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Abstract

Normalization layers are essential for stabilizing and accel-
erating the training of transformer-based neural networks,
yet they introduce significant memory traffic and compu-
tationally expensive reduction operations that degrade in-
ference efficiency in terms of both latency and energy con-
sumption. While previous approaches (e.g., DyT, SLAB) re-
quire training from scratch to replace or approximate nor-
malization layers, we investigate whether it is possible to re-
move them from pretrained models while preserving model
quality. To this end, we present DaMN, a method for post-
training normalization removal. Evaluated on a range of
tasks including image classification, super-resolution, and
denoising, DaMN outperforms state-of-the-art removal and
replacement strategies, it maintains high performance with
less than 0.2 dB PSNR loss on super-resolution and de-
noising tasks. Computational gains in terms of inference
time and energy consumption were carefully evaluated on a
wide range of representative hardware, further confirming
the practicality of our approach. Normalization layer re-
moval leads to up to 18% faster inference and 17% lower
energy consumption. The approach is framework-agnostic
and deployment-friendly, requiring only a one-time calibra-
tion step and scheduled fine-tuning, with no architectural
modifications, retraining from scratch, or custom kernels.
These results highlight an additional opportunity for effi-
cient deep learning deployment: use normalization during
training to improve stability, and eliminate it during infer-
ence to enhance efficiency.1

1. Introduction
Normalization layers (NL) are foundational in modern deep
learning, stabilizing and accelerating training convergence
[12, 13, 20]. Yet despite their algorithmic simplicity, NL
incur significant dataflow inefficiencies, low arithmetic in-
tensity, and high memory traffic that degrade latency and

1The implementation is available at GitHub.

Figure 1. a) Inference time and b) energy consumption improve-
ments of DyT [34] and DaMN compared to the original model
with normalization layers (NL), evaluated on an A100 GPU with
FP16 data type. DaMN enables the complete removal of all NL
layers, resulting in the fastest and most energy-efficient model.
Appendix A contains measurements across a range of GPU ar-
chitectures and data types.

energy efficiency, especially on bandwidth and power-
constrained hardware.

Figure 1 presents the relative improvements of DNN per-
formance when NL is removed (red bars). For example,
removing NL from the Restormer model [30] results in a
significant decrease in inference time by 17.9%, and energy
consumption by 16.9%. These strong performance bene-
fits motivate us to find ways to effectively remove NL while
avoiding accuracy degradation. Further analysis on other
GPU types and additional details can be found in Appendix
A.

A common mitigation strategy is folding NL into neigh-
boring layers. This works well for static normalizations
like BatchNorm [13], whose fixed statistics fuse cleanly
into subsequent linear layers. However, this approach fails
for data-dependent NL, which compute per-input statistics
(e.g., mean and variance) and often involve nonlinear oper-
ations like square roots and divisions, hindering analytical
fusion.

Another strategy involves substituting the NL with al-
ternative operators. A notable example is the recently in-
troduced technique DyT [34], which replaces LayerNorm

This CVPR Findings paper is the Open Access version, provided by the Computer Vision
Foundation. Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.
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with a learnable scaled hyperbolic tangent activation func-
tion. DyT achieves performance comparable to the original
models containing NL, while offering significant computa-
tional advantages, as illustrated by the blue bars in Figure
1. Nevertheless, this approach still requires retraining the
models from scratch and does not yet match the computa-
tional efficiency achieved by completely removing NLs.

In this paper, we show that after training, NL can be
entirely removed with minimal performance loss. Our
method, DaMN (Deleting and Migrating Normalizations),
uses fine-tuning to smoothly transition each NL into an iden-
tity mapping, redistributing its nonlinear compensation into
adjacent trainable layers.

