
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053
054

Beware of the Batch Size: Hyperparameter Bias in Evaluating LoRA

Anonymous Authors1

Abstract

Low-rank adaptation (LoRA) is a standard for
fine-tuning large language models, yet its many
variants report conflicting empirical gains, often
on the same benchmarks. We show that these
contradictions arise from a single overlooked fac-
tor: the batch size. When properly tuned, vanilla
LoRA often matches the performance of more
complex variants. We further propose a proxy-
based, cost-efficient strategy for batch size tuning,
revealing the impact of rank, dataset size, and
model capacity on the optimal batch size. Our
findings elevate batch size from a minor imple-
mentation detail to a first-order design parame-
ter, reconciling prior inconsistencies and enabling
more reliable evaluations of LoRA variants.

1. Introduction
Low-rank adaptation, or simply LoRA (Hu et al., 2022), has
emerged as the de facto standard method for the parameter-
efficient fine-tuning of large language models (LLMs).
Building on this success, numerous LoRA variants have
been proposed, each claiming a performance gain over the
vanilla LoRA (Zhang et al., 2023; Liu et al., 2024; Meng
et al., 2024; Wang et al., 2025; Kalajdzievski, 2023).

A disturbing fact about LoRA variants is that they often con-
tradict each other. For example, two recent works, PiSSA
and MiLoRA, propose conflicting initialization strategies
for LoRA, each focusing on the preservation of the principal
singular vectors and minor singular vectors of the pretrained
LLM weights, respectively (Meng et al., 2024; Wang et al.,
2025). More intriguingly, experiments suggest that both
methods provide performance gains on seemingly identical
benchmarks. Why does such a contradiction take place?

In this work, we reveal that this apparent contradiction stems
from the inconsistency in a critical yet overlooked hyperpa-
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rameter: the batch size. In particular, we observe that, given
a properly tuned batch size and learning rates, the vanilla
LoRA can match or even outperform its more complex vari-
ants (Figure 1). This finding highlights the pivotal role
of a careful batch size selection, not only for an effective
LLM fine-tuning, but also for a reliable and reproducible
evaluation of LoRA variants.

Despite such an importance, the selection of LoRA batch
sizes primarily relies on crude heuristics, e.g., “smaller is
better” (Schulman & Thinking Machines Lab, 2025). While
the influence of batch size has been extensively studied
for full-parameter training (Keskar et al., 2017; Shallue
et al., 2019; Zhang et al., 2025; Pareja et al., 2025), these
insights do not directly extend to LoRA, operating under
unique constraints and demonstrating distinct optimization
dynamics (Shuttleworth et al., 2025; Biderman et al., 2025).
Furthermore, given that LoRA is primarily used in resource-
constrained settings, an exhaustive hyperparameter sweep
of the batch size may be infeasible as well.

To address this gap, we initiate a systematic study to-
ward understanding how various scale parameters of LoRA
workloads—rank, dataset scale, and model size—affect the
optimal batch size. In particular, we find that the optimal
batch size remains relatively consistent under the changes in
terms of the rank and the model size, but not for the dataset
size. This observation proposes a low-cost proxy that one
may tune the batch size on small-scale LLMs with low rank,
then transfer the batch size to the larger models.

In summary, our contributions are threefold:

1. We demonstrate that vanilla LoRA remains a highly
competitive baseline with a properly tuned batch size,
suggesting that reported gains in its variants are par-
tially artifacts of suboptimal hyperparameter choices.

2. We find that using a larger batch does not necessarily
lead to strictly worse accuracy. Instead, we identify an
optimal batch size that maximizes test performance.

3. We establish a practical guideline for small-scale prox-
ies, showing that the optimal batch configurations can
be identified using lower ranks and smaller model ca-
pacities as long as dataset scale is preserved.
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Taken together, our findings shed light on a critical yet over-
looked role of batch size in LoRA. We hope this work en-
courages more robust and reproducible evaluation practices
and provides actionable guidance for practitioners deploying
LLMs under real world constraints.

2. Experimental Setup
Our experimental setup primarily follows that of Meng et al.
(2024), with varying selections of the batch sizes. All re-
ported figures, except for those in Figures 3, 4, and 5, are an
average of three random seeds. Other details are as follows.

