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Abstract

Extreme activation outliers in Large Language
Models (LLMs) critically degrade quantization
performance, hindering efficient on-device de-
ployment. While channel-wise operations and
adaptive gradient scaling are recognized causes,
practical mitigation remains challenging. We
introduce Outlier-Safe Pre-Training (OSP),
a practical guideline that proactively prevents
outlier formation, rather than relying on post-
hoc mitigation. OSP combines three key in-
novations: (1) the Muon optimizer, eliminat-
ing privileged bases while maintaining train-
ing efficiency, (2) Single-Scale RMSNorm, pre-
venting channel-wise amplification, and (3) a
learnable embedding projection, redistributing
activation magnitudes. We validate OSP by
training a 1.4B-parameter model on 1 trillion
tokens, which is the first production-scale LLM
trained without such outliers. Under aggressive
4-bit quantization, our OSP model achieves a
35.7 average score across 10 benchmarks (ver-
sus 26.5 for an Adam-trained model), with
only a 2% training overhead. Remarkably,
OSP models exhibit near-zero excess kurtosis
(0.04) compared to extreme values (1818.56)
in standard models, fundamentally altering
LLM quantization behavior. Our work demon-
strates that outliers are not inherent to LLMs
but are consequences of training strategies,
paving the way for more efficient LLM deploy-
ment. The source code and pretrained check-
points are available at https://github.com/
dmis-lab/Outlier-Safe-Pre-Training.

1 Introduction

Quantization has emerged as a practical solution
for deploying Large Language Models (LLMs) in
resource-constrained environments (Dettmers et al.,
2022). As modern LLMs often scale to hundreds
of billions of parameters, reducing the bit-width of
weights and activations can significantly decrease

*Corresponding author

36 38 40 42 44 46 48 50
Average Score on 10 Benchmarks (W16A16)

26

28

30

32

34

36

38

Av
er

ag
e 

Sc
or

e 
on

 1
0 

Be
nc

hm
ar

ks
 (W

4A
4)

Score Before and After Quantization

Muon (OSP)
Adam

Figure 1: Comparison of performance degradation pat-
terns under 4-bit quantization across different training
methodologies. Adam represents various open-source
LLMs trained with the Adam optimizer. Muon (OSP)
represents checkpoints from our model trained within
the Outlier-Safe Pre-Training (OSP) framework. Re-
sults demonstrate that our framework produces funda-
mentally different degradation characteristics compared
to conventional Adam-trained models.

memory consumption during inference. However,
the pervasive presence of outliers within LLM ar-
chitectures presents a fundamental obstacle to ef-
fective low-bit quantization.

Contemporary LLMs trained with standard opti-
mization techniques invariably develop outlier fea-
tures during pre-training, posing persistent chal-
lenges for quantization (Bondarenko et al., 2023;
He et al., 2024). Post-Training Quantization (PTQ)
methods have gained substantial attention for mit-
igating these outliers at inference time, enabling
immediate deployment without requiring costly re-
training. While PTQ offers a pragmatic solution, it
remains a reactive rather than preventive approach,
implicitly accepting outliers as an intrinsic property
of LLMs instead of addressing their root cause.

This raises a critical question: are outliers an
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Figure 2: Activation distribution analysis from the 20th layer input to Multi-Head Self-Attention (MHSA) and
Feed-Forward Network (FFN) modules in 1.4 billion parameter models trained on 100 billion tokens. Three
optimization strategies are examined: (a) standard Adam optimizer, (b) Muon optimizer without architectural
modifications, and (c) the Outlier-Safe Pre-Training (OSP) framework. The histograms reveal that substituting
Adam with Muon optimizer alone provides insufficient mitigation of activation outliers.

inevitable consequence of large-scale language
model training? Returning to first principles, the
ideal solution for robust quantization would be to
train LLMs in a way that inherently prevent outlier
formation during pre-training. Several recent stud-
ies have investigated the origins of outlier features
in LLMs, suggesting three distinct perspectives on
their root causes: channel-wise scaling factors in
normalization layers (Kovaleva et al., 2021; Wei
et al., 2022; He et al., 2024), the attention sink phe-
nomena (Bondarenko et al., 2023; Guo et al., 2024;
Gu et al., 2025), and diagonal optimizers such as
Adam and AdaFactor (He et al., 2024; Guo et al.,
2024). While each study has proposed methods to
mitigate outliers at the pre-training stage based on
these findings, existing approaches remain prelim-
inary, lacking consideration for production-level
scalability and practicality. Most are limited to
models with fewer than one billion parameters or
training corpora of under 100 billion tokens, and of-
ten overlook the computational overhead of alterna-
tive optimization strategies as well as compatibility
issues introduced by architectural modifications.

Therefore, we present the Outlier-Safe Pre-
Training (OSP) framework, a practical guideline
that integrates existing findings to enable the de-
velopment of quantization-friendly models at in-
dustrial scale. Our approach prioritizes three key
objectives: (1) scaling to production-level training
requirements, (2) maintaining computational effi-
ciency comparable to standard methods, and (3)
ensuring complete architectural compatibility with
existing inference pipelines.

Our empirical results demonstrate that the model
trained with the OSP framework remains free of
outlier features over the course of training on one
trillion tokens. Our methodology reduces memory
usage by 33% compared to standard approaches
and maintains competitive performance, with only
a 2% increase in training time. Under aggressive
4-bit weight and activation quantization, our model
significantly outperforms comparable open-source
alternatives. Moreover, our approach is orthogo-
nal to existing PTQ techniques, enabling comple-
mentary performance gains when combined with
post-training quantization.
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Beyond quantization performance, our work pro-
vides new insights into outlier-free model behavior.
Notably, our analysis reveals that attention sinks
persist even in the absence of outliers, suggest-
ing they are not inherently responsible for outlier
formation. While Bondarenko et al. (2023) has at-
tributed outliers to attention sinks implemented via
extreme negative attention logits, our outlier-free
models exhibit similar behavior via concentrated
positive attention on specific tokens, without the
emergence of massive activations. This finding
challenges existing assumptions about the relation-
ship between attention mechanisms and outliers.
By publicly releasing the first production-scale
outlier-free LLM, we enable further investigation
into how the absence of outliers affects other emer-
gent properties of large language models.

2 Related Works

2.1 Quantization

Quantization reduces the precision of weights and
activations by mapping continuous floating-point
values to discrete integers. For an n-bit quantiza-
tion, floating-point value x is mapped to a discrete
integer representation through:

x̂int = clip
(⌊x

s

⌉
+ z, 0, 2n − 1

)
, (1)

where s denotes the scale factor and z represents
the zero-point offset. The presence of outliers catas-
trophically inflates the scale factor, resulting in se-
vere rounding errors and substantial information
loss in low-bit settings.

To mitigate this challenge, the research com-
munity has pursued two primary directions.
Quantization-Aware Training (QAT) enhances
model robustness to quantization during the train-
ing process (Liu et al., 2024b; Chen et al., 2024).
However, rather than eliminating outliers directly,
QAT simulates quantization errors during training
to improve tolerance to discretization errors. More-
over, this simulation significantly impedes training,
making it impractical for large-scale deployment.

In contrast, Post-Training Quantization (PTQ)
improves quantization performance of pre-trained
models without additional training. PTQ encom-
passes various techniques: allocating higher pre-
cision exclusively to outlier channels (Dettmers
et al., 2022; Kim et al., 2024), leveraging the Hes-
sian of quantization error for optimal weight round-
ing (Frantar et al., 2023), and utilizing activation

statistics (Xiao et al., 2023; Lin et al., 2024). A par-
ticularly notable advancement involves applying
random rotation matrices, which effectively redis-
tribute outliers across different channels for both
activations and weights without requiring architec-
tural modifications (Chee et al., 2023; Tseng et al.,
2024; Ashkboos et al., 2024b).

Despite their sophistication, these PTQ methods
fundamentally accept outliers as an intrinsic char-
acteristic of LLMs, operating under the assump-
tion that specific outlier channels persist across
all token positions. Rather than preventing outlier
formation, PTQ techniques represent sophisticated
workarounds that manage the symptoms while leav-
ing the underlying cause unaddressed.

2.2 Massive Activations and Attention Sinks

Meanwhile, recent studies have identified a distinct
class of outliers in LLMs, referred to as massive
activations (Sun et al., 2024). Unlike conventional
outliers that appear in specific channels, massive
activations exhibit sporadic behavior, emerging un-
predictably in particular layers and predominantly
within start tokens or delimiter tokens (Sun et al.,
2024; Barbero et al., 2025).

Emerging evidence indicates a strong correla-
tion between massive activations and attention
sinks (Xiao et al., 2024), where attention layers
excessively focus on specific tokens throughout
the sequence. Bondarenko et al. (2023) posit that
attention layers occasionally perform partial resid-
ual state updates by assigning attention weights to
semantically unimportant tokens, effectively imple-
menting a "no-op" operation. To achieve near-zero
softmax values for most tokens, models drive atten-
tion logits toward negative infinity, inadvertently
generating massive activations as a byproduct of
this cancellation.

This understanding has motivated several re-
search directions aimed at mitigating attention
sinks to address quantization challenges. These ap-
proaches primarily target the attention mechanism
through architectural modifications (Bondarenko
et al., 2023; Guo et al., 2024; Gu et al., 2025) or
adjustments to key-value caches (Liu et al., 2024a;
Son et al., 2024). Nevertheless, empirical results
demonstrate only limited performance gain, and
growing evidence suggests that massive activations
and outlier features underlie different mechanisms
(Sun et al., 2024; Guo et al., 2024).
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2.3 Privileged Bases and Diagonal Optimizers

An alternative interpretation of outlier emergence
in neural networks centers on the concept of priv-
ileged bases (Elhage et al., 2023). Element-wise
operations such as non-linear activation functions
and channel-wise scaling factors in normalization
layers induce a form of basis alignment wherein cer-
tain channels disproportionately accumulate mag-
nitude. This observation has motivated previous
efforts to manipulate normalization layers for out-
lier mitigation (Kovaleva et al., 2021; Wei et al.,
2022; He et al., 2024).

Remarkably, recent studies suggest that the pri-
mary cause of outlier formation may not lie in
architectural design, but rather in the adaptive
gradient scaling mechanisms of optimizers (El-
hage et al., 2023; Caples and Neuhaus, 2024; He
et al., 2024; Guo et al., 2024). Optimizers such
as RMSProp, Adam, and AdaFactor maintain run-
ning statistics of per-parameter gradient variance,
applying element-wise standardization during pa-
rameter updates. This scaling strategy, often called
diagonal preconditioning, introduces a preferential
basis that can encourage outlier emergence.

Second-order optimizers that leverage Hessian
matrix are proposed as alternatives to diagonal op-
timizers. By incorporating loss landscape curva-
ture rather than rescaling gradient elements, these
methods achieve faster convergence than first-
order optimizers. K-FAC (Martens and Grosse,
2015) approximates the Hessian matrix using the
Fisher information and constructs block-diagonal
approximations layer-wise through Kronecker fac-
torization instead of computing curvature for all
parameters. Shampoo (Gupta et al., 2018) and
SOAP (Vyas et al., 2024) further reduce computa-
tional complexity by introducing separate precon-
ditioners for each tensor dimension.

3 Outlier-Safe Pre-Training

While recent investigations have proposed explana-
tions for the emergence of outliers in LLMs, trans-
lating these insights into production-scale solutions
remains challenging. Architectural modifications
that eliminate privileged bases, including gating
modules (Bondarenko et al., 2023) or the normal-
ization layer removal (He et al., 2024), break com-
patibility with established inference frameworks.

Similarly, non-diagonal optimizers still impose
prohibitive computational costs even with various
approximation techniques. Our experiments show

Optimizer TPS (Relative) Memory Usage Build Time

Adam 4.07M (100%) O
(
36LD2

)
2m 30s

Muon 3.99M (97.9%) O
(
24LD2

)
3m 48s

Shampoo† 3.07M (75.5%) O

(
338

3
LD2

)
24m 24s

SOAP – O

(
302

3
LD2

)
≥ 3 hours

Table 1: Training throughput comparison across differ-
ent optimizers estimated on TPU-v4 512 Pod Slice in-
frastructure. TPS denotes tokens processed per second
during training operations. Theoretical memory usage
requirements and code compilation time (Build Time)
on JAX (Bradbury et al., 2018) framework are reported.

that second-order methods require three times the
memory footprint of Adam and reduce training
throughput by 25% (see Table 1). Such overheads
make them impractical for trillion-token scale pre-
training scenarios.

We present the Outlier-Safe Pre-Training
(OSP) framework, which synthesizes prior insights
while operating within production constraints. Our
approach comprises three components that main-
tain the training costs and preserve the canonical
transformer design, ensuring compatibility with
existing inference systems and post-training tech-
niques for complementary performance gains.

3.1 Integration of the Muon Optimizer
The foundation of our framework rests upon the
integration of the Muon optimizer (Jordan et al.,
2024), which represents a fundamental departure
from diagonal preconditioning paradigms. Us-
ing the Newton-Schulz algorithm (Schulz, 1933;
Higham, 2008), Muon iteratively transforms the
gradient matrix to approximate orthogonalization
according to:

G = UΣV T 7→ UV T , (2)

where U ∈ Rm×m and V ∈ Rn×n are the singular
vectors, and Σ ∈ Rm×n is the diagonal matrix of
singular values.

This algorithm distinguishes Muon from adap-
tive optimizers including Adam and AdaFactor.
Muon maintains only gradient momentum with-
out element-wise scaling and applies parameter
updates through full-rank linear transformations.
This algorithm eliminates privileged bases inherent
to diagonal preconditioning, preventing systematic
channel amplification and outlier occurrence.

Although technically classified as first-order op-
timization, Muon exhibits convergence properties
comparable to second-order optimizers (Jordan
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et al., 2024). Recent theoretical analyses (Bern-
stein and Newhouse, 2024b,a; Duvvuri et al., 2024)
have established that Muon’s update rule converges
to that of Shampoo in the limiting case where pre-
conditioner accumulation is disabled. This equiv-
alence elucidates Muon’s efficiency gains, which
are achieved without explicit Hessian computation
or gradient preconditioning, reaching 97.9% of the
training throughput of standard Adam (see Table

Prior to our investigation, the scalability of
Muon to billion-parameter architectures trained
on trillion-token corpora has remained unex-
plored. We provide the first empirical valida-
tion demonstrating that Muon successfully scales
to production-level training while maintaining its
outlier-prevention properties throughout the pre-
training process.

3.2 Single-Scale RMSNorm

Despite eliminating optimizer-induced privileged
bases via the Muon optimizer, channel-wise scal-
ing factors within normalization layers constitute
an explicit basis alignment (Wei et al., 2022; He
et al., 2024; Nrusimha et al., 2024), necessitating
careful architectural modifications to achieve com-
prehensive outlier prevention.

Qin et al. (2023) proposed Simple RMSNorm
(SRMSNorm), which removes the entire learn-
able parameters and instead divides vectors by

√
d,

where d denotes the vector dimensionality. While
this approach demonstrates effectiveness in prevent-
ing outlier emergence (He et al., 2024), our initial
experiment reveals preliminary limitations that im-
pede practical deployment. Specifically, dividing
normalized vectors by

√
d causes severe activa-

tion magnitude suppression during initial training
phases, substantially slowing convergence. Con-
versely, fixing the scale to 1.0 leads to training
instability as the model matures.

This phenomenon indicates that transformer ar-
chitectures require dynamic scaling of activation
magnitudes during training. To address these
limitations, we propose Single-Scale RMSNorm
(SSNORM), which introduces to uniformly control
activation magnitude across all dimensions. The
SSNORM layer is defined as:

SSNORM(x) = γ
x

∥x∥2
, (3)

where γ ∈ R represents the scaling parameter. This
design enables adaptive adjustment of activation

scales while eliminating the channel-wise multi-
plication. By constraining all dimensions to share
a single scaling factor, SSNORM fundamentally
prevents the emergence of privileged coordinates
while maintaining stable optimization dynamics.

3.3 Decoupled Embedding Optimization

The final component of our framework addresses
the computational challenges posed by embedding
layers in modern LLMs. As vocabulary sizes con-
tinue to expand, embedding matrices have grown
to constitute a substantial fraction of model param-
eters. The high dimensionality of these matrices
presents significant computational bottlenecks for
non-diagonal optimizers. Our empirical analysis re-
veals that applying orthogonalization to embedding
layers incurs an additional 6% throughput degrada-
tion beyond the baseline computational cost.

To address this computational challenge, our
framework maintains Adam optimization exclu-
sively for the embedding layers. This approach
aligns with Jordan et al. (2024), who demonstrate
that decoupling embedding matrices from Muon
and training them with Adam achieves better con-
vergence properties. For all experiments, we adopt
decoupled optimization as the default configuration
for embedding layers within the OSP framework.

Since this decoupling strategy potentially reintro-
duces outliers through the embeddings, our frame-
work further introduces a learnable full-rank em-
bedding projection, positioned after the embedding
layer and before the unembedding layer, which we
refer to as EMBPROJ. These matrices, inspired by
PTQ methods (Chee et al., 2023; Ashkboos et al.,
2024b; Liu et al., 2024c), redistribute any emerg-
ing outliers across different dimensions, preventing
their concentration and propagation through other
layers. The matrices can be absorbed into their
adjacent embeddings after training, maintaining
computational invariance (Ashkboos et al., 2024a).
We employ orthogonal initialization to maintain
the initial norm distribution of embedding vectors,
thereby preserving training dynamics from initial-
ization.

4 Experiments

4.1 Outlier Quantification

Prior to conducting our experimental evaluation,
we establish a systematic approach for quantifying
outlier emergence within model activations. Fol-
lowing established practices in the previous litera-
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Optimizer SSNORM EMBPROJ Ex. Kurt. Had. 16-16-16 4-8-16 4-8-8 4-4-16 4-4-4
Avg. PPL Avg. PPL Avg. PPL Avg. PPL Avg. PPL

Adam ✗ ✗ 1818.56
✗ 41.5 11.4 39.7 21.6 39.7 21.6 26.5 1e5 26.8 8e4
✓ 41.5 11.4 40.2 22.3 40.3 22.3 27.2 3e4 26.9 3e4

Muon†

(w/o Adam)
✗ ✗ 361.35

✗ 41.0 11.7 38.4 14.8 38.3 14.8 26.3 1e6 26.3 8e5
✓ 41.0 11.7 37.5 15.4 37.5 15.4 33.3 24.5 33.1 24.8

Muon ✗ ✗ 1575.12
✗ 41.5 11.4 40.0 13.8 40.0 13.8 29.4 934.3 29.0 1e4
✓ 41.5 11.4 40.6 12.9 40.6 12.9 38.6 15.7 38.4 15.8

Muon ✓ ✗ 66.69
✗ 41.8 11.2 41.0 12.4 40.9 12.4 36.6 43.3 36.4 44.2
✓ 41.8 11.2 40.8 12.2 40.8 12.2 38.6 33.7 38.3 34.1

Muon ✗ ✓ 703.23
✗ 40.0 12.3 38.4 14.8 38.4 14.8 31.0 99.7 30.4 114.6
✓ 40.0 12.3 39.2 13.9 39.3 13.9 36.3 22.1 36.2 22.3

Muon
(OSP)

✓ ✓ 0.04 ✗ 41.4 11.2 40.6 12.2 40.6 12.2 37.9 19.4 37.5 19.6
✓ 41.4 11.2 40.5 12.1 40.5 12.1 39.1 13.4 38.9 13.5

Table 2: Ablation study examining models trained on 100 billion tokens. SSNORM indicates single-scale RMSNorm
integration, while EMBPROJ denotes models incorporating learnable embedding projection layers. Ex. Kurt
represents excess kurtosis measurements, and Had. indicates online Hadamard transformation applied to Feed-
Forward Network (FFN). Bit-width configurations (e.g., 16-16-16, 4-8-16) specify quantization precision for weights,
activations, and key-value cache respectively. Avg. presents average performance across 10 LLM benchmarks,
while PPL reports WikiText-2 perplexity. †Model configuration that disables decoupled embedding optimization by
training with Muon optimizer without Adam optimization on embedding layers (Section 3.3).

ture (He et al., 2024; Caples and Neuhaus, 2024),
we employ excess kurtosis to quantify the degree
of outlier concentration:

Kurt[X]− 3 = E

[(
X − µ

σ

)4
]
− 3, (4)

where µ and σ denote the mean and standard de-
viation of activation X , respectively. This metric
effectively captures the heavy-tailed nature of dis-
tributions containing outliers, with higher values
indicating greater outlier presence.

4.2 Experimental Setup

We evaluate our framework through comprehensive
experiments on 1.4B-parameter LLaMA (Touvron
et al., 2023) architecture. Our experimental design
examines quantization performance across differ-
ent optimizers and architectural modifications to
validate the effectiveness of our approach at scale.

We assess model performance using perplexity
on WikiText-2 (Merity et al., 2016) and accuracy
across 10 downstream benchmarks: ARC (Clark
et al., 2018), CommonsenseQA (Talmor et al.,
2019), GSM8k (8-shot) (Cobbe et al., 2021), Hel-
laSwag (Zellers et al., 2019), MMLU (Hendrycks
et al., 2021), OpenBookQA (Mihaylov et al., 2018),
PIQA (Bisk et al., 2020), SIQA (Sap et al., 2019),
TriviaQA (5-shot) (Joshi et al., 2017), and Wino-
Grande (Sakaguchi et al., 2020). This extensive
evaluation protocol ensures thorough assessment

of both the quantization robustness and the gen-
eral capabilities of models trained with the OSP
framework.

4.3 Ablation Study

To systematically evaluate the contribution of each
component within the OSP framework, we con-
duct comprehensive ablation studies on a subset
of the training corpus comprising 100 billion to-
kens. This controlled experimental setting enables
detailed analysis of how various architectural and
optimization choices impact quantization robust-
ness while maintaining computational feasibility.

We assess quantization robustness using two
complementary approaches: round-to-nearest
(RTN) quantization, and online Hadamard transfor-
mations within feed-forward network layers (Chee
et al., 2023; Liu et al., 2024c) that rotate hidden
states to address inherent quantization challenges.
Each experimental configuration undergoes evalua-
tion across four quantization scenarios (Table 2).

The results presented in Table 2 demonstrate that
our pre-training strategy achieves the highest quan-
tization resilience. This configuration attains near-
zero excess kurtosis in activation distributions and
maintains model performance under both RTN and
Hadamard rotation-based quantization. The activa-
tion histograms displayed in Figure 2 particularly
highlight the effectiveness of our approach, and the
training dynamics illustrated in Figure 3 show that
the OSP framework uniquely maintains low kur-
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Figure 4: WikiText-2 perplexity under varying weight
and activation quantization bit-widths for models trained
on 100B tokens. Three configurations are compared:
standard Adam, Muon, and the OSP framework.

tosis throughout training, providing evidence that
our methodology fundamentally eliminates outliers
rather than merely reducing them.

Table 2 also presents ablation studies that ex-
amine the individual contributions of OSP compo-
nents: the Muon optimizer, SSNORM, and EM-
BPROJ. When using the Muon optimizer as the
baseline, switching to the Adam optimizer results
in a further increase in kurtosis. While both SS-
NORM and EMBPROJ independently reduce kurto-
sis substantially compared to Muon alone, the train-
ing logs in Figure 3 indicate that neither component
using Muon alone is sufficient to prevent outlier
emergence. This observation suggests that once
outliers begin to form at any point in the network,
they propagate throughout the entire architecture,
ultimately degrading quantization performance.

Figure 4 provides comprehensive visualization
of perplexity degradation on WikiText-2 across var-
ious quantization bit-widths. Our proposed method
consistently preserves model performance across
all quantization levels, with particularly excep-

tional performance in the challenging 4-bit regime.
Notably, the stability of the performance degra-
dation curve for weights down to 3-bit quanti-
zation suggests that our approach fundamentally
transforms the model’s quantization characteristics
rather than merely shifting the performance degra-
dation baseline.

4.4 Scaling Up to 1 Trillion Tokens

Having demonstrated the preliminary effectiveness
of the OSP framework, we scale training to one
trillion tokens, matching the scale commonly em-
ployed in production environments. While our 100-
billion token experiments have confirmed the ab-
sence of outlier emergence, model behavior at sub-
stantially larger scales remains uncertain. There-
fore, validating the effectiveness of each compo-
nent at production scale constitutes a critical step
in verifying the robustness of our framework.

Consistent with our preliminary findings, the kur-
tosis trajectory demonstrates that the OSP frame-
work successfully prevents divergence throughout
the entire training process. This result is particu-
larly significant, as it confirms OSP’s effectiveness
at the corpus scale in actual production deploy-
ments. Unlike previous research limited to pre-
liminary experimental scales, our OSP framework
provides practical guidelines capable of prevent-
ing outlier formation at production scale. Further
details are provided in Figure 7.

Subsequently, Table 3 presents comprehensive
benchmark results for 4-bit quantization across 12
open-source LLMs of comparable scale. The ma-
jority of baseline models experience severe accu-
racy degradation under low-bit quantization, with
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Model Params. Tokens ARC CSQA GSM8K HS MMLU OBQA PIQA SIQA TQA WG Avg.

Pythia 1.4B 0.3T 27.2 21.5 0.0 25.8 26.2 24.8 53.2 37.2 0.0 49.0 26.5
TinyLlama 1.1B 2T 28.3 22.9 0.0 26.6 26.2 21.2 48.7 40.7 0.0 49.0 26.4
OPT 1.3B 0.3T 25.0 21.6 0.0 26.5 25.6 28.2 49.6 36.9 0.0 49.5 26.3
OLMo 1.2B 3T 27.7 25.8 0.0 27.0 26.1 25.8 54.1 37.4 0.0 51.9 27.6
MobileLLAMA 1.4B 1.3T 27.4 23.5 0.0 26.7 26.0 22.4 49.6 38.3 0.0 49.6 26.4
Qwen 1.5 1.8B 2.4T 27.2 25.4 0.0 28.3 25.7 25.0 54.1 39.1 0.0 49.3 27.4
Qwen 2 1.5B 7T 30.9 27.7 0.4 35.7 26.2 28.4 56.5 38.3 0.8 48.6 29.3
Qwen 2.5 1.5B – 27.7 25.0 0.0 26.9 25.7 24.0 52.2 38.4 0.0 47.5 26.7
LLAMA 3.2 1.2B – 29.3 24.7 0.5 30.1 25.8 27.4 53.3 39.5 0.1 50.3 28.1
Stable LM 2 1.6B 2T 26.2 24.0 0.0 27.0 24.6 27.0 51.1 37.8 0.0 51.1 26.9
SmolLM 1.7B 1T 28.4 25.7 0.0 27.0 26.1 28.0 51.0 38.8 0.0 48.4 27.3
SmolLM 2 1.7B 11T 25.8 22.4 0.0 25.9 24.2 26.6 51.5 36.0 0.0 50.0 26.2

From Scratch

Adam 1.4B 1T 25.7 25.3 0.0 26.8 25.4 26.0 49.0 37.2 0.0 49.9 26.5
Muon (OSP) 1.4B 1T 45.9 36.2 0.5 44.9 31.1 34.0 65.6 41.3 7.8 49.8 35.7

Table 3: Performance evaluation of 4-bit quantization across 12 open-source large language models and our two
models trained from scratch, assessed across 10 benchmark tasks. Model parameters (Params.) represent total
trainable parameters, while Tokens indicate training dataset size. Evaluation benchmarks include CommonsenseQA
(CSQA), HellaSwag (HS), OpenBookQA (OBQA), TriviaQA (TQA), and WinoGrande (WG), among others.
Results demonstrate the impact of extreme quantization on model performance, with the model trained using the
OSP framework exhibiting superior quantization robustness across the comprehensive benchmark suite.

Quantization Adam Muon (OSP)

RTN 14475.51 38.92
+ Hadamard† 4794.00 18.71
+ GPTQ 3723.46 14.14
+ SpinQuant 14.94 13.66

Table 4: WikiText-2 perplexity after applying various
PTQ methods under 4-bit quantization. Minimal meth-
ods (Hadamard and GPTQ) show limited effectiveness
on Adam. Models trained with OSP demonstrate consis-
tently superior performance across all scenarios. †Only
applies Hadamard transform to FFN hidden states.

performance on multiple-choice benchmarks such
as ARC and CommonsenseQA deteriorating to
near-random baselines (25%). In contrast, our ap-
proach demonstrates substantially stronger perfor-
mance retention, indicating that our framework pre-
serve quantization resilience more effectively.

5 Analysis

5.1 Complementary Benefits with
Post-Training Quantization

To further investigate the practical implications of
our framework, we examine how models trained
with OSP perform when combined with existing
PTQ techniques. Unlike architectural modifica-
tions that alter model structure, our approach main-
tains computational invariance while exhibiting
fundamentally different quantization characteris-
tics. This raises an important question: does the

absence of outliers eliminate the need for PTQ?
Table 4 demonstrates that our model trained

under OSP achieves complementary performance
gains when combined with PTQ methods. This
finding is particularly significant because, unlike
Quantization-Aware Training (QAT), our frame-
work does not incorporate explicit quantization ob-
jectives during pre-training. Rather, our primary
goal centers on eliminating the outlier features that
fundamentally impede quantization, thereby creat-
ing models with inherently superior quantization ro-
bustness. While our framework demonstrates con-
sistent perplexity improvements over RTN quanti-
zation across various PTQ scenarios, the gains are
less pronounced than those achieved with Adam.
Crucially, however, our approach consistently out-
performs Adam across all evaluation settings. This
pattern suggests that our approach provides a better
foundation for subsequent PTQ calibration.

5.2 Attention Sinks without Outliers

We conduct a qualitative analysis to examine the
internal dynamics of models when outliers are
eliminated. Following previous studies that have
conceptualized outliers as byproducts of attention
sinks, we investigate whether the attention sink phe-
nomenon disappears when massive activations are
mitigated.

Following Bondarenko et al. (2021), we initially
identify activations that exceed 6 standard devia-
tions from the mean. As a result, models trained
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Figure 5: Activation magnitudes of query and key to-
kens within attention sink heads comparing Adam and
OSP models. Adam models exhibit concentrated acti-
vation patterns with sparse high-magnitude channels,
while OSP demonstrates broadly distributed activation
patterns across multiple channels.
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Figure 6: Attention logit distributions at sink token posi-
tions comparing Adam and OSP training. Adam models
exhibit skewed distributions with predominantly neg-
ative logits, while OSP models demonstrate balanced
distributions between sink tokens and other positions.

with Adam exhibit massive activations concen-
trated in delimiter tokens and similar positions, con-
sistent with prior findings. In contrast, our frame-
work demonstrates complete absence of such mas-
sive activations across all examined components.

Despite the elimination of massive activations,
attention sink patterns still persist in our mod-
els. Following the analytical approach of Gu et al.
(2025), we apply threshold-based filtering to iden-
tify cases where attention concentrates heavily on
initial tokens. This analysis confirms that OSP-
trained models continue to exhibit substantial at-
tention sink behavior, raising important questions
about the underlying mechanisms linking attention
patterns to outlier formation.

To address this apparent contradiction, we con-
duct a preliminary analysis by examining the dis-
tributional characteristics of attention mechanisms
in both training paradigms. Figure 5 visualizes
the query and key activation magnitudes within at-
tention heads that exhibit sink behavior. Models
trained with Adam demonstrate a concentration of

massive values within a small number of outlier
channels, while the OSP-trained model distributes
these magnitudes broadly across multiple channels.

This distributional difference is directly related
to the attention logit patterns illustrated in Figure 6,
which compares the logit distributions between sink
tokens and other sequence positions. For mod-
els prone to massive activations, the concentration
of large values in overlapping channels generates
predominantly negative logits across most tokens.
Conversely, OSP-trained models achieve more uni-
form distributions, resulting in balanced logits be-
tween sink tokens and the broader token sequence.

Since softmax normalization operates on rela-
tive logit differences rather than absolute values,
models can achieve effective "no-op" operations
without driving attention logits toward negative in-
finity. Our analysis suggests that attention sinks do
not inherently cause massive activations. Rather,
models prone to outlier formation tend to the nega-
tive infinity strategy as a computational solution for
implementing "no-op" operations within training
dynamics that favor concentrated channel activa-
tions.

6 Conclusion

We present the Outlier-Safe Pre-Training (OSP)
framework, which prevents emergence of activa-
tion outliers during LLM training by replacing
Adam with the Muon optimizer, adopting Single-
Scale RMSNorm, and incorporating learnable
embedding projections. Our approach achieves
production-scale efficiency by training a 1.4B
model on 1 trillion tokens with only 2% overhead
compared to Adam, while fundamentally improv-
ing quantization robustness. The resulting model
maintains strong performance under aggressive
4-bit quantization where comparable models fail
catastrophically. By preventing outliers instead
of mitigating them post-hoc, OSP enables robust
low-bit deployment without architectural modifica-
tions at inference time or costly quantization-aware
training. Our publicly released model provides
the first demonstration that outlier-free training is
both feasible and practical at scale, opening new
possibilities for efficient LLM deployment.

Limitations

Our study focuses primarily on Muon without ex-
tensive comparisons to other second-order methods
like Shampoo or SOAP. This limitation stems from
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practical constraints: TPU compilation time for
training pipelines often exceeds one hour, mak-
ing comprehensive optimizer ablation studies pro-
hibitively time-consuming given our available com-
putational resources.

Additionally, while our experiments demonstrate
effectiveness on a 1.4B-parameter model, we have
not yet explored the impact across a range of model
sizes, particularly the 3B and 7B parameter scales
commonly targeted for mobile deployment. Look-
ing ahead, we plan to extend our analysis to these
larger models. Our distributed implementation of
Muon in JAX achieves comparable efficiency to
Adam, making such broader experiments computa-
tionally feasible.
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A Appendix

A.1 Additional Training Details

For training data, we adopt a corpus composition
similar to Allal et al. (2025), leveraging carefully
validated mixture of high-quality datasets. This cor-
pus comprises FineWeb-Edu (Lozhkov et al., 2024),
FineMath (Allal et al., 2025), Cosmopedia (Ben Al-
lal et al., 2024), and Python codes sampled from
the StarCoder (Li et al., 2023) training set. The
selection of this data mixture enables direct com-
parison with existing benchmarks while ensuring
robust evaluation across various downstream tasks.

Our training infrastructure utilizes a TPU v4-512
Pod Slice, enabling efficient distributed training at
scale. We conduct comparative experiments be-
tween the standard Adam optimizer with a learning
rate of 5 × 10−3 and the Muon optimizer with a
learning rate of 5 × 10−4. The training configu-
ration maintains a batch size of 4 million tokens
with a sequence length of 2048 tokens, applying
weight decay of 0.01 across all experiments. We
adopt trapezoidal learning rate scheduling (Hägele
et al., 2024; Wen et al., 2024), wherein the learning
rate increases linearly from zero to its maximum
value over the first 5 billion tokens, maintains this
peak throughout the majority of training, and subse-
quently decays to zero during the final 20% steps.

To achieve optimal training throughput, we im-
plement Fully-Sharded Data-Parallel (FSDP) (Xu
et al., 2020) with parameters distributed across 16
accelerator cores. For Muon optimization, we de-
velop a distributed variant that partitions gradients
across 8 dedicated optimizer-parallel ranks, where
Newton-Schulz iterations are performed indepen-
dently on each rank. This parallelization strategy
enables efficient orthogonalization of large gradient
matrices without communication bottlenecks.

A.2 Comprehensive Benchmark Results for
Open-Source LLMs

Table 5 presents the performance across 10 bench-
marks without quantization. In particular, the
model trained under our framework achieves com-
parable performance to the open-source models
trained with Adam optimizer, confirming the suc-
cessful application to trillion-token scale training.

A.3 Training Dynamics Over 1T Token Scale

Figure 7 illustrates the evolution of training loss
and excess kurtosis throughout the one-trillion to-
ken training process, mirroring our ablation study
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Model Params. Tokens ARC CSQA GSM8K HS MMLU OBQA PIQA SIQA TQA WG Avg.

Pythia 1.4B 0.3T 41.3 35.4 2.4 50.8 31.3 34.6 71.1 43.5 9.2 55.2 37.5
TinyLlama 1.1B 2T 36.5 25.4 1.7 54.0 32.6 23.0 70.3 41.3 23.5 50.0 35.8
OPT 1.3B 0.3T 39.3 40.0 0.9 52.2 29.6 35.8 71.0 42.3 11.1 53.3 37.6
OLMo 1.2B 3T 44.2 40.4 1.7 60.4 31.9 37.8 75.2 44.1 17.6 53.4 40.7
MobileLLAMA 1.4B 1.3T 42.7 37.0 2.0 54.2 31.8 34.4 73.3 43.0 24.5 55.4 39.8
Qwen 1.5 1.8B 2.4T 46.9 32.9 34.2 59.5 33.1 37.2 74.3 44.5 18.8 57.9 43.9
Qwen 2 1.5B 7T 48.2 31.0 58.1 63.9 37.4 36.8 75.4 44.2 24.0 59.2 47.8
Qwen 2.5 1.5B – 58.8 34.3 61.6 66.5 40.3 39.6 75.7 44.9 20.6 59.4 50.2
LLAMA 3.2 1.2B – 49.2 41.1 6.0 61.3 36.3 39.0 74.9 43.5 20.7 58.1 43.0
Stable LM 2 1.6B 2T 53.5 34.6 19.3 66.7 36.0 37.0 76.8 43.5 35.6 59.2 46.2
SmolLM 1.7B 1T 59.7 38.0 6.8 63.0 39.4 42.8 76.0 44.1 25.8 54.6 45.0
SmolLM 2 1.7B 11T 60.4 43.6 32.6 68.7 41.3 42.4 77.6 43.4 27.1 60.1 49.7

From Scratch

Adam 1.4B 1T 59.5 40.6 14.5 64.0 39.5 41.0 76.1 43.6 23.9 56.6 45.9
Muon (OSP) 1.4B 1T 57.5 37.6 10.5 61.3 38.5 40.4 75.5 44.4 22.4 55.8 44.4

Table 5: Performance evaluation of 12 open-source large language models and our two models trained from scratch,
assessed without quantization across 10 benchmark tasks. Model parameters (Params.) represent total trainable
parameters, while Tokens indicate training dataset size. Evaluation benchmarks include CommonsenseQA (CSQA),
HellaSwag (HS), OpenBookQA (OBQA), TriviaQA (TQA), and WinoGrande (WG), among others. Results provide
comprehensive baseline performance metrics across diverse reasoning and knowledge tasks, demonstrating the
comparative performance of our trained models against established baselines.
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Figure 7: Training dynamics over 1 trillion tokens demonstrating production-scale viability of our framework. The
loss (left) and excess kurtosis evolution (right) compare Adam baseline against complete OSP implementation.
Results confirm that the OSP maintains consistently low kurtosis values throughout extended training, validating the
framework’s effectiveness at production scale while achieving competitive convergence characteristics.

methodology. To ensure fair comparison, we
trained a standard Adam-based model under identi-
cal conditions.

A.4 Detailed Weight and Activation
Distributions

For a comprehensive view of activation and weight
distributions, we provide detailed histograms in
Figures 8, 9, 10, and 11.
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Figure 8: Activation distribution visualization of models trained with Adam optimizer across 1 trillion training
tokens. The histograms display input activation distributions to Multi-Head Self-Attention (MHSA) and Feed-
Forward Network (FFN) layers at four transformer block depths: 1st, 7th, 15th, and 22nd layers. Results demonstrate
the evolution of activation patterns across network depth and illustrate the characteristic input distribution behavior
produced by standard Adam optimization in both attention and feed-forward layers.
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Figure 9: Activation distribution visualization of models trained with OSP across 1 trillion training tokens. The
histograms display input activation distributions to Multi-Head Self-Attention (MHSA) and Feed-Forward Network
(FFN) layers at four transformer block depths: 1st, 7th, 15th, and 22nd layers. Results demonstrate the evolution
of activation patterns across network depth and illustrate the distinctive input distribution characteristics achieved
through the OSP framework in both attention and feed-forward layers.
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Figure 10: Weight distribution visualization of models trained with Adam optimizer across 1 trillion training tokens.
The histograms display weight distributions within Multi-Head Self-Attention (MHSA) and Feed-Forward Network
(FFN) layers at four transformer block depths: 1st, 7th, 15th, and 22nd layers. Results illustrate the evolution of
weight distributions across network depth and demonstrate the characteristic patterns produced by standard Adam
optimization in both attention and feed-forward layers.
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Figure 11: Weight distribution visualization of model trained with OSP across 1 trillion training tokens. The
histograms display weight distributions within Multi-Head Self-Attention (MHSA) and Feed-Forward Network
(FFN) layers at four transformer block depths: 1st, 7th, 15th, and 22nd layers. Results illustrate the evolution of
weight distributions across network depth and demonstrate the characteristic patterns induced by the OSP framework
in both attention and feed-forward layers.
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