DaMN comprises three key components: (1) Smooth
Removal: A scheduled fine-tuning process that gradually
changes each NL into identity via a mixing coefficient,
avoiding activation explosion and instability. (2) Moment-
Matched Affine initialization: Each NL is replaced by an
affine layer initialized to preserve input/output moments,
preventing signal collapse. (3) Sequential calibration: In-
stead of calibrating all NL layers at once, DaMN updates
them one by one, so that small mismatches do not get am-
plified in deeper layers.

Our contribution: Despite practical demand for
normalization-free deployment, removing LN from pre-
trained models remains an unstudied challenge. We present
DaMN, a careful removal procedure that avoids signal col-
lapse through moment-matched initialization, sequential
calibration, and smooth fine-tuning. By rigorously justify-
ing the necessity of each step across image classification,
super-resolution, and blind denoising, we demonstrate that
DaMN achieves high performance and efficiency even sur-
passing models trained from scratch while maintaining min-
imal quality loss and immediate hardware savings. Our re-
sults open an additional opportunity in efficient deep learn-
ing deployment: normalize during training for stability
but eliminate normalization at inference for efficiency.
This decoupling unlocks hardware-friendly models with-
out sacrificing accuracy, enabling faster, leaner, and more
energy-efficient inference while preserving the benefits of
normalization in the training phase.

2. Related Work

2.1. Definition and Types of Normalization Layers
A general form of normalization layers can be viewed as
an approximate isotropization procedure [12]: ϕ(X) =
Σ−1/2(X − µ · 1⊤), where the statistics (e.g., mean µ and
covariance Σ) and the dimensions over which they are com-
puted are method-specific, different NL types are summa-
rized in Appendix B.

2.2. Role of Normalization Layers
Although normalization layers are widely credited with en-
abling stable training, improved generalization, and en-
hanced robustness in deep networks [2, 20–22, 28], these
benefits are predominantly observed during training. In this
work, we focus on the post-training removal of normal-
ization layers. Below, we provide a concise rationale for
the necessity of normalization during training, sufficient to
ground our subsequent analysis and consistent with estab-
lished literature [4].

Normalization layers stabilize training by dynamically
controlling the mean and variance of activations across lay-
ers. Consider a deep network with L layers, let µin and
νin denote the mean and variance of the input signal of
the first layer, respectively. Assume that each layer ap-
plies a fixed affine transformation with layer-wise shift pa-
rameter α ∈ R and scale parameter β ∈ R. Under this
model, the effect compounds across layers, and the sig-
nal at the final layer has mean µout and variance νout given
by: µout = βLµin + α

(
βL + βL−1 + · · ·+ β + 1

)
, νout =

β2Lνin. If |β| > 1, the network will suffer from a mean shift
and exploding signals as depth increases: limL→∞ µout =
∞, limL→∞ νout = ∞. In the case where |β| < 1, the
network will suffer from a mean shift and vanishing signals:
limL→∞ µout =

α
1−β , limL→∞ νout = 0.

2.3. Strategies to avoid Normalization Layers
To mitigate these problems, four common strategies can be
defined: 1) train models without NL with careful weight ini-
tialization schemes, 2) use alternative normalization strate-
gies; 3) approximate NL with other functions, or 4) train
with NL and remove it afterwards, which is precisely the
focus of this work. We discuss these strategies below.

Training Without Normalization A recurring princi-
ples in these approaches are initialization and gradient flow
control. For example, is to initialize the network close to
the identity function by downscaling residual contributions
at the start, effectively mimicking BatchNorm’s tendency to
reduce residual branch scale in deep models [5]. Techniques
such as Fixup [32], SkipInit [6], and ReZero [3] achieve
this through carefully designed initialization schemes or ar-
chitectural gating, preserving gradient flow from the out-
set and addressing the same convergence. Extending this
idea, NFNets [5] combine weight standardization with per-
layer adaptive gradient clipping to enable large-scale train-
ing while keeping activations and gradients well-controlled.