Model. We mainly use the LLaMA-2-7B model (Touvron
et al., 2023). This choice is to ensure consistency with the
key baselines (Meng et al., 2024; Wang et al., 2025). We
also provide additional experiments with other recent model
families, Qwen3-0.6B (Yang et al., 2025) and Gemma3-1B
(Kamath et al., 2025), in Appendix G.

Datasets. We follow the standard evaluation pipeline for
the mathematical reasoning task: We fine-tune the model
on MetaMathQA (Yu et al., 2023), and then evaluate on
GSM8K benchmark (Cobbe et al., 2021). By default, we use
first 100K samples in the training split of the MetaMathQA.
To demonstrate the generalizability of our approach, the
result for the Humaneval benchmark (Chen et al., 2021),
fine-tuned on the CodeFeedback dataset (Zheng et al., 2025),
is provided in Appendix G.

Learning rate sweep. For each batch size selected, we
conduct a hyperparameter sweep to find the optimal learning
rate. This is mainly due to the prior observations in the full-
parameter training literature which indicates that the batch
size closely interacts with the learning rate (Smith et al.,
2018). We select learning rates in the range of 1× 10−5 to
3× 10−3; see Appendix E for details.

Fixed sample protocol. To decouple the impact of batch
size from the total number of training tokens used, our
primary experiments are conducted under a fixed sample
protocol restricted to a single epoch. This setup aligns with
data efficiency objectives and reflects standard practice in
the supervised fine-tuning literature (Pareja et al., 2025),
where limited data availability necessitates precise control
over training duration to mitigate overfitting.

Note that this configuration implies that larger batch sizes
undergo fewer gradient updates, which is one potential rea-
son why the heuristic of “smaller is better.” holds. To pro-
vide a more comprehensive view, we include results where
the number of optimization steps is fixed across the setups
(Appendix B). In such case, the total number of processed
samples varies. Unless otherwise stated, we adopt the fixed

sample protocol to align with common fine-tuning practices.

Warm-up ratio. We set the warm-up ratio to zero for all
experiments. This decision stems from the fact that varying
the batch size alters the total number of training steps for
a fixed sample protocol, making it difficult to adjust the
warm-up period across different configurations. Further-
more, Pareja et al. (2025) suggest that warm-up steps and
learning rate schedulers have a negligible impact on perfor-
mance in supervised fine-tuning scenarios. Our empirical
analysis in Appendix C confirms that omitting the warm-
up phase does not degrade performance; rather, it leads to
greater robustness across a wide range of batch sizes. In
contrast, we observed that the learning rate scheduler itself
significantly influences accuracy. Therefore, we exclude
only the warm-up phase from our setup.

Other hyperparameters. We keep all other hyperparam-
eters identical across the setups, in order to study the effect
of batch size in isolation. See more details in Appendix D.

3. Re-evaluating LoRA Variants: The Impact
of Batch Size

In this section, we evaluate the performance of LoRA along-
side two prominent variants, PiSSA (Meng et al., 2024) and
MiLoRA (Wang et al., 2025). PiSSA utilizes the princi-
pal singular vectors of pretrained weight matrices to align
adapters with dominant directions. Conversely, MiLoRA
adopts a conflicting initialization strategy using minor sin-
gular vectors, aiming to preserve the knowledge of the base
model. Both studies report state-of-the-art results on the
same benchmarks, while their original evaluations were
conducted under disparate configurations, leading to con-
tradictory conclusions. To ensure a rigorous comparison,
we re-evaluate these methods within a unified experimental
framework, as illustrated in Figure 1.

3.1. Dissecting reported gains: Methodological
superiority or hyperparameter bias?

In Figure 1, a performance crossover exists between recent
LoRA variants: PiSSA achieves superior accuracy in the
large batch regime, whereas it performs worse with smaller
batches. This discrepancy aligns with the experimental
settings reported in their respective studies, where MiLoRA
was evaluated using smaller batch sizes than PiSSA. These
observations suggest that the reported gains and opposing
insights in both papers may stem not only from algorithmic
differences but also from the confounding bias induced by
batch size configurations. Thus, no single method appears to
be universally superior across the entire batch size spectrum.

Furthermore, we emphasize that vanilla LoRA still remains
a competitive baseline when evaluated under fair conditions.
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Figure 1. Impact of batch size across LoRA variants. We
observe that batch size selection alone can lead to a performance
gap of over 10% in accuracy. Notably, when evaluated at its
optimal batch size, vanilla LoRA beats both PiSSA and MiLoRA
in math reasoning task.

LoRA exhibits a similar performance level to its variants
across varying batch sizes and achieves the best overall re-
sult when its hyperparameters are optimally tuned. These
findings underscore that the influence of batch size has been
largely overlooked in the landscape of LoRA-based training.
In an era of rapidly emerging LoRA research, establishing
a fundamental understanding of batch size dynamics is es-
sential to isolating the intrinsic effectiveness of any given
method from confounding hyperparameter effects.

We demonstrate that fine-tuning performance does not scale
monotonically as batch size decreases. Our findings stand
in contrast to prevalent heuristics, such as those proposed by
Schulman & Thinking Machines Lab (2025), which suggest
that smaller batch sizes are universally superior for LoRA-
based fine-tuning. Instead, we characterize the optimal batch
size, which can be leveraged to maximize computational
efficiency without compromising final accuracy. This trend
is robust across multiple LoRA variants, while the critical
threshold varies. Given that LoRA is typically deployed in
resource constrained environments, maximizing hardware
utility is pivotal; however, this must be balanced against
systemic variables such as LoRA rank, dataset scale, and
base model capacity. To facilitate more accessible batch
size tuning, in Section 4, we provide a rigorous analysis
of the interactions between batch size and these determi-
nants to establish a more systematic guideline for optimal
hyperparameter configuration.

4. Determinants of Batch Size Effect
This section identifies the fundamental factors required to
construct a reliable low-cost proxy for batch size tuning. We
investigate how the impact of batch size varies through three
key determinants: (i) LoRA rank, (ii) dataset scale, and

(iii) base model capacity. These variables are selected as
they represent the primary factors of the total computational
overhead in LoRA-based training. For each analysis, we
maintain our setup established in Section 2, while altering
each determinant independently. We reveal a critical insight
for establishing an effective proxy: while batch size effects
are largely robust to changes in LoRA rank and base model
size, they are highly sensitive to dataset scale. Consequently,
we demonstrate that one can reliably tune batch sizes for
LoRA using lower rank with smaller models, while the full
dataset scale should be preserved.

4.1. Impact of LoRA rank

We first investigate the interaction between batch size and
the rank r of LoRA adapters. Figure 2a illustrates the test
accuracies across a range of batch sizes for ranks spanning
from 32 to 256. While minor variances exist, the fundamen-
tal performance trend remains consistent across all evaluated
ranks. Notably, in Figure 6a, increasing the rank beyond a
certain threshold yields marginal performance gains. These
results suggest that in some scenarios, employing a moder-
ate LoRA rank in conjunction with a larger batch size can
expect a more Pareto optimal configuration for balancing
performance and throughput.

4.2. Impact of dataset scale

We compare training configurations using subsets of the
MetaMathQA dataset ranging from 25K to 200K samples.
As illustrated in Figure 2b, LoRA training on larger datasets
effectively accommodates larger batch sizes without the
performance degradation observed in smaller data regimes.
This phenomenon can be attributed to the reduction in rel-
ative gradient noise; as the dataset scale increases, the op-
timization process becomes more robust, allowing for in-
creased batch sizes while maintaining stable convergence.
This highlights that the batch size is not a static hyperpa-
rameter but a dynamic one that must be carefully calibrated
relative to the total available data scale.

4.3. Impact of base model capacity

To examine how the capacity of the backbone model influ-
ences batch size effect, we compared two different models,
LLaMA-2-7B and 13B. Our empirical results in Figure 2c
demonstrate that the impact of batch size remains remark-
ably consistent regardless of the model scale. This suggests
that the relationship between batch size and the model ca-
pacity is scale invariant.

4.4. Guidelines for Small-Scale Proxies

Building on our analysis, we establish a practical strategy for
constructing a low-cost proxy to identify the optimal batch
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Figure 2. Effect of batch size across key determinants. We examine the interaction between batch size and three factors: (a) LoRA
rank: the impact of batch size remains consistent across varying ranks r; (b) dataset scale: larger data regimes effectively leverage larger
batch training; and (c) base model capacity: batch size effects are largely invariant to model scale. For a unified comparison, accuracies
are normalized by shifting the maximum value of each setup to match the default configuration (r = 128, 100K samples, 7B model).
Original accuracy values are provided in Figure 6 for reference.

size for LoRA fine-tuning. The batch size effect is scale
invariant regarding LoRA rank and model capacity, while
it is highly sensitive to the total data scale. In conclusion,
the most reliable proxy is to employ a smaller model with
a lower rank while training on the full target dataset. This
approach ensures high fidelity hyperparameter transfer with
a fraction of the original computational overhead.

4.5. Theoretical Justification of Batch Size Trend

Our finding that the optimal batch size is invariant to the
base model capacity is consistent with recent theoretical
findings on the infinite-width regime (Yang & Hu, 2021).
Beyond a certain threshold of model capacity, the training
dynamics become largely independent of the base model
size, explaining the consistent batch size trends observed
across different model scales. Furthermore, the dominance
of the dataset scale over the LoRA rank can be analyzed
through the lens of the gradient noise scale (GNS) (McCan-
dlish et al., 2018). We characterize the relationship between
dataset size N and the rank r with the following lemma:

Lemma 4.1. Consider a dataset {(xi, yi)}Ni=1
i.i.d.∼

N (0, Ir) × Unif({−1,+1}), where x̃i can be written as
x̃i := Uxi, where U ∈ {A ∈ Rd×r|A⊤A = Ir}. For a
quadratic objective L̂(w) := 1

2N

∑N
i=1(w

⊤x̃i − yi)
2. For

any r > 2, the expected GNS proxy E[Bsimple] is

E[Bsimple] =
rN

r − 2
(1)

The derivation implies that for sufficiently large r, the ex-
pected gradient noise scale correlates with the dataset while
becoming insensitive to LoRA rank. This provides a theo-
retical basis for our empirical observation: the dataset scale
(N ) is the primary determinant of the optimal batch size,
while the influence of the LoRA rank (r) becomes marginal
as it increases. The concept of gradient noise scale and
proof of lemma 4.1 are provided in Appendix F.

5. Conclusion
In this study, we provide a comprehensive re-evaluation
of LoRA and its prominent variants, specifically focusing
on the critical yet overlooked impact of batch size on fine-
tuning performance. Our analysis demonstrates that re-
ported advantages of some LoRA variants are confounded
by hyperparameter bias. Notably, we highlight that vanilla
LoRA remains a remarkably fine baseline when evaluated
under optimized conditions.

Contrary to conventional heuristics suggesting that smaller
batches yield lower regret, we identify the optimal point,
where large batch does not harm model performance. Cru-
cially, our experiments reveal that the optimal batch size
of LoRA can be found efficiently by utilizing a smaller
model along with small rank, while preserving the scale of
dataset. These insights provide a more rigorous foundation
for batch size effects in LoRA and offer practical guidance
for efficient resource utilization in limited environments.

Limitations
While our analysis provides empirical and practical insights,
several avenues remain for further investigation. First, al-
though we provide a theoretical justification via the gra-
dient noise scale, a comprehensive and unified theoretical
framework that fully captures the non-convex optimization
dynamics of LoRA is still lacking. This prevents the deriva-
tion of universal rules for optimal batch size selection across
all scenarios. Second, while our batch size evaluations en-
compass diverse model families and tasks, computational
constraints limited our ability to conduct the in-depth deter-
minant analysis across every possible task and architectural
configuration. Future research is required to validate these
observed patterns across even broader scales and diverse
training objectives.
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Figure 3. Batch size effect under fixed training steps. Under a fixed optimization steps, larger batch sizes lead to superior performance
due to increased data throughput. This trend persists until a critical threshold is reached, where increasing batch size beyond no longer
yields improvements in test accuracy.

A. Related Work
Batch size in deep learning and LLMs. The influence of batch size on optimization and generalization has been extensively
investigated in the broader deep learning literature (Keskar et al., 2017; Hoffer et al., 2017; Shallue et al., 2019; McCandlish
et al., 2018; Golmant et al., 2018). McCandlish et al. (2018) characterize a critical batch size Bcrit beyond which increasing
the batch size yields diminishing returns in training acceleration, along with the concept of gradient noise scale. While these
principles are well established for standard architectures, their application to modern Large Language Models (LLMs) is an
area of active refinement. Recent work revisits these questions in the LLM training setting. In particular, Zhang et al. (2025)
systematically measure critical batch size across model and data scales and find that it is driven primarily by data size rather
than parameter count. On the fine-tuning side, Pareja et al. (2025) observe that larger batches can be beneficial when paired
with appropriately reduced learning rates in full fine-tuning. At the other extreme, Marek et al. (2025) show that very small
batches can train stably with batch size-aware optimizer hyperparameters, and they argue that gradient accumulation can be
compute-inefficient when its primary role is to emulate large batches.

Distinct dynamics of LoRA. A growing body of evidence suggests that findings from full fine-tuning (FFT) do not directly
translate to parameter-efficient fine-tuning methods such as LoRA. The low rank constraint imposes a distinct optimization
dynamics; Shuttleworth et al. (2025) show that FFT updates typically evolve with a significantly higher effective rank than
updates of the same rank LoRA. Furthermore, LoRA tends to exhibit a ”learn-less and forget-less” phenomenon (Biderman
et al., 2025), characterized by smaller weight shifts and better preservation of pre-trained features compared to FFT. These
differences imply that the sensitivity to batch size in LoRA may follow a trajectory distinct from standard patterns.

While Pareja et al. (2025) suggest that larger batches are generally beneficial for FFT, recent work (Schulman & Thinking
Machines Lab, 2025) investigates into a “low regret regime”, where LoRA can achieve similar performance to full fine-
tuning, arguing that LoRA is less tolerant of large-batch training than FFT. Moreover, they suggest this gap may not matter
much in practice, since smaller batches are better in both LoRA and full fine-tuning. Our work diverges from this binary
view; we demonstrate that neither smaller nor larger batches are universally optimal. Instead, we identify the optimal batch
size that can be determined through three fundamental determinants of LoRA rank, dataset scale, and model capacity, as
detailed in Section 4.

B. Experiments Under Fixed Steps
Figure 3 illustrates test performance across varying batch sizes under a constrained 200 optimization steps. In this
configuration, where training with a batch size of 512 corresponds to approximately one epoch of the MetaMathQA100K
dataset, larger batch sizes naturally entail a greater volume of training samples. Consequently, we observe a positive
correlation between batch size and performance, as the increased data outweighs the potential impact of batch size. This
indicates that the degradation observed in fixed sample protocol is partially attributable to insufficient updates rather than
batch size itself. However, we emphasize that larger batches do not always yield superior outcomes even in a fixed step
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Figure 4. Impact of warm-up phase and lr scheduling. We show that while removing the warm-up phase maintains robust performance
across all batch sizes without significant accuracy loss, the LR scheduling remains critical to model performance.

setup; rather, there is a point of diminishing returns where the effect of batch size outweighs the benefits of data volume.

C. Ablations: Warm-up & Learning Rate Scheduling.
In this section, we evaluate the sensitivity of LoRA fine-tuning to warm-up phases and learning rate (lr) scheduling. Figure
4 illustrates the test accuracies across a range of batch sizes under varying optimization configurations. Consistent with the
observations of Pareja et al. (2025), our results indicate that the inclusion of a warm-up stage yields marginal performance
differences; in fact, omitting the warm-up phase leads to slightly superior results across the majority of the batch size
spectrum.

The presence of an lr scheduler (e.g., cosine decay) is critical for performance stability, which is contrary to Pareja et al.
(2025). We find that the absence of lr scheduling results in a substantial performance degradation of approximately 5% in
accuracy. Consequently, we employ an lr scheduler without a warm-up phase for all main experiments in this study.

D. Hyperparameter Configurations.
In Table 1, we provide our detailed configurations of all hyperparameters. This setup basically follows that of Meng et al.
(2024), except for some settings discussed in Section 2.

Table 1. Detailed hyperparameter configurations.

Default Configurations

rank r 128
α same as rank r
Optimizer AdamW
Dropout 0
LR Scheduler cosine
Warmup Ratio 0
Epoch 1
Placement query, key, value, output, gate, MLP up, MLP down

E. Optimal Learning Rate Dynamics.
As detailed in Section 2, we determine the optimal learning rate (lr) independently for each batch size configuration to ensure
a fair comparison. Specifically, we conduct a grid search across an lr range of [1× 10−5, 3× 10−3]. To ensure a precise
identification of the optimal point, we employ a refined logarithmic grid consisting of {1, 2, 5}× 10n, with additional points
such as 3× 10−4 to provide higher granularity in the high performance region where the optimal lr frequently appears. We
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Figure 5. Interaction between optimal learning rate and batch size. We demonstrate that the optimal learning rate follows a
non-monotonic trajectory as batch size increases, initially scaling upward before declining beyond a critical threshold.
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Figure 6. Original accuracies of Figure 2. We provide original accuracies of Figure 2, which are averaged over three seeds.

also include 3× 10−3 as the learning rate approaches the stability boundary. Figure 5 illustrates the resulting optimal lr
trajectory for each batch size in our default setup with a single seed.

Our analysis reveals that the optimal learning rate exhibits a non-monotonic relationship with batch size: the lr initially
increases but subsequently declines as the batch size continues to increase. This behavior in LoRA scenarios aligns with
recent findings by Li et al. (2024), suggesting that the standard linear scaling rule may not hold for Adam style optimizers.

F. Theoretical Analysis
F.1. Gradient noise scale proxy for estimating the optimal batch size

McCandlish et al. (2018) introduce the concept of the gradient noise scale (GNS) to determine the optimal batch size. Let
g denote the full gradient and Σ represent the per-example gradient covariance matrix. The optimal batch size Bcrit can be
estimated as the ratio of the gradient noise to the gradient magnitude, weighted by the Hessian H:

Bnoise =
tr(ΣH)

g⊤Hg
(2)

Under the assumption of a well-conditioned optimization landscape, Equation (2) simplifies to the GNS proxy as:

Bsimple ≈
tr(Σ)
|g|2

(3)

F.2. Proof of Lemma 4.1

Proof. We derive the expected gradient noise scale at initialization (w0 = 0) by analyzing the trace of the gradient covariance
and the norm of the full gradient.
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(a) Qwen3-0.6B
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(b) Gemma3-1B
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Figure 7. Results on other model families and code generation task. We demonstrate performances with batch size sweep for recent
model families and the code generation task, which are averaged over three seeds.

Trace of Covariance. First, at initialization, the per-example gradient is given by ∇Li(0) = −yix̃i = −yiUxi ∈ col(U).
Since all stochastic gradients reside within this r-dimensional subspace, the per-example gradient covariance Σ has a rank
of at most r. Consequently, its trace is given by tr(Σ) = r.

Full Gradient Norm. The full gradient g = 1
N

∑
∇Li follows a Gaussian distribution g ∼ N (0, 1

NUU⊤). Given the
orthonormality of U (i.e., U⊤U = Ir), the squared norm follows a scaled chi-squared distribution, ∥g∥2 ∼ 1

N χ2
r .

Expected Gradient Noise Scale. Finally, by leveraging the property of the inverse-chi-squared distribution, where
E[1/χ2

r] = 1/(r − 2) for r > 2, we calculate the expected noise scale as follows:

E[Bsimple] ≈ tr(Σ) · E
[

1

∥g∥2

]
=

rN

r − 2
. (4)

G. Ablations: Other Model Families & Task.
We evaluate the impact of batch size across additional model architectures, specifically Qwen3-0.6B and Gemma3-1B (see
Figures 7a and 7b). Consistent with our primary findings using LLaMA-2-7B , these results highlight the existence of an
optimal batch size, where increasing the batch size does not compromise accuracy. Furthermore, we provide results for the
HumanEval benchmark fine-tuned on CodeFeedback100K (Figure 7c). Although the precise optimal threshold varies, these
findings suggest that the observed batch size dynamics generalize across diverse model families and task domains.
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