter-efficient fine-tuning.

Parameter-Efficient Fine-Tuning. LoRA [8] has become the dominant approach for parameter-
efficient adaptation of large language models, injecting trainable low-rank matrices alongside frozen
pretrained weights. Subsequent work has extended this framework through adaptive rank allocation
(AdaLoRA [12), quantized bases (QLoRA [13)), and alternative decompositions. Other parameter-
efficient approaches operate in different spaces entirely, such as prefix tuning [[14] which prepends
learnable tokens to the input. While these methods have been extensively compared in terms of
task performance and parameter efficiency, the interaction between the choice of parameter-efficient
method and the choice of optimizer has received much less attention. Our work addresses this gap by
systematically varying the optimizer under both full and LoRA parameterizations across task types.

4 Approach

This project investigates how the optimizer loss landscape differs between full fine-tuning and LoRA
[8]], motivated by [7] who showed optimizer performance depends heavily on the training regime with
no single optimizer universally dominating when considering pretraining on the chinchilla dataset.
Because LoRA restricts weight updates to a low-rank subspace, the effective optimization landscape
may differ from full fine-tuning that affects convergence speed, stability, and final performance across



optimizers. Understanding this is important since LoRA is widely used, yet the choice of optimizer is
often made without regard to the parameterization scheme.

Model The base model is GPT-2 [15], implemented from scratch following the default project
codebase. The implementation includes the standard transformer decoder architecture with multi-
head self-attention, layer normalization. For paraphrase detection, the model is extended with a linear
classification head that produces a binary prediction from the final hidden state of the last token.
For sonnet generation, the model is used as a standard autoregressive language model trained with
cross-entropy loss for next token prediction.

Low-Rank Adaptation (LoRA) [8]] is a parameter-efficient fine-tuning method that keeps the
pretrained weight matrices frozen and injects trainable low-rank decompositions alongside them. For
a pretrained weight matrix W, € R%**¥ LoRA parameterizes the update as:

h=Wyx+ AWz = Wyox + BAzx )

where A € R"*¥ and B € RY*" with rank 7 < min(d, k). The matrix A is initialized with a random
Gaussian (N (0,1)) and B is initialized to zero, so AW = BA = 0 at the start of training and the
model begins from the pretrained weights. Only A and B are updated during fine-tuning, reducing
the number of trainable parameters from d x k to r X (d + k). Following the original paper, we
apply LoRA exclusively to the query and value projection matrices (W, Wy ) in each attention layer.
While subsequent work has explored applying LoRA to additional weight matrices including the
MLP layers [8,116]. The rank 7 controls the expressivity efficiency tradeoff with lower ranks reduce
memory and computation but constrain the space of achievable weight updates.

Optimizers. We compare four optimizers spanning the major categories of modern optimizer design:
adaptive moment estimation (AdamW [1]]), sign-based momentum (Lion [3]), variance-reduced
gradient estimation (MARS [4])), and spectral-domain Newton methods (Muon [6]). All four were
implemented from scratch. AdamW serves as the baseline, reflecting its status as the de facto standard
for language model training.

AdamW [1] maintains exponential moving averages of the first and second moments of the gradient
with decoupled weight decay. Given gradient g, at step ¢, the update is:

my = frmy—1 + (1 = B1)g (2)
vy = Povy_1 + (1 — 52)9,52 3
1— t
ar=n. Y10 4)
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where 7 is the learning rate, A is the weight decay coefficient, and 5;, 82 are the moment decay
rates. We note that our implementation applies weight decay using the bias-corrected learning rate
rather than the base rate 77. AdamW stores two state tensors (my, v¢) per parameter, resulting in a 2 X
memory overhead relative to the model parameters.

Lion [5] was discovered through symbolic program search over a space of optimizer update rules.
It uses only the sign of an interpolated momentum term, eliminating the need for second-moment
estimation:

up = sign (Bime—1 + (1 — B1)g:) @)
my = Pamy—1 + (1 — B2)g: (8)
O =601 —n(ur + A1) ©)

where the update direction u; is computed from an interpolation using /3; before the momentum
my is updated using (5. Because Lion stores only a single momentum buffer and applies a uniform
magnitude update via the sign operation, it requires half the optimizer memory of AdamW and
produces faster per-step computation. The sign operation means all parameters receive updates of
equal magnitude.

MARS [4] combines Adam-style adaptive updates with variance reduction to improve gradient signal
quality. At each step, MARS computes a variance-reduced gradient estimate by correcting the current



gradient using the scaled difference between successive gradients:
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where ¢; is the variance-reduced gradient controlled by -y, with the correction term scaled by 8 /(1 —
B1) to account for the momentum coefficient. The corrected gradient is clipped to unit norm before
being fed into the first moment estimate, while the second moment v; tracks the raw gradient g,
rather than the corrected version. MARS requires storing the previous gradient in addition to the two
moment buffers, resulting in higher memory overhead than standard AdamW. There other variants of
MARS which is adapted on top of other optimizers, however, for this paper we consider the Adam
style above.

Muon [6] applies Newton’s method in the spectral domain by orthogonalizing the momentum update
with respect to the matrix spectral norm. The update uses heavy-ball momentum with a Nesterov
lookahead before orthogonalization:

My = BM;_1+ g¢ (15)
Gt = g¢ + BM; (16)
Uy = NS5(g¢) - /194 an
Oy =01 — 77Ut (18)

where NS5 denotes five iterations of the Newton—Schulz recurrence with fixed coefficients (a, b, ¢) =
(3.4445,—4.7750, 2.0315), which approximates the orthogonal factor of the polar decomposition.
The Nesterov lookahead in g; extrapolates the momentum forward before orthogonalization, improv-
ing convergence. The +/|g;| scaling factor normalizes the update to be approximately RMS-consistent
across weight matrices of different sizes. Like Lion, Muon stores only a single momentum buffer,
yielding low memory allocation. However, the matrix operations involved in the Newton—Schulz
iterations and Nesterov step make it the slowest optimizer per step.

S Experiments

5.1 Data

We considered a paraphrase detection and a sonnet generation for the experiments which originated
from the default project specifications. For paraphrase detection, I use the Quora Question Pairs
dataset, which contains 141,506 training examples, 20,215 development examples, and 40,431 test
examples. Each example consists of a pair of questions with a binary label indicating whether they
are paraphrases of one another. For sonnet generation, I use the Shakespeare Sonnets dataset, which
contains 154 sonnets split into 143 training examples and 12 test examples. The task is to generate
the remaining lines of a sonnet given its first three lines. Due to these data sets differing it gives a
diversity in dataset size and objective.

5.2 [Evaluation method

We will be considering 2 metrics to quantifying the performance for the prior datasets. For the
paraphrase detection dataset, we will use accuracy given the nature of the binary labels of this
dataset. For sonnet generation, the goal is given the first 3 lines of a 12 line sonnet to closely generate
language as close to the original sonnet as possible. So we are using the chrF metric [[17], which is a
character level n-gram comparison metric similar to BLEU [18]].



5.3 Experimental details

For both datasets I initially built strong initial hypermeter pipeline setups models which were used to
beat the STAFF-Baselines before comparing optimizers. All experiments are built on GPT-2 Medium
[L5], a decoder-only transformer with 355M parameters, 24 layers, a hidden dimension of 1,024,
and 16 attention heads. Models are trained on a single NVIDIA L40S GPU 48 GB GPU using
BF16 mixed-precision via torch.autocast, which reduces memory footprint while maintaining training
stability. The AdamW optimizer is used as the baseline optimizer across both tasks, with checkpoints
selected based on best validation performance rather than final epoch. All experiments are run built
off the default project with task-specific training and evaluation scripts.

Paraphrase Detection For paraphrase detection, the full model is fine-tuned using a classification
objective. Each input is formed by concatenating the two sentences, and the hidden state of the final
token is projected to a 2-class logit via a linear head. The model is trained with cross-entropy loss, a
batch size of 32, a learning rate of 6e-5, and for 2 epoch. The 2 epochs were sufficient due to the
large dataset size. No LoRA adapters are used and all parameters are updated.

Sonnet Generation For sonnet generation, the model is fine-tuned using a causal language modeling
objective through a cross-entropy loss computed over all next-token prediction positions. Given
the extremely small dataset size, full fine-tuning risks rapid overfitting, so we use LoRA adapters
[8l] applied to the query and value projection matrices of all 24 attention layers with rank r=16 and
alpha=16 (scale=1) with roughly 1.57M trainable parameters (0.44% of total). The model is trained
with AdamW at a learning rate of 3e-4, batch size 16, for 10 epochs, with the checkpoint achieving
the best development ChrF score saved. Text generation at inference uses beam search with 5 beams,
top-p nucleus sampling (p=0.9), temperature 0.7, a repetition penalty of 1.3, a no-repeat n-gram
constraint of order 3, and a minimum generation length of 100 tokens. Development quality is
measured using ChrF (character 6-gram F-score with §=2) computed against held-out reference
sonnets on the development set.

Optimizer Experiments For optimizer experiments we conducted a systematic sweep across four
optimizers, AdamW, Lion, MARS, and Muon, applied under two parameterization regimes (full
fine-tuning and LoRA with r=16, =16, scale=1) for both tasks. All other hyperparameters were
held fixed at the values established in the base setup above. Each optimizer was swept over a range
of 5 learning rates spanning roughly two orders of magnitude, with ranges chosen to reflect each
optimizer’s characteristics. Specifically, for full fine-tuning the learning rate grids were: AdamW
€{le—5,3e—5,1e—4,3e—4,1e—3},Lion € {le—6,3¢ —6,1e — 5,3¢ — 5,1le —4}, MARS €
{le—5,3e—5,1e—4,3e—4,1le—3}, and Muon € {le—4,3e—4,1e—3,3e—3,1le—2}. For the LoORA
parameterization higher learning rates were used: AdamW € {le —4,3e — 4,1le — 3,3e — 3, le — 2},
Lion € {le —5,3¢ —5,1le —4,3¢ — 4,1e — 3}, MARS € {le — 4,3e — 4,1le — 3,3e — 3, le — 2},
and Muon € {le —3,3e—3,1e —2,3e —2, 1e — 1}. For all other none specified parameters the prior
mentioned were used. AdamW uses momentum coefficients 3; = 0.9 and 55 = 0.999 with e = 106
and weight decay A = 0.1. Lion uses 8; = 0.9 and S, = 0.99 with weight decay A = 0.1. MARS
uses #1 = 0.9, B2 = 0.999, € = 10~8, variance reduction coefficient v = 0.025, and weight decay
A = 0.1. Muon uses momentum /3 = 0.95 with Nesterov lookahead enabled and 5 Newton—Schulz
iterations.

5.4 Results

Using the initial setup described above, we evaluated our base model on the development and test
sets for both Paraphrase Detection and Sonnet Generation, with results shown in Table E} Our
base configuration outperforms the staff baselines across all four evaluation splits, establishing a
strong foundation for the subsequent optimizer experiments. Building on this baseline, we conducted
optimizer experiments across both full fine-tuning and LoRA parameterizations, with the best
development set performance for each configuration reported in Table 2]

Full Fine-Tuning vs. LoORA Across nearly all optimizer and task combinations, full fine-tuning
outperforms LoRA, with the exception of Muon on Sonnet Generation, where LoRA achieves 42.491
chrF compared to 38.098 under full fine-tuning. This is a surprising result due to the small size of
the sonnet training set of 143 examples expecting full fine-tuning to overfit. Although, full fine-
tuning does mostly outperform LoRA requires significantly less memory getting close to similar
performance.



Table 1: Results on Paraphrase Detection and Sonnet Generation tasks for both the development
(Dev) and test sets with their comparisons to the teaching staff baselines. Best results per split are
shown in bold.

Task Split Ours STAFF-BASELINE
. Dev  0.895 0.882

Paraphrase Detection Test 0.893 0.856

Sonnet Generation Dev  42.951 41.414

onnet beneratio Test  42.086 41.208

Table 2: Best performance of each optimizer across fine-tuning strategies. We report accuracy on the
development set for Paraphrase Detection and chrF for Sonnet Generation. Bold denotes the best
result per column.

Optimizer
Task Method AdamW Lion MARS Muon
P Dt e ) PRI 0293000t 061
. Full Fine-Tuning  42.585 42.398 43.167 38.098
Sonnet Generation (ChrEf) 1 5 o 42473 42323 427723 42491

Optimizer Comparison No single optimizer dominates across all settings. Lion achieves the highest
accuracy on Paraphrase Detection under full fine-tuning (0.900), while AdamW leads under LoRA
(0.878). For Sonnet Generation, MARS obtains the best chrF scores under both parameterizations
(43.167 full, 42.723 LoRA), outperforming the AdamW baseline in both cases. This is notable given
that AdamW remains the default optimizer for LLM training.

Muon presents the most distinctive behavior. On Paraphrase Detection it performs substantially
worse than the other optimizers, achieving only 0.635 accuracy under full fine-tuning and 0.425
under LoRA. This degradation most likely comes from its use of the spectral norm for steepest
descent updates, which produces more aggressive parameter changes that may prevent convergence
on the classification objective with the optimizer originally being made for pretraining. On Sonnet
Generation, Muon’s LoRA performance (42.491) recovers to be comparable with the other optimizers,
suggesting that it performs much better with predicting next token regime of the sonnet generation
task.

6 Analysis

Due to their different update behaviors, different optimizers have vastly different learning behav-
iors, memory requirements, and latencies. In order to understand them deeper we measured the
comparisons for each of the with the results being in 3]

Learning Rate Sensitivity. Interestingly, the optimal learning rates in Table [3] span up to two orders
of magnitude across optimizers within the same setting. Lion consistently requires the lowest rates
(e.g., 3 x 107 for Paraphrase full fine-tuning) due to its sign-based update rule applies uniform
magnitude steps regardless of gradient scale. Muon favors the largest rates, peaking at 1 x 102 for
Sonnet full fine-tuning, consistent with its spectral-norm steepest descent. Two systematic trends
can be seen with LoRA configurations favor higher rates than their full fine-tuning counterparts
across all optimizers on paraphrase. Also, sonnet Generation selects higher rates than Paraphrase
Detection, likely due to the significantly smaller training set and fewer steps per epoch demanding
more aggressive updates within the limited budget.

Memory and Latency. Under full fine-tuning (Table[3), MARS has the highest memory allocation
(~8 GiB), approximately 1.5x that of AdamW (~5.3 GiB), due to maintaining variance-reduced
gradient estimates on top of standard moment buffers, while Lion and Muon achieve the lowest
allocation (~4 GiB) since neither maintains second-moment state. For latency, Lion is the fastest



Table 3: Per-step latency, memory footprint, and selected learning rate across optimizers for Para-
phrase Detection and Sonnet Generation. Full denotes full fine-tuning; LoRA denotes low-rank
adaptation. All runs use a single GPU.

Task Mode Optimizer Ir Step Time (s) | Allocated (GiB) | Peak GPU (GiB) |

AdamW 3e-5 0.516 5.32 25.47
Fap | Lion 3e-6 0.288 3.99 24.14
2 MARS 3e-5 0.515 7.96 28.10
£ Muon 3e-4 1.014 4.00 24.14
g AdamW le-4 0.192 1.37 19.10
~ Lora Lion le-5 0.104 1.36 19.09
MARS 3e-4 0.178 1.38 19.11

Muon le-3 0.171 1.36 19.09

AdamW 1e-3 0.275 5.41 10.70

Fp | Lion le-4 0.479 4.09 9.38

. MARS 1le-3 0.455 8.05 13.34
2 Muon le-2 0.933 4.09 9.38
A AdamW le-3 0.173 1.46 7.10
Lora Lion 3e-4 0.152 1.46 7.10

MARS 1le-3 0.156 1.47 7.11

Muon le-3 0.196 1.46 7.10

Table 4: LoRA rank ablation on Sonnet Generation (chrF1, Dev) using GPT-2 Medium. We sweep
rank r € {1, 8,16, 32,64, 128} across all four optimizers. Bold denotes the best optimizer per rank.

Optimizer
Rank Trainable % Total AdamW Lion MARS Muon
r=1 0.098M 0.03% 40.690 40.579 40.394 40.162
r=238 0.786M 022% 42377 42.486 42.445 42.042
r =16 1.573M 0.44% 42473 42323 42.723 42.491

T =32 3.146M 0.89%  41.838 43.055 42.504 42.894
r =64 6.291M 1.77%  42.832 42784 43.006 41.516
T =128 12.583M 3.55% 40.536  42.569 29.043 41.969

optimizer at 0.288s per step under Paraphrase full fine-tuning, 1.8 faster than AdamW and 3.5x
faster than Muon, which is consistently the slowest (1.014s) due to the cost of computing polar
decompositions at each step. Switching to LoRA reduces allocated memory by 3—4x across all opti-
mizers and compresses the latency gap substantially (0.104-0.196s on Paraphrase), as the dominant
cost shifts to the shared frozen forward pass. However, peak GPU memory remains high (~19 GiB
on Paraphrase) since the full base model is still held in memory with a large batch size of 16.

Scaling LoRA Rank To further investigate how optimizer behavior interacts with LoRA param-
eterization, we conducted a rank ablation study sweeping r € {1,8,16,32,64, 128} on Sonnet
Generation. All hyperparameters and pipeline configurations remain identical to those in Table
with only the rank varied, isolating its effect on cross-optimizer performance. The results are reported
in Table

All four optimizers exhibit a consistent inverted-U trend across rank, performing worst at the extremes
(r = 1 and r = 128) and peaking in the r = 32-64 range. At r = 1, the trainable subspace (0.098M
parameters, 0.03% of the model) is too restrictive for any optimizer to adequately adapt the model,
with all scores clustering around 40.2-40.7. Performance improves sharply at = 8 and plateaus
through the mid-ranks, where Lion peaks at » = 32 (43.055) and MARS at » = 64 (43.006). At
r = 128 (12.6M parameters, 3.55%), performance degrades, most dramatically for MARS, which
collapses. Comparing across optimizers, Lion and MARS outperform the AdamW baseline at most
ranks, with Lion proving the most robust across the full sweep, maintaining scores above 42.3 for all
7 > 8. Muon is competitive in the mid-ranks but shows greater variance.



Table 5: Model size ablation on Sonnet Generation (chrFf, Dev) using LoRA with » = 16. Bold
denotes the best optimizer per model size.

Optimizer
Model Total Params Trainable AdamW Lion MARS Muon
GPT-2 Base 1244M  1.18M (0.95%) 42.212 42.610 42406 42.398
GPT-2 Medium 354.8M  3.15M (0.89%) 42473 42.323 42723 42491
GPT-2 Large 774.0M 590M (0.76%) 40.779 42.303 40.165 32.061
GPT-2 XL 1,557.6M 9.83M (0.63%) 42331 42701 43.208 28.457

Scaling Model Size To further investigate how optimizer behavior interacts with model scale, we
conducted an ablation study varying the backbone architecture across GPT-2 Base (124.4M), Medium
(354.8M), Large (774.0M), and XL (1,557.6M) on Sonnet Generation with LoRA r = 16. All
hyperparameters and pipeline configurations remain identical to those in Table[2] with only the model
size varied, isolating its effect on cross-optimizer performance. The results are reported in Table [5]

At Base scale, all four optimizers perform comparably (42.2-42.6 chrF), with Lion narrowly beating
at 42.610. As models scale up, optimizer differences become more pronounced. Lion is the most
stable across all sizes, never dropping below 42.3, and achieves the best score at both Base and Large.
MARS shows the highest ceiling overall, reaching 43.208 at XL, the single best result in the ablation,
but is inconsistent dropping to 40.165 at Large. AdamW follows a similar non-monotonic pattern,
dipping to 40.779 at Large before recovering at XL (42.331). The most interesting finding is Muon’s
sharp degradation at larger scales: from competitive performance at Base (42.398) and Medium
(42.491) to 32.061 at Large and 28.457 at XL, suggesting that Muon become increasingly unstable
as the frozen parameter space grows while the trainable proportion shrinks. Across optimizers, no
single model size is the best with AdamW, Muon, MARS, and Lion receiving their peaks at Medium,
Medium, XL, and XL respectively. Further ablation experiment about the qualitative differences of
the learning curves can be seen in the Appendix and[A.3]on sonnet generation for LoRA and full
finetuning respectively.

7 Conclusion

We presented a systematic comparison of four optimizers (AdamW, Lion, MARS, and Muon) across
full fine-tuning and LoRA parameterizations on Paraphrase Detection and Sonnet Generation. Our
findings show that no single optimizer dominates across all settings: Lion achieves the best accuracy
on Paraphrase Detection under full fine-tuning while offering the lowest latency and memory footprint,
MARS consistently leads on Sonnet Generation under both parameterizations, and AdamW remains
a competitive default. Muon, despite its strong prior performances on pretraining, exhibits instability
on classification tasks and degrades sharply at larger model scales. Our LoRA rank ablation reveals a
consistent inverted-U pattern across all optimizers, with optimal performance in the » = 32-64 range,
while the model scaling ablation shows that optimizer differences amplify with model size, with Lion
proving the most robust across scales. This brings into question that AdamW should not necessary be
the standard optimizer for post-training with Lion and MARS also being strong competitors with
Lion also introducing memory benefits.

Several limitations of this work suggest directions for future investigation. Our hyperparameter
sweeps were constrained by compute budget. A more thorough grid or Bayesian search could shift the
relative rankings. All experiments used the GPT-2 architecture family, and it remains open whether
these findings transfer to other architectures or to tasks requiring longer reasoning trajectories such as
chain-of-thought reasoning. Finally, we considered only LoRA as a parameter-efficient method, which
operates in weight space and an exciting direction is exploring alternative parameterizations such as
prefix tuning, which operates in token space, could reveal interesting optimizer-parameterization.

Team contributions

Since I worked alone, all parts of the projects have been implemented by myself from the base default
project, LoRA, additional optimizers, experiments, and report/poster writing.
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A Appendix

A.1 Sentiment Classification Experiments

We evaluate GPT-2 fine-tuning under two regimes on the SST (5-class) and CFIMDB (binary)
sentiment classification datasets. In the last-linear-layer setting, all GPT-2 parameters are frozen and
only the task-specific classification head is trained. In the full-model setting, all parameters including
GPT-2 are updated end-to-end. Both pipelines use cross-entropy loss and are optimized with AdamW.
At each epoch, the model is evaluated on the development set, and only the checkpoint achieving the
highest dev accuracy is saved, ensuring the reported results reflect the best generalization rather than
the final epoch. The classification head applies dropout before a linear projection from the hidden
state of the last token to the label space.

Table 6: Hyperparameters for sentiment classification experiments.

Hyperparameter Last-Linear-Layer  Full-Model

Learning Rate 1x1073 1x107°
Batch Size 64 8
Dropout 0.3 0.3
Epochs 10 10
Optimizer AdamW AdamW
Checkpoint Selection Best Dev Acc Best Dev Acc

Table 7: Dev set accuracy for sentiment classification on SST and CFIMDB.

Dataset Fine-Tune Mode Dev Accuracy

SST Last-Linear-Layer 0.466
SST Full-Model 0.520
CFIMDB  Last-Linear-Layer 0.849
CFIMDB  Full-Model 0.980

A.2 Sonnet Generation LoORA Curves

Sennet Generation w/ LoRA (ChrF vs Steps) Sonnet Generation w, LoRA [Val Loss vs Steps)

Sonnet Generation w LoRA (Train Loss vs Steps)

(a) Dev chrF (b) Training Loss (c) Validation Loss

Figure 1: Training curves for Sonnet Generation with LoRA across all four optimizers.

From the best runs achieved for each optimizer as in Table 2] the corresponding training curves on
Sonnet Generation with LoRA are shown in Figurem AdamW, Lion, and MARS exhibit similar
training loss trajectories, decreasing steadily over the course of training (Figure [Ib). Muon, by
contrast, makes minimal progress on training loss, plateauing around a loss of ~6. Despite this,
Muon achieves comparable development chrF scores (Figure[Ta), suggesting it still learns effective
generation patterns even without substantially reducing the training objective. For the other three
optimizers, development chrF and validation loss (Figures [Tal remain relatively stable after the
initial epochs.
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A.3 Sonnet Generation Full Finetuning Curves

Sonnet Generation wy Full Finetuning {ChrF vs Steps) Sonnet Generation w/ Full Finetuning (Train Loss vs Steps)
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Figure 2: Training curves for Sonnet Generation with full fine-tuning across all four optimizers.

The corresponding full fine-tuning curves on Sonnet Generation are shown in Figure 2] with Muon
omitted due to its substantially higher loss and lower chrF making it difficult to visualize trends
among the remaining optimizers. Unlike the LoRA setting, clearer differences emerge between
optimizers in the training dynamics. Lion and AdamW decrease their training loss at similar rates
(Figure 2b), while MARS reduces its training loss more slowly, not reaching the same depth as
the other two. Despite this slower training loss reduction, MARS achieves a notably higher peak
development chrF around step 50 (Figure[2a), substantially outperforming both Lion and AdamW at
that point. This contrast, lower training loss not translating to better generation quality, highlights an
interesting difference in generalization behavior across optimizers, where MARS appears to extract
more transferable representations per unit of training loss reduction. Lion and AdamW maintain more
stable development chrF trajectories throughout training, consistent with their steady and similar
convergence profiles.
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