Alternative normalization strategies Another direction
replaces LayerNorm with BatchNorm. Yao et al. [29] show
that naive substitution causes instability due to unnormal-
ized FFN blocks, and resolve this by inserting BN into
FFNs, enabling stable and efficient training.

However, BN has inherent limitations in transformers.
Wang et al. [26] attribute its weaker performance to Train-
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ing–Inference Discrepancy (TID) and propose Regularized
BN (RBN) to reduce the gap between batch and running
statistics. SLAB [9] further combines LN and reparameter-
ized BN via a dual-branch design with gradual transition.

Despite these advances, such methods require architec-
tural changes and training from scratch, limiting their
practicality when only pretrained models are available.

Approximations of Normalizations Another approach
replaces NL with more efficient operators. DyT [34]
substitutes LayerNorm with a learnable scaled activation
tanh(αx), enabling implicit normalization through nonlin-
earity. EvoNorm [17] integrates normalization and acti-
vation into a unified operator that adaptively controls sig-
nal statistics. FRN [24] applies per-channel normalization
within each sample, followed by a learnable thresholded ac-
tivation, avoiding batch dependence.

These methods remove reliance on batch- or feature-
wise statistics, but have notable drawbacks: (1) they require
full retraining, (2) exhibit reported failure cases (e.g., DyT
failing to replace BN in some settings), and (3) may depend
on custom operators not supported on all hardware, partic-
ularly for more complex designs like EvoNorm.

Post-Training Adaptation In this work, we advocate for
this strategy: train a model with normalization layers (NL)
and then remove them after training. This approach offers
two key advantages: (1) it avoids the computational cost
of full retraining when a high-quality pretrained model is
available, and (2) it preserves the training benefits of NL,
such as faster convergence and improved optimization sta-
bility.

A recent study [10] exemplifies this paradigm by demon-
strating post-training removal of LayerNorm from a pre-
trained GPT-2 model. The authors show that sequentially
removing LayerNorm modules and fine-tuning after each
step allows the model to recover its original performance.
However, this sequential fine-tuning process is computa-
tionally expensive. In our initial experiments on models
such as Swin Transformer for image classification, even
this sequential approach failed, when replacing certain nor-
malization layers with identity mappings led to an imme-
diate loss explosion, halting training entirely. While par-
tial removal may be feasible in some cases, success appears
highly sensitive to the removal order and still requires ex-
tensive fine-tuning.

Due to the high computational cost and sensitivity to re-
moval order, we exclude the sequential approach from our
baselines. Instead, we adopt a simpler ”Naive” baseline: re-
placing NL with identity mappings followed by fine-tuning.

2.4. Baselines
We conclude this related work section with a brief overview
of our baselines. We select at least one representative
method from each of the three categories described above.

A complete list of the approaches evaluated is provided in
Table 1.
Table 1. Normalization-free approaches used as baselines and
ours.

Method Core Idea

Full-train approaches

Identity Replace NL with identity and train from scratch
DyT [34] Approximate NL with a learnable scaled tanh: tanh(αx)
SLAB [9] Smooth transition to BN-like form
SkipInit [6] Initializes residual branches with near-zero weights
Fixup [32] Scales residual branches and biases via initialization

Post-train approaches

Naive Replace NL with identity and fine-tune
DaMN (Ours) Initialize using statistics and smoothly transition to identity

3. Method

In this section, we first briefly outline the key steps of our
procedure, followed by a detailed description and rationale
for each.

Key Steps: (1) Sequentially initialize each normaliza-
tion layer with an affine surrogate by matching the first and
second moments of its input and output using a calibra-
tion set (20-30% of the training set in our experiments); (2)
Smoothly remove the original normalization by blending it
with the surrogate via a coefficient α, which is gradually
annealed from 1 to 0 using a cosine schedule during fine-
tuning; (3) After α reaches 0, fuse the trained affine param-
eters into adjacent linear layers.

The overall DaMN pipeline, which integrates these com-
ponents, is illustrated in Figure 2. To support the necessity
of these components, we refer to our ablation experiments
in Section 4.1.

(1) Smooth Removal via α-Scheduling. Direct removal
of a normalization layer N(·) from a trained model typically
leads to severe accuracy degradation due to abrupt distribu-
tion shifts in residual streams. We address this by intro-
ducing a smooth blending of normalized and unnormalized
paths, parameterized by α ∈ [0, 1]:

y(α) = (1− α)x+ αN(x). (1)

At α = 1 the output is fully normalized; at α = 0 the layer
behaves as an identity. We anneal α to zero over a short fine-
tuning phase, ensuring a gradual distribution shift to which
downstream layers can adapt. The schedule must satisfy:
• Smoothness: Avoid discontinuities, which may cause

sudden activation shifts.
• Monotonic decay: Ensure consistent progression toward

removal.
• Finite horizon: Reach α = 0 within a target number of

epochs or calibration steps.
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In this paper, we explored a cosine schedule to achieve the
properties mentioned above:

αt =

{
1
2

(
1 + cos πt

T

)
, if 0 ≤ t ≤ T,

0, if t > T.
(2)

where t is the current step and T is the total decay duration.
Although other scheduling strategies may be evaluated, we
found the cosine schedule sufficient for our purposes and
did not pursue further investigation in that direction.

(2) Moment-Matched Affine Surrogate for Normaliza-
tion Removal. When blending away a normalization
layer with a schedule α → 0, the normalized path N(x)
and the identity path x can have very different per-feature
means and scales. Direct mixing of x and N(x) causes
transient bias/variance shifts that propagate through resid-
ual streams. We replace normalization with a affine surro-
gate that is moment-matched to N(x) and remains learn-
able while α decreases.

For an input activation x ∈ Rd and a normalization N(x)
(LayerNorm or RMSNorm family), we define

y(α) = (1− α)
(
γ′ ⊙ x+ β′) + αN(x), (3)

where the parameter α ∈ [0, 1] is given by schedule 2,
and the parameters γ′, β′ ∈ Rd are initially calibrated to
match the first two moments of N(x). Precisely, we take

γ′ =
sN
sx

, β′ = mN − γ′ ⊙mx, (4)

where sx,mx, sN and mN are per-feature means and stan-
dard deviations calculated for a small calibration set Dcal:

mx = Ex∼Dcal [x], sx =
√
E[(x−mx)2] + ε, (5)

mN = E[N(x)], sN =
√
E[(N(x)−mN )2] + ε. (6)

For collecting variance we found important to use
Welford’s algorithm [27] to avoid numerical error.

Importantly, at the final stage (γ′, β′) are fused into ad-
jacent layers.

(3) Sequential Calibration. Since deep models typically
consist of multiple layers arranged in sequence, the re-
moval of one normalization layer N(·)(l) can alter the mean,
standard deviation, and overall distribution of the subse-
quent layers N(·)(l+1),N(·)(l+2), etc.. As a result, sur-
rogate parameters (γ′, β′) for these affected layers must
be recomputed based on the updated information from the
removed N(·)(l). To maintain consistency and accuracy,
this recomputation is performed sequentially, after remov-
ing N(·)(l), the updated information is propagated forward

through the network up to l layer to compute the parameters
for N(·)(l+1). This procedure is outlined in Algorithm 1 in
Appendix C.

Our experiments in Section 4.1 demonstrate that sequen-
tial calibration of surrogate parameters leads to stable fine-
tuning and results; in contrast, omitting this process results
in a dramatic increase in model loss and quality drop.

4. Experimental Evaluation & Ablation Study

4.1. Ablation Study
To investigate the role of each component of the DaMN
method, we conduct experiments evaluating models per-
formance when these components are absent or incorrectly
computed.

4.1.1. Impact of Affine Surrogate Transforms
To validate the effectiveness of Affine Surrogate Transforms
in mitigating the negative impact of removing normalization
layers NL, we conduct an ablation study by progressively
removing several NL from Swin-B, both with and without
applying the transforms. We observe that removing even the
first normalization layer leads to a dramatic degradation in
model performance, and this loss cannot be fully recovered
through fine-tuning alone.

Figure 3 illustrates this effect for the first NL and the
first downsampling NL in Swin-B (similar behavior is ob-
served for other NLs in Swin-B and also in other models).
In this experiment, we do not perform fine-tuning in order to
clearly highlight the impact of Affine Surrogate Transforms.
The parameter α represents a scaling coefficient applied to
a normalization layer: α = 1 corresponds to the original
model with the full normalization layer, while α = 0 corre-
sponds to its complete removal. As can be seen from Fig-
ure 3, in the absence of Affine Surrogate Transforms (blue
line), the model’s performance collapses to nearly 0% as
α → 0. In contrast, when the transforms are applied (red
line in Figure 3 ), the model retains nearly the same level of
performance, even without fine-tuning.

The blue line in Figure 5, representing naive removal
(without a surrogate and with α = 0), offers additional in-
sight into the importance of applying affine surrogate trans-
forms with a proper estimation of the affine parameters. It
shows explosive growth in variance that leads to saturation
of the FP32 data type, indicated by NaN values marked with
blue triangles – this signals that feature maps amplitudes are
being amplified too rapidly.

We also observed that the performance of the calibrated
model is highly sensitive to the accuracy of the estimated
statistics. To illustrate the impact of accurate statistical es-
timation, we conduct a controlled perturbation experiment
on the affine parameters of the surrogate normalization lay-
ers in MambaIR at scale ×2. Figure 4 demonstrates that
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Figure 2. DaMN pipeline consists of three main steps: (1) Sequentially initialize each normalization layer with an affine surrogate by
matching the first and second moments; (2) Smoothly remove the original normalization with fine-tuning; (3) Fuse the trained affine
parameters into adjacent linear layers.

Figure 3. Impact of affine surrogate initialization on performance
during normalization removal (α from 1 to 0). We adjust α
for the first or first downsampling normalization layers in Swin-
B, keeping other layers fixed. Red shows surrogate application,
blue shows no surrogate. No fine-tuning is performed. Moment-
matched surrogates enable smooth transitions with minimal per-
formance drop, consistent across other layers and models.

even slight perturbations in γ′ and β′ can lead to signifi-
cant performance degradation, emphasizing the importance
of numerically stable and precise moment estimation dur-

Figure 4. Effect of noisy affine parameters on MambaIR perfor-
mance at scale ×2. Gaussian noise is injected into γ′ and β′ to
simulate estimation errors, σ denotes relative to γ′ and β′ addi-
tive noise with zero mean. Even small perturbations cause notable
accuracy drops, underscoring the need for stable statistical estima-
tion during calibration. Noise injection details are in Appendix E.

Figure 5. Comparison of output variances across different normal-
ization removal strategies for the Swin-B architecture: naive re-
moval without calibration, non-sequential calibration, and sequen-
tial calibration. Sequential calibration allows maintaining consis-
tency throughout the network.

ing the calibration process. Moreover, we observed that if
the affine parameters are estimated incorrectly, which cor-
responds a high noise level, we get NaN during the forward
propagation (even using fp32 data type). A probability of
catching NaN for a high noise level is plotted above the dots.
For example, 80% of attempts fail for 25% noise level. To
mitigate such numerical instability during the online esti-
mation of moments, we employ the Welford algorithm [27]
for computing means and variances.

4.1.2. Sequential calibration
To validate the importance of sequential calibration in sta-
bilizing the model when removing NL, we compare three
strategies on the Swin-B model: (1) naive NL removal with-
out any calibration, (2) non-sequential calibration, where
all normalization layers are removed and affine surrogates
are calibrated independently in one step, and (3) sequen-
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tial calibration, where surrogates are inserted and calibrated
layer by layer in a topological order.

With the non-sequential calibration, the statistics of in-
termediate activations rapidly drift from those of the origi-
nal model. This drift accumulates across depth, leading to
significant increases in variance in downstream layers (or-
ange curve in Figure 5). In contrast, sequential calibration
ensures that each surrogate compensates for both its own
normalization removal and accumulated distortions from
earlier layers. As a result, the variance of layer outputs stays
close to that of the original model across all layers (green
curve in Figure 5), in contrast to both naive removal and
non-sequential calibration, where variance diverges quickly
and some layers produce unstable (NaN) activations.

We also find that without sequential calibration, the fine-
tuning with smooth removal also behaves less robust and
gives worse quality (see Appendix D).

4.1.3. Smooth Removal
To evaluate the effectiveness of the Smooth Removal mech-
anism in the DaMN framework, we conduct an ablation
study by removing normalization layers with and without
applying the smoothing strategy. Smooth removal is de-
signed to prevent large derivative jumps that could lead to
activation explosions, allowing downstream layers to adapt
progressively. This ensures a more stable training process,
while the monotonic and finite properties of the removal
process guarantee a controlled and efficient transition to-
ward complete normalization layer removal.

We observe that removing normalization layers using
a smoothing strategy consistently results in better perfor-
mance compared to abrupt removal. As illustrated in Ta-
ble 2, replacing 24 out of 53 normalization layers in the
Swin-B model with identity layers in a smooth manner
leads to only a 0.2% drop in top-1 accuracy, while imme-
diate replacement, or so-called naive removal, completely
destroys the model. Specifically, the smooth transition ap-
proach helps avoid instability during training, leading to
improved convergence and the reduced occurrence of loss
spikes. Moreover, the performance degradation is signifi-
cantly minimized compared to the abrupt removal method.
This happens across all tried models and tasks. A detailed
comparison between naive removal and DaMN is presented
in Tables 4, 5, and 6 for various tasks and models.

Table 2. Top-1 Accuracy (%) on ImageNet for Swin-B model.
Smooth removal (except the sequential calibration and affine sur-
rogate transforms) vs. naive removal.

Removed Using only smoothing Naive removal

LayerNorms Top-1 Acc. (%) Epochs Top-1 Acc. (%) Epochs

0 (Baseline) 83.418 300 83.418 300
24 of 53 83.246 450 NaN < 1

An important point to discuss is how convergence de-

Table 3. Influence of smoothing durations on training convergence
for different models.

Model Diverged Converged

Swin-B 0–10 epochs 100 epochs
ViT-B 0–5 epochs 100 epochs
GPT-2 0–600 iterations 800-1000 iterations

pends on the smoothing duration – that is, the number of
iterations during which the parameter α decreases from 1
to 0. If the duration is very short, the behavior resembles
that of a naive removal strategy. On the other hand, if the
duration is not increased enough, the model may diverge,
as the transition from NL to the identity occurs too rapidly.
However, if α is relaxed over a sufficiently long period, the
model tends to converge to a high-quality solution. As il-
lustrated in Table 3, the smoothing duration cannot be too
short: the first column shows durations that lead to diver-
gence, while the second column presents durations that are
sufficient for convergence.

4.2. Main Results
To evaluate the effectiveness of DaMN, we conduct experi-
ments using Transformer architectures across a wide range
of tasks and domains. In each experiment, we remove the
standard Layer Normalization or RMSNorm from the orig-
inal models using the DaMN framework and compare it
with NL removal/replacement methods described in Table
1. Both the modified and original versions of the models
are trained and tested following their official open-source
repositories.

For DyT, Fixup, and SkipInit, we adopt the implementa-
tions provided in their official repositories without modifi-
cation. The SLAB method [9] introduces two components:
Simplified Linear Attention (SLA) and Progressive Batch
Normalization (PBN). Since our goal is to evaