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Abstract

The impressive performance of large language
models (LLMs) arises from their massive scale
and heterogeneous module composition. How-
ever, this structural heterogeneity introduces ad-
ditional optimization challenges. ~While adap-
tive optimizers such as Adam(W) provide per-
parameter adaptivity, they do not explicitly account
for module-level gradient heterogeneity, resulting
in slower convergence, suboptimal performance,
or training instability. Existing approaches typi-
cally rely on manually tuned module-specific learn-
ing rates or specific optimization strategies, which
are computationally costly and difficult to gener-
alize across tasks or models. To establish a more
principled approach, we first analyze the noise-
damping behavior of Adam in high-noise modules
and introduce Module-wise Learning Rate Scal-
ing via SNR (MoLS). MoLS estimates module-
level SNRs to scale Adam updates, allowing auto-
mated module-wise learning rate allocation with-
out manual tuning. Empirical results through mul-
tiple LLM training benchmarks demonstrate that
MoLS improves convergence speed and generaliza-
tion, achieving performance comparable to care-
fully tuned module-specific learning rates, while
remaining compatible with memory-efficient train-
ing algorithms.

1 Introduction

Large Language Models (LLMs) are built upon function-
ally distinct modules, typically consisting of stacked Trans-
former blocks [Vaswani et al., 2017; Radford et al., 2019;
Touvron et al., 2023]. This modularity allows for the effi-
cient organization of specialized functional components, such
as self-attention and feed-forward networks. By leveraging
these functionally diverse modules, LLMs gain the ability
to handle complex natural language processing tasks. How-
ever, the sheer depth and structural diversity of these mod-
ules introduce significant optimization complexities [Zhang
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et al., 2024]. To handle this complexity, adaptive opti-
mization methods, particularly Adam(W) [Kingma, 2014;
Loshchilov and Hutter, 2017], are widely used in practice.

Despite its effectiveness, Adam’s element-wise adaptivity
does not explicitly account for the structural heterogeneity
across modules. Some modules exhibit consistently larger
or more variable gradients, leading to scale mismatches that
Adam’s adaptivity cannot fully correct, resulting in slow con-
vergence or unstable training [Li ez al., 2025]. Recent studies
indicate that different modules in LLMs exhibit markedly dif-
ferent gradient and optimization properties [Liu ef al., 2020;
Ormaniec et al., 2024; Kunstner et al., 2024; Zhang et al.,
2025]. Building on this heterogeneity, Zeng et al. 2022 and
Wang et al. 2025a have suggested the use of module-specific
learning rates in Adam to better accommodate these differ-
ences and enhance convergence stability.

While these studies recognize the need for module-wise
learning rate configuration even with Adam, they provide
no principled or quantitative method to determine the spe-
cific scaling ratios. As a result, these ratios are treated as
hyperparameters, requiring exhaustive grid searches—an ap-
proach that is computationally expensive, infeasible for large-
scale models, and theoretically ungrounded. Consequently,
current methods rely on fixed heuristics that ignore module-
specific gradient statistical properties, leading to configura-
tions that are difficult to generalize across tasks or models.
In essence, while existing literature recognizes the need for
module-wise learning rate scaling, determining optimal mag-
nitudes remains an open, heuristic-driven challenge.

Motivated by these limitations and the strong correlation
between Adam optimizer updates and gradient signal-to-
noise ratio (SNR) [Orvieto and Gower, 2025], we analyze the
heterogeneity of LLM architectures from the SNR perspec-
tive. Our analysis demonstrates that different modules expe-
rience systematically imbalanced effective signal strengths,
offering a principled explanation for a noise-damping deficit
of Adam in heterogeneous architectures that has not been sys-
tematically studied. This insight suggests that scaling learn-
ing rates according to each module’s SNR could naturally
rebalance updates, motivating our approach: Module-wise
Learning Rate Scaling via SNR (MoLS). MoLS estimates
module-level SNRs during a brief calibration phase and ap-
plies the resulting scaling factors to module-wise learning
rates. By doing so, MoLS provides an automated, lightweight
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solution to reduce signal-to-noise imbalance across modules,
reducing manual tuning and improving both convergence and
generalization. Our main contributions are listed as follows:

* SNR Analysis: We study module-level gradient statis-
tics from the perspective of SNR and analyze how they
relate to learning-rate scaling. Compared to prior works
that rely on Hessian-based or sharpness-related mea-
sures, our analysis reveals systematic imbalances of
SNR across LLM modules and offers an interpretable
explanation for the noise-dominated behavior observed
in high-noise components.

* SNR-Based Scaling Strategy: Based on the SNR anal-
ysis, we introduce a learning-rate scaling strategy based
on module-wise SNR estimates. SNRs are computed
during a short warm-up phase, after which learning rates
are gradually adjusted toward their target values. This
design avoids loss instability caused by abrupt learn-
ing rate scaling, introduces minimal additional compu-
tational overhead, and is fully compatible with standard
LLM training paradigms.

e Evaluation: We evaluate the effectiveness of our
method on a range of LLM benchmarks, where MoLS
effectively improves convergence speed and generaliza-
tion performance. Moreover, MoLS achieves perfor-
mance comparable to manually fine-tuned module-wise
learning rates, and is compatible with other memory-
efficient methods such as Adam-mini [Zhang et al.,
2025] and LoRA [Hu et al., 2022].

Overall, MoLS provides a statistically grounded and effi-
cient approach to module-wise learning-rate scaling in LLM
optimization.

2 Related Works

Efficient LLM Optimizers. Adaptive optimizers such as
Adam(W) [Kingma, 2014; Loshchilov and Hutter, 2017]
are commonly used in LLMs training.  Existing works
primarily focus on improving the performance and mem-
ory efficiency of Adam, including Nesterov-style momen-
tum [Dozat, 20161, confidence-guided updates [You et al.,
2020], parameter-noise-normalized SGD [Xu et al., 2024],
matrix-based preconditioners [Jordan et al., 2024; Vyas et al.,
20241, powered gradients [Wang et al., 2025b], clustering-
based learning rates [Li et al., 2025], block-shared normal-
izers [Zhang et al., 2025], and low-rank projection meth-
ods [Zhao et al., 2024; Zhu et al., 2024]. While effective,
these approaches either ignore the heterogeneity among LLM
modules or depend on complex optimization strategies.

Heterogeneity of LLM modules. LLMs contain multiple
functional modules that exhibit pronounced heterogeneity in
their optimization characteristics. Zeng et al. 2022 identi-
fied a significant inconsistency in the gradient scales between
the Embedding and other modules. Zhang et al. 2024 ana-
lyzed the block-diagonal structure of the Hessian across LLM
modules, revealing substantial variation in curvature statis-
tics. Focusing on self-attention, Ormaniec et al. 2024 ex-
amined Hessian blocks corresponding to the Query/Key and

Value/Output projections and identified clear differences be-
tween these submodules. Building on this, Wang et al. 2025a
analysed the module-wise sharpness in LLMs and argued that
heterogeneous modules may benefit from distinct learning
rates to accommodate their optimization landscapes. How-
ever, assigning module-wise learning rates makes hyperpa-
rameter tuning considerably more difficult.

Positioning of MoLS. MoLS is complementary to exist-
ing adaptive optimizers. Instead of altering Adam’s update
rule or introducing computationally expensive approxima-
tions, MoLS addresses a comparatively underexplored chal-
lenge: the imbalance in effective signal strength across model
modules arising from stochastic gradient noise. By estimat-
ing module-wise signal-to-noise ratios, MoLS offers a princi-
pled and lightweight mechanism for calibrating learning rates
at the module level. From this perspective, MoLS serves as
an automated and statistically grounded alternative to manual
module-wise learning rate tuning.

3 Motivation

In this section, we first introduce the update rules of
Adam [Kingma, 2014] and analyze the updates of Adam from
a Signal-to-Noise Ratio (SNR) perspective. We subsequently
introduce our Module-wise LR Scaling via SNR (MoLS).

3.1 The Noise-Damping Deficit in Adam

Adam(W) [Kingma, 2014; Loshchilov and Hutter, 2017] has
become the standard optimizer for training LLMs. Adam
maintains the first and second moments for each parameter
element in weight w as follows
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where 7; > 0 denotes the learning rate at time step ¢, and
€ is a small constant for numerical stability. The success of
the Adam optimizer lies in its ability to normalize gradient
scales, allowing for consistent progress across different di-
mensions of the loss landscape. Ideally, the first-moment es-
timate m? serves as a proxy for the mean of the gradients,
E[g], while the second-moment estimate v¢ approximates
the local curvature, corresponding to E[g®?] [Hwang, 2024;
Orvieto and Gower, 2025]. However, this interpretation as-
sumes that the second moment predominantly captures the
curvature of the loss surface. In the context of stochastic op-
timization, E[g®?] can be decomposed into the squared signal
and the gradient variance as follows

Wt+

2

E[g®?] = u®* 4+ o®2, 3)

where ¢ = E [g] denotes the true gradient signal and o2 =
Var(g) represents the stochastic noise.
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Figure 1: SNR variation across modules during training. The SNR variation trends across models of different sizes are similar, with a

decrease throughout the training. Throughout the training, the SNR of the VO module remains the highest, and the relative SNR relationships
between modules stabilize after the first 1% of iterations. Both the Emb and Head experience considerable noise in the early stages of training.

To quantify the impact of noise on optimization, we con-
sider the model parameters as a collection of matrices or ten-
sors {w,, }, where each module consists of a set of parame-
ters. For a given module w,,, we define the Effective Sig-
nal Step (D,,) as a measure of the module’s optimization
efficiency, which reflects the average optimization efficiency
across all parameters in the module. Specifically, for any pa-
rameter ¢ in module m, the effective signal step D; at time
step ¢ can be defined as

t

Dpi=E n:m’i ~ 2um’i -
Vi TE€ \/ Py T i @)

1 1
Ltop i/im; v L+1/Sm

where S, ; = % represents the SNR for the 4-th pa-
rameter, with ft,, ; and o i representing the expected gradi-
ent and variance for parameter ¢, respectively. The behavior
of Dy, ; characterizes how Adam adaptively. scales updates
based on the local signal integrity. To build-intuition, we ex-

amine two limiting cases:

* High SNR Regime (5, ; = 00): When the signal dom-
inates the noise, D,, ; approaches 1. In this case, the
update term M/+/V simplifies to sign(g), and Adam
effectively aligns with Sign Gradient Descent (SignGD)
[Bernstein et al., 2018]. This observation is consistent
with prior findings that sign-based methods can match
[Kunstner et al., 2023] or even outperform [Chen ef al.,
2023] Adam in certain settings.

* Low SNR Regime (S;,,; — 0): Conversely, when noise
overwhelms the signal where 0, i > W 5, Dip,i col-
lapses towards /S, ;. Here, the update magnitude is
heavily suppressed by the variance in the denominator,
leading to an unintended noise-damping effect.

In practice, the SNR of different model components varies
substantially over the course of training. In the early stages,
update directions tend to be more stable, with stronger sig-
nal components and higher effective SNR. Later in training,

as gradient magnitudes shrink and stochastic fluctuations be-
come comparable to the signal, the SNR typically decreases.
This shift is consistent with a transition from rapid progress
to fine-grained convergence.

3.2 Module-wise Rescaling via SNR

To estimate the dynamic changes in SNR across different
modules in LLM training, we group parameters by function-
ality (Embedding, Head, Query/Key, Value/Output, MLP)
and estimate the average SNR for each module as follows

[ W |

1
S = - S ‘)
m |Wm‘ i§=1 m,s

where m € {Emb, Head, QK, VO, MLP} and |w.,,| denotes
the number of parameters in w,,,. This grouping covers 99%
of the trainable parameters in LLMs, and because parameters
within the same module share similar properties, the resulting
module-level average SNR remains statistically meaningful.

This empirical analysis uncovers a pronounced imbalance
in SNR across different Transformer modules (Figure 1, and
Appendix). At a global level, the SNR of all modules ex-
hibits a gradual decline over the course of training, indicating
that optimization is approaching convergence and that the loss
landscape has transitioned into a relatively flat region. De-
spite this shared trend, substantial disparities emerge across
modules, particularly during the early stages of training. The
attention components, such as the Q/K and V/O, as well as
the MLP blocks consistently operate in a high-SNR regime,
enabling gradient updates that are largely sign-consistent and
dominated by informative signals. By contrast, the embed-
ding layers and the output head display significantly lower
SNR values, remaining below 0.1 even at initialization. As
a result, Adam’s updates become noise-dominated and tend
toward v/S,,.

This disparity implies that under a global learning rate 7,
the Embedding and Head layers are being “left behind” be-
cause their effective signal contribution is severely attenuated
compared to the VO baseline. To resolve this structural im-
balance, we propose the Relative Signal-wise Equilibrium
principle: the effective signal contribution of every module
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should be rescaled to match the baseline established by the
healthy reference module.

Considering that the damping factor in Adam follows an
inverse square root relationship with SNR (i.e., D,,, < v/Sp,),
we define the Relative Rescaling Factor («,,,) as

. = 1/\/ Sm _ Shase
" 1/\/ Sbase B Sm '

In this framework, the reference module’s scaling factor
Qpase 18 naturally anchored to 1.0, while noise-heavy modules
with S, < Spese receive a square-root-proportional boost to
their effective learning rate. We present the pseudo-code in
the Appendix.

&)

Comparison with Existing Works. Wang er al. 2025a
studied sharpness heterogeneity across LLM modules and
showed that module-wise learning rates can speed up train-
ing, but left tuning guidelines unspecified, requiring manual
adjustment. Similarly, Li et al. 2025 examined intra-layer
heterogeneity and proposed clustering-based scaling. Cru-
cially, MoLS eliminates the need for clustering heuristics or
hyperparameter tuning, offering a fully automated and prin-
cipled solution for module-wise learning rate configuration.

4 Methodology

In this section, we present our practical methodology, build-
ing directly upon the module-wise SNR analysis in the previ-
ous section. Our goal is to correct the structural imbalance in
Adam’s effective updates across Transformer modules using a
lightweight and scalable calibration, without introducing dy-
namic overhead or instability. We refer to our approach as
Module-wise LR Scaling via SNR (MoLS). We design the
method with the following considerations:

e Computation cost: Dynamic SNR estimation during
training is computationally expensive for LLMs.

 Training stability: Sudden changes in learning rate or
update can destabilize LLM training, causing spikes in
the loss. This requires additional transition intervals to
smooth the change of the learning rate.

* Empirical observation: We observe empirically that af-
ter the first 1% of training steps, module-level SNR mag-
nitudes tend to stabilize, which motivates a one-shot es-
timation during warm-up followed by smooth scaling of
module learning rates.

One-shot Module-wise SNR Estimation. We perform a
one-shot module-wise SNR estimation using a small set of
additional samples during the warm-up phase for each mod-
ule. The estimated SNRs are then used to compute the relative
scaling factors for each module.

Relative Signal-wise Rescaling. Let my,, denote a refer-
ence module with high SNR (e.g., the module with the largest
estimated SNR during warm-up). For module m, the scaling
factor is defined in equation 5. This factor is applied multi-
plicatively to the global learning rate. Once determined, the
factors remain fixed for the remainder of training.

Practical Integration. The method does not modify
Adam’s internal updates and incurs negligible overhead. By
distributing the scaling smoothly over the remaining warm-up
steps, we avoid abrupt learning rate changes, ensuring stable
training for large-scale LLMs.

5 Experiments

In this section, we experimentally validate the effectiveness
of our proposed method, focusing on both pre-training and
fine-tuning tasks. Detailed descriptions of experimental set-
tings can be found in the Appendix.

5.1 Pre-Training LLaMA Models

We show that MoLS can be incorporated into the Adam-style
optimizer in a plug-and-play manner while incurring negli-
gible computational overhead. Across different pre-training
datasets and models up to 7B parameters, MoLS achieves
faster convergence and lower perplexity compared to the
baselines.

Setup. All experiments use BF16 precision to save GPU
memory, and we follow the same LLaMA model settings as
those reported by Zhao et al. 2024. The default sequence
length is set to 256, with a total batch size of 512, and a gra-
dient clipping of 1.0. We apply linear warmup over the first
10% of training steps and cosine decay for the remainder. We
evaluate the effectiveness of MoLS under two settings: full-
rank pre-training on C4 [Raffel et al., 2020] and OpenWeb-
Text [Gokaslan et al., 2019] dataset, where we apply MoLS
on Adam. The other setting is memory-efficient pre-training
on C4, where MoLS is applied on Adam-mini.

Baselines. We consider a range of open-source LLM pre-
training optimizers as baselines, including Adam [Kingma,
2014; Loshchilov and Hutter, 2017], which is the stan-
dard optimizer used in LLM training. NAdam [Dozat,
2016], the Nesterov-accelerated version of Adam.
LAMB [You er al., 2020], an Adam variant with layer-
wise adaptive scaling. Muon [Jordan et al, 2024;
Liu et al, 2025], an SGD-with-momentum variant in-
corporating Newton—Schulz iterations. Furthermore,
we evaluate a set of memory-efficient optimizers, in-
cluding Adam-mini [Zhang er al, 2025], an Adam
variant with block-wise second-moment storage, Ga-
Lore [Zhao et al., 2024], and APOLLO [Zhu et al.,
2024].  For a fair comparison, all methods adopt an
identical learning rate search strategy, exploring the range
{le—4,2.5e—4,5e—4,1e—3,2.5e—3, 5e—3, le—2, 2.5e—2}.
We provide the full set of hyperparameters in the appendix.

Main Results. We report the final validation perplexity
(PPL) of LLaMA models ranging from 60M to 1.3B parame-
ters on the C4 dataset in Table 1 and a,, in the Appendix.
We further compare the wall-clock training time of Adam
and Adam + MoLS, from which several observations emerge.
First, MoLS consistently achieves lower final validation PPL
than all evaluated baselines, yielding up to a 1.06 PPL reduc-
tion over Adam on the 1.3B model. Second, MoLS introduces
negligible computational overhead. As shown in Table 2, the
additional cost incurred by SNR estimation accounts for less
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Figure 2: PPL curves for pre-training LLaMA-60M to 350M on OpenWebText dataset. MoLS outperforms the finely-tuned baselines

while maintaining a higher convergence rate.

Methods |  60M 130M 350M 1.3B resources, we do not include Nadam, LAMB, and Adam-
Z’(’;‘*”“’mm? with F””’fg(”slg ”/”"””;(2’";2 1795 1451 mini in this experiment, and present the validation PPL across
am 554 824 254 Sl .. .
NAdam 28.951422 % 421482 1 6.761422 1 5.061422 training steps in Table 3. Our MoLS reduces the final PPL by
LAMB 28.39. 11 2230405 16.691 05 13.744 oo 1.12 on LLaMA-3B and 1.69 on 7B. This effectively validates
Muon 28994 03 2273101 1723101 14.294 ¢ the effectiveness of MoLS on large-scale LLMs.
Adam+MoLsS 2848, 10 2194, ¢ 1641, 3 13.45. o
A Reduction -1.07 -0.88 -0.84 -1.06
Pre-training with Memory-efficient Optimizers Methods , 30K 60K 90K 120K 150K
Adam-mini 29.63i0_5 23~73i.01 17.83i_01 15~10i.00 o AN O S
GaLore 33241 05 2522400 186701 14.904 oo P/(. training LEaMA=3B
APOLLO 29924 15 2286100 16.661 07 14.204 oo 8-bit Adam 18.63 15.69 14.36 14.19 =
Adam-mini+MoLS | 28.49 o, 21.91.¢; 16.86. 03 13.57. o Muon 18.14 15.40 14.13 14.02 -
A Reduction -1.14 -1.82 -0.97 -1.53 GaLore 18.44 1598 1490 14.73 -
Training Tokens |  1.1B 2.2B 6.4B 13.1B APOLLO 19.49 1540 14.09 1375 -
8-bit Adam + MoLS | 17.81 14.51 13.26 13.07 -
Table 1: Final validation PPL (lower is better, 3 independent .
- Pre-training LLaMA-7B
runs for 60M to 350M models) for pre-training LLaMA mod- g ‘
els on the C4 dataset. Bold and green types denote the best results 8-bit Adam 18.73 16.13 14.56 13.40 13.23
and PPL reduction| of MoLS (blue background). Muon 18.16 1571 13.87 13.23 13.19
Gal.ore 18.35 15.63 14.33 13.77 13.69
APOLLO 18.49 15.17 13.54 12.80 12.63
than 2% of the total training time, making the overhead ef- 8-bit Adam + MoLS | 16.22 13.77 1234 11.70 11.54

fectively negligible. Moreover, since SNR estimation is per-
formed on the CPU, MoLS introduces no additional GPU
memory overhead. Third, MoLS delivers approximately 1.2 x
to 1.4x speedup over Adam with tuned hyperparameters and
exhibits faster early-stage convergence compared to LAMB.
Finally, MoLsS is fully compatible with memory-efficient opti-
mizers such as Adam-mini, reducing the final PPL by 1.53 on
the 1.3B model. Together, these results demonstrate the effec-
tiveness, efficiency, and broad applicability of MoLS across
model scales and optimization settings.

Table 3: Pre-training LLaMA-3B and LLaMA-7B models on the C4
dataset with gradient checkpointing.

5.2 Efficient Fine-Tuning

In this section, we validate our method on LLM downstream
tasks. We show that MoLS remains effective on these down-
stream tasks and is compatible with LoRA [Hu et al., 2022].

Setup. We employ four open-source pre-trained mod-
els in the fine-tuning experiments, including LLaMA-3.2-

Methods PPL Training Time (h) 1B/3B [Grattafiori et al., 2024], Gemma3-1B [Team ez
Adam 14.51 54.18 al., 2025], and Qwen2.5-7B [Qwen et al., 2024]. The
Adam + MoLS 13.45(+7.30%) 55.08(+1.66 %) downstream tasks are divided into two categories: SFT
Adam-mini 15.10 53.10 on 8 common-sense reasoning tasks, including Winogrande
Adam-mini + MoLS | 13.57(+10.1%) 54.01(+1.71%) (WG) [Sakaguchi er al., 20211, PIQA [Bisk et al., 20201,

Table 2: Gains vs Costs. Relative gainst in final PPL and costs/ in
total training time on pre-training LLaMA-1.3B.

Scaling up to Pre-Training LLLaMA-3B and 7B. We val-
idate MoLS on 8-bit Adam [Dettmers et al., 2021] for pre-
training LLaMA-3B and 7B models with gradient check-
pointing to save memory. Owing to limited computational

SIQA [Sap ef al., 20191, Open-BookQA (OBQA) [Mi-
haylov et al., 2018], HellaSwag (HS) [Zellers et al., 2019],
BoolQ [Clark et al., 2019], and ARC (ARC-Easy and ARC-
Challenge) [Clark et al., 2018]. The experimental setup fol-
lows Zhu et al. 2024; PEFT on MMLU [Hendrycks et al.,
2020] tasks, the implementation follows Zheng er al. 2024.

Baselines. For the common-sense reasoning tasks, we com-
pare against full-parameter baselines used in Section 5.1. For



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

Method | WG PIQA SIQA OBQA HS BoolQ Arc-E  Arc-C | Avg.
Adam 68.19 76.12 72.36 69.00 69.19 64.34 72.22 55.12 68.07
NAdam 67.91 76.20 70.77 68.21 69.03 63.77 73.31 55.20 68.05
Lamb 68.33 74.81 71.56 69.07 68.21 64.00 71.48 54.92 67.79
Muon 70.21 76.34 71.90 68.89 69.31 64.51 72.15 55.14 68.55
Adam + MoLS 70.47 77.61 72.41 70.33 69.18 64.40 73.73 55.36 69.18

Table 4: Evaluation results on Llama-3.2-1B for common-sense reasoning tasks.

PEFT experiments, we include Full-Adam, LoRA [Hu et al.,
20221, GaLore, and APOLLO as representative baselines.

Main Results. The SFT results are reported in Table 4,
while the MMLU accuracies under PEFT are summarized in
Table 5. Across common-sense reasoning benchmarks, MoLS
consistently matches or outperforms all baselines, achieving
up to a 1.11 average accuracy improvement over Adam. Fur-
thermore, MoLS integrates seamlessly with LoRA, yielding
additional accuracy gains on MMLU and underscoring the
versatility and robustness of the proposed approach.

Models | Methods | STEM Soc. Hum. Other | Avg.
Full 27.63 26.84 25.12 25.14 | 26.04
LoRA 26.61 2593 2478 25.02 | 25.48
Gemma3-1B GaLore 27.40 26771 2480 25.69 | 25.99
APOLLO 2747 27.14 2561 25.76 | 26.38
LoRA +MoLS | 27.51 2696 25.67 2549 | 2631
Full 46.55 65.81 49.16 63.17 | 55.48
LoRA 4722 6341 49.56 61.57 | 54.86
LLaMA3.2-3B | GaLore 46.62  65.58 48.37 6333 | 55.22
APOLLO 46.16 6591 49.03 62.80 | 55.29
LoRA +MoLS | 4734 6577 49.61 6241 | 55.62
Full OOM -
LoRA 67.69 8291 66.29 75.72 | 72.41
Qwen2.5-7B GaLore 68.32 82.87 66.08 76.10 | 72.55
APOLLO 68.49 8297 65.80 76.65 | 72.65
LoRA +MoLS | 68.71 8287 66.41 77.21 | 73.01

Table 5: PEFT results on MMLU tasks (1 A10040GB GPU). We
report the best accuracy obtained by sweeping the learning rate with
the range {1le—5, 2.5e—5, 5e—5, le—4, 1.5e—4; 2e—4}.

6 Additional Investigations

In this section, we present a set of supplementary empir-
ical studies aimed at_further evaluating the robustness and
generalization of MoLS. Specifically, our analysis covers
the following aspects: (i) pre-training on alternative model
architectures, including GPT-2 [Radford et al., 2019] and
Qwen2.5 [Qwen er al., 2024]; (ii) pre-training with extended
sequence lengths; (iii) pre-training with larger training token
budgets; (iv) comparisons against manually tuned module-
level learning rates; and (v) ablation studies examining the
role of SNR across different model modules. Moreover, we
provide a training loss analysis and ablation studies on SNR
estimation samples in the Appendix.

Pre-Training on GPT and Qwen Architectures. To fur-
ther assess the generality of our approach, we extend our
experiments beyond the LLaMA family and pretrain GPT-
2 [Radford et al., 2019] and Qwen2.5 [Qwen et al., 2024]

models on the C4 dataset. The quantitative results are sum-
marized in Table 6. Across both architectures, MoLS con-
sistently achieves lower final validation PPL. These results
demonstrate that MoLS is not specific to a particular model
family, but is broadly effective across diverse architectures.

Methods ‘ GPT2-125M - GPT2-355M Qwen2.5-350M
Adam 31.09 22.19 16.87
NAdam 30.26 21.55 16.48
LAMB 30.50 21.70 16.72
Muon 30.26 22.39 16.78
Adam+MoLS 29.65 21.66 16.34
Training Tokens | 1.1B 2.2B 6.4B

Table 6: Final validation PPL for pre-training GPT/Qwen on C4.

Pre-Training in the Long-Context Regime. Long-context
modeling is essential for effective reasoning in large lan-
guage models, yet training with extended sequence lengths
is more susceptible to optimization instabilities such as gra-
dient explosion or vanishing. To examine the robustness
of our method in this regime, we evaluate its performance
under long-context pre-training. Specifically, we pretrain a
LLaMA-130M model using a sequence length of 1024, while
keeping other experimental settings identical to Section 5.1.
The resulting validation PPL learning curves are presented
in Figure 4. As shown, MoLS consistently outperforms the
baselines even in the long-context setting, highlighting its ro-
bustness and effectiveness for large-scale LLM pre-training.

Pre-Training with Extended Token Budgets. Because
MoLS applies module-wise learning-rate scaling, certain
components are trained with larger effective learning rates,
which could render comparisons at a fixed number of train-
ing iterations potentially unfair. To mitigate this concern, we
evaluate all baseline methods under extended training sched-
ules, ensuring that optimizers with smaller learning rates are
afforded a sufficient number of optimization steps. Con-
cretely, we pretrain LLaMA-130M for 100k iterations, cor-
responding to approximately 5x the number of training to-
kens recommended by the Chinchilla scaling law [Hoffmann
et al., 2022]. The resulting performance curves are reported
in Figure 5. Even under prolonged training with substantially
increased token budgets, MoLS consistently maintains a clear
advantage. These results indicate that the observed gains are
not an artifact of faster early optimization, but persist over
long training horizons, effectively alleviating concerns about
insufficient optimization steps for the baselines.
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Figure 3: Final validation loss for pre-training LLaMA-130M on C4 by hand-tuned module-wise learning rate of Adam. We tune
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Figure 4: Pre-training LLaMA-130M with context length of 1024.
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Figure 5: Pre-training LLaMA-130M on 5x Chinchilla tokens.

Comparison with Hand-Tuned Module-Wise Learning
Rates. Our approach introduces an adaptive learning rate
at the module level. To assess whether the resulting scal-
ing is competitive with carefully selected alternatives, we
compare against manually tuned module-wise learning rates
as a baseline. Owing to the prohibitive computational
cost of exhaustive hyperparameter search, we restrict the
manual tuning to a small set of parameter groups guided
by prior empirical findings. Specifically, we set a base
learning rate for the QK and VO modules as Irpe €
{1e—3, 2.5e—3, 5e—3}. The learning rate for the MLP mod-
ules is defined as a multiple of the base rate, {7 = oump -
ITbase, amp € {0.25, 0.5, 1.0, 2.0, 5.0}, while the remain-
ing modules (e.g., embeddings and output head) use I7opers =
Qlothers * Tbase, Qothers € {1.0, 2.0, 5.0, 10.0, 20.0}. The re-
sults are summarized in Figure 3. Overall, our method out-
performs the majority of manually tuned configurations and
achieves performance close to the best hand-selected setting.

Ablation Study on Modules. We conduct ablation ex-
periments on module-scaling configurations, using different
grouping strategies to pretrain LLaMA-130M for SNR esti-
mation; the results are shown in Table 7. We can see that
finer-grained grouping leads to better improvements.

Grouping strategies | Loss  Reduction
Vanilla | 3.127 -

Attn; MLP 3.139  +0.012
Attn, MLP, Emb 3.103  -0.024
QK, VO, MLP, Emb 3.092 -0.035
QK, VO, MLP, Emb, Head | 3.088 - 0.039

Table 7: Ablation study on grouping strategies for pre-training
LLaMA-130M on C4.

7 Conclusion

In this paper, we propose Module-wise Learning Rate Scal-
ing via SNR (MoLS), a plug-and-play, automated module-
wise learning rate calibration method for large language
models that addresses the excessive suppression of effec-
tive update magnitudes in low SNR modules under Adam-
based optimizers. MoLS estimates the SNR of each func-
tional module during a brief warm-up phase and applies
module-level scaling to align the effective updates of noise-
dominated modules with those of high-SNR reference mod-
ules, such as value/output projections. Importantly, MoLS
introduces no additional hyperparameters and enables prin-
cipled module-wise learning rate allocation without manual
tuning. Extensive experiments on both pre-training and su-
pervised fine-tuning across multiple model families demon-
strate that the scaling factors estimated by MoLS closely
match manually optimized module-wise learning rates, lead-
ing to improved convergence speed and generalization. Fur-
thermore, MoLS is compatible with memory-efficient op-
timizers such as Adam-mini, making it suitable for large-
scale and resource-constrained training settings. Overall,
MoLS provides a simple yet effective mechanism for correct-
ing structural optimization imbalances in Transformer-based
models and highlights the importance of accounting for gra-
dient noise when designing optimization strategies for LLMs.
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