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Abstract
Normalization layers are treated as computation-
ally inexpensive, yet they still introduce non-
negligible latency during autoregressive decoding.
We propose CoupledNorm, a simple modification
to Pre-Norm Transformer blocks that removes
one of the two RMS calculations per layer. Cou-
pledNorm shares the per-token RMS statistics be-
tween the Attention and MLP sub-layers while
retaining separate learned affine parameters. In
GPT-2-scale pretraining, CoupledNorm matches
the training loss and yields similar downstream
performance. For pretrained 0.6B–8B models, we
introduce CoupledNorm post hoc via distillation
with small downstream degradation. By fusing
the remaining pre-MLP normalization operations
into existing kernels, CoupledNorm achieves an
end-to-end decoding speedup of up to 2%. These
results suggest that shared second-order statistics
are sufficient for effective normalization, challeng-
ing the need for independent normalization per
sub-layer while improving efficiency.

1. Introduction
Normalization layers are crucial for stabilizing the training
of large language models (Vaswani et al., 2017). Although
typically regarded as computationally inexpensive, they still
account for a non-negligible fraction of total inference la-
tency during autoregressive decoding.

For models using the standard Pre-Norm configuration
(Xiong et al., 2020), normalization is applied before the
Attention and MLP sub-layers. However, due to the residual
connections bridging these components, the hidden states
at these sequential positions are not independent quantities.
Consequently, when applying RMSNorm (Zhang & Sen-
nrich, 2019), the independently calculated root mean square
(RMS) statistics at these two positions result in very similar
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values. The residual stream changes directionally through
attention, and its second-order scale changes predictably
enough that a fresh RMS calculation before the MLP is
often redundant. Motivated by this observation, we pro-
pose CoupledNorm, a streamlined normalization scheme
that computes the RMS scaling factor once prior to the At-
tention block and reuses this exact statistic to normalize the
subsequent MLP block.

In summary, we make the following contributions:
• We introduce CoupledNorm, a minimal architectural

change that removes one RMS calculation per block.
• We demonstrate that CoupledNorm can be integrated

during pretraining with nearly identical dynamics or
introduced post hoc via distillation.

• We accelerate inference by up to 2% across various
models by fusing scaling operations into existing ker-
nels, thereby eliminating one kernel launch per block.

The source code of a reference implementation is available
at https://github.com/NX-AI/coupled-norm.

2. Background
Language Model Normalization Modern architectures
employ the Pre-Norm configuration to maintain robustness
by preserving an unhindered identity path for gradient prop-
agation along the residual stream. While LayerNorm (Ba
et al., 2016) was the original standard, the field has tran-
sitioned to RMSNorm (Zhang & Sennrich, 2019) to re-
duce computational overhead by demonstrating that mean-
centering is not strictly necessary for variance stabilization.

For the purpose of our analysis, we conceptualize normal-
ization as a two-step process. In the first step, we compute
the root mean square (RMS) of the input vector x ∈ Rn:

RMS(x) =

√√√√ 1

n

n∑
i=1

x2
i + ϵ (1)

In the second step, we apply this scaling factor and the
learned element-wise weights γ ∈ Rn:

y =
x

RMS(x)
⊙ γ (2)
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Figure 1. Architectural comparison of a standard Pre-Norm block
(a) and the proposed CoupledNorm block (b). The RMSNorm
operation is decomposed into the calculation of the RMS scaling
factor and its element-wise application.

3. Related Work
Normalization-Free Transformers Recent research has
challenged the necessity of explicit variance stabilization
(Zhu et al., 2025; Chen et al., 2025). For instance, Zhu
et al. (2025) introduced Dynamic Tanh (DyT), an element-
wise operation that replaces traditional normalization by
emulating its scaling behavior without calculating activation
statistics. Other approaches aim to phase out normalization
layers entirely during the training process (Kanavalau et al.,
2026; Baroni et al., 2025), typically through the use of an
auxiliary loss. These findings suggest that strict, per-layer
variance tracking is not essential for stability. CoupledNorm
builds upon this intuition by retaining the empirical benefits
of RMS scaling while reducing its computational frequency.

Parallel Attention and MLP Structural optimizations,
such as those introduced in GPT-J (Wang & Komatsuzaki,
2022), Falcon (Almazrouei et al., 2023), and PaLM (Chowd-
hery et al., 2023), employ a parallel architecture where the
Attention and MLP sub-layers share the same normalized
input. While this configuration requires only a single nor-
malization pass per block, it inherently reduces the computa-
tional depth. CoupledNorm achieves comparable efficiency
gains while maintaining the full sequential depth of the
model. Instead of parallelizing the sub-layers, we share
the normalization statistics across the sequential boundary,
thereby eliminating one reduction operation per block.

4. CoupledNorm
4.1. Motivation and Design

A standard Pre-Norm block applies normalization indepen-
dently before the Attention and MLP sub-layers, requiring
two separate RMS calculations per layer (Figure 1a). How-
ever, because these sub-layers are bridged by a residual
connection, the hidden state preceding the MLP remains
similar to the hidden state preceding the Attention layer.
Consequently, the RMS statistics at these two sequential po-
sitions are correlated. CoupledNorm exploits this by reusing
the Attention sub-layer’s scaling factor for the subsequent
MLP, effectively coupling the two normalization operations
(Figure 1b).

4.2. Mathematical Formulation

Instead of calculating the RMS statistic twice per block,
CoupledNorm computes it strictly once prior to the Atten-
tion sub-layer and reuses it for the subsequent operation.
Formally, given an input vector x ∈ Rn, we first compute
the shared RMS scaling factor:

σrms =

√√√√ 1

n

n∑
i=1

x2
i + ϵ (3)

This factor is used to normalize the input for the Atten-
tion sub-layer, alongside an independently learned affine
parameter γattn ∈ Rn:

x̂attn =
x

σrms
⊙ γattn (4)

After the Multi-Head Attention (MHA) operation, we obtain
the intermediate state h by adding the Attention output to
the residual stream:

h = x+MHA(x̂attn) (5)

Crucially, CoupledNorm normalizes h for the subsequent
MLP block by reusing the previously computed σrms along-
side a second independent affine parameter γmlp ∈ Rn:

x̂mlp =
h

σrms
⊙ γmlp (6)

Finally, the block completes its forward pass by adding the
MLP output to the intermediate residual stream:

xout = h+MLP(x̂mlp) (7)
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Figure 2. Relative decoding speedup of CoupledNorm over the
baseline across various batch sizes. Speedup is defined as the ratio
of CoupledNorm generation throughput to that of the baseline.

4.3. Hardware Efficiency

For autoregressive decoding, particularly at small batch
sizes, inference latency is significantly impacted by GPU
kernel launch overheads rather than by matrix multiplica-
tions. By omitting the secondary RMS calculation, Coupled-
Norm effectively eliminates one kernel launch per Trans-
former block. This is achieved by fusing the remaining
pre-MLP normalization operations into adjacent kernels:
the residual addition is integrated into the bias term of the
Attention output projection with an addmm operation, while
the affine weights γmlp are statically folded into the MLP
up-projection weights. Furthermore, since scalar division
is a linear operation, it can be moved past the up-projection
and executed within the subsequent SiLU kernel, where the
σrms scaling is applied immediately prior to the activation.
By eliminating a fixed latency cost per layer regardless of
batch size, this fusion strategy provides a relative speedup
that is most apparent for smaller batches, yielding a total
latency reduction that scales proportionally with the depth
of the network.

In contrast, model throughput during pretraining is typically
bounded by memory bandwidth and kernel synchronization
overheads. Standard RMSNorm requires a reduction oper-
ation across the hidden dimension in the forward pass, as
well as a complex secondary reduction during the backward
pass to compute the variance gradient. These reductions
require cross-thread synchronizations that are inherently
slower than simple element-wise operations. CoupledNorm
bypasses these bottlenecks by treating the reused σrms as
a scalar constant for the MLP block. This architectural ad-
justment reduces the secondary normalization to a purely
element-wise operation, completely eliminating the need
for a variance gradient reduction and directly translating to
accelerated training throughput.

5. Experiments
5.1. Performance

To evaluate our approach, we begin by analyzing its impact
on decoding performance. Specifically, we evaluate Cou-
pledNorm against the original Qwen 3 (Yang et al., 2025)
and Llama 3.2 (Grattafiori et al., 2024) checkpoints, serving
as our baselines. Both configurations were evaluated on an
NVIDIA H100 GPU across a variety of batch sizes. For
this evaluation, each model was tasked with generating a
128-token response to the prompt, ”Who was Alan Turing?”.

Figure 2 illustrates the relative speedups, defined as the
ratio of the CoupledNorm model’s generation throughput
to that of the baseline. Our results demonstrate that our
method achieves a 1–2% speedup across all evaluated mod-
els at smaller batch sizes. Furthermore, relative speedups
scale with model depth due to cumulative kernel launch
reductions, yielding smaller gains for the 16-layer Llama
1B compared to the other models (28+ layers). Because
CoupledNorm eliminates a constant overhead, this speedup
naturally diminishes at larger batch sizes where matrix mul-
tiplications dominate overall compute latency.

5.2. Pretraining

To validate the pretraining stability of our approach, we
trained a GPT-2 model (Radford et al., 2019) from scratch
on a 10-billion-token subset of the FineWeb-Edu dataset
(Lozhkov et al., 2024). The training was conducted using
the NanoGPT framework (Karpathy, 2023) with default
hyperparameters, where all standard Transformer blocks
were replaced with our proposed CoupledNorm architecture.
We subsequently evaluated downstream performance on the
HellaSwag benchmark (Zellers et al., 2019).

To ensure a robust evaluation, both the baseline and Coupled-
Norm configurations were trained across eight distinct ran-
dom seeds (8–15). As detailed in Table 1, the CoupledNorm
architecture increased training throughput by 0.54% while
converging to the same final loss as the baseline. This train-
ing acceleration is attributed primarily to reduced compu-
tational work, specifically the elimination of the secondary
variance gradient reduction during the backward pass.

Table 1. GPT-2 pretraining performance for Baseline and Coupled-
Norm, averaged over 8 runs (seeds 8–15).

MODEL
TRAIN TP
(KT/S) ↑

TRAIN
LOSS ↓

HELLA
SWAG ↑

BASELINE
443.0
(± 3.3)

3.096
(± 0.0012)

30.51
(± 0.0014)

COUPLEDNORM
445.4
(± 3.4)

3.096
(± 0.0014)

30.32
(± 0.0019)
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5.3. Distillation

To adapt pretrained models to our proposed architecture, we
employed architecture distillation (Hinton et al., 2015; Sanh
et al., 2019), initializing the student model with the teacher’s
weights. We distilled various Qwen 3 (Yang et al., 2025)
and Llama 3.2 (Grattafiori et al., 2024) models ranging from
0.6B to 8B parameters. To facilitate rapid adaptation while
preserving model expressivity, we utilized DoRA (Liu et al.,
2024) with a rank r = 1024 and α = 2048. The distillation
process used the stem subset of the Nemotron Post-Training
Dataset v2 (Nathawani et al., 2025) and relied exclusively
on Kullback-Leibler (KL) divergence to align the student’s
output distribution with that of the teacher.

To mitigate the distribution shift introduced by the archi-
tectural modification, we apply a fixed adjustment factor
α. We define this scaling factor for the MLP block as
σ′
mlp = α ·σrms, where σrms is the statistic computed at the

preceding Attention layer. This factor is derived from the
average increase in RMS between these two sub-layers of
the pretrained model, as illustrated in Section A, yielding
α = 1.1 for Llama and α = 1.09 for Qwen. This calibra-
tion introduces no additional computational overhead, as it
is absorbed into the affine weights γmlp during inference.
Given the sharp increase in RMS values observed within
the initial layers (see Figure 3), we preserve the standard
RMSNorm architecture for the first layer in Qwen and the
first four layers in Llama.

The distilled models were evaluated in a 5-shot setting on
the MMLU (Hendrycks et al., 2020) and GPQA (Rein et al.,
2024) benchmarks (Table 2). While the distilled variants
exhibit a slight degradation in performance relative to their
baseline architectures, we anticipate that this gap could
be further minimized by adopting a more comprehensive
distillation strategy.

Table 2. Five-shot downstream evaluation of the baseline and
distilled CoupledNorm models.

MODEL ARCHITECTURE MMLU ↑ GPQA ↑

LLAMA 1B BASELINE 46.0 28.8
COUPLEDNORM 45.9 29.0

LLAMA 3B BASELINE 60.6 33.5
COUPLEDNORM 60.3 31.9

QWEN 0.6B BASELINE 47.4 27.9
COUPLEDNORM 47.3 26.6

QWEN 1.7B BASELINE 60.2 29.9
COUPLEDNORM 59.9 29.7

QWEN 8B BASELINE 74.9 38.4
COUPLEDNORM 74.6 38.6

6. Conclusion
In this work, we introduced CoupledNorm, an efficient nor-
malization strategy that reuses the RMS statistics from the
Attention layer to normalize the subsequent MLP layer. We
demonstrated empirically that applying CoupledNorm dur-
ing the pretraining of a GPT-2 model maintains competitive
downstream performance while increasing training through-
put by 0.54%. By scaling this approach to larger models via
architecture distillation, we achieved inference speedups of
up to 2% across various models.

Future work will primarily focus on pretraining larger mod-
els to evaluate whether training stability is maintained at
scale. Additionally, we intend to extend the sharing of
normalization statistics across multiple blocks, ultimately
developing an architecture that computes explicit normal-
izations only every few layers.

Broader Impact This paper presents work whose goal is
to advance the field of Machine Learning. There are many
potential societal consequences of our work, none which we
feel must be specifically highlighted here.
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A. Layer-wise RMS Statistics
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(a) Llama 3.2 1B
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(b) Qwen 3 0.6B

Figure 3. Mean RMS values of hidden states per layer (log scale), measured prior to Attention (A) and MLP (M) sub-layers. Shaded
regions indicate where CoupledNorm shares statistics. While RMS values increase sharply in early layers (first four for Llama, first for
Qwen), the relative difference stabilizes to approximately 10% across the remainder of the network.
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B. Profiler Traces

(a) Baseline

(b) CoupledNorm

Figure 4. Profiler traces comparing the baseline (a) and CoupledNorm (b) architectures for the Qwen 1.7B model at a batch size of
8, with all normalization kernels marked by blue flags. The baseline trace shows an additional normalization kernel compared to the
CoupledNorm trace. Eliminating this kernel launch overhead is the primary source of the observed inference speedups. In CoupledNorm,
the remaining scaling operations are efficiently fused into adjacent kernels: residual addition occurs via an addmm in the attention output
projection (red), affine weights are statically folded into the MLP up-projection (blue), and RMS scaling is applied within the subsequent
SiLU kernel (yellow).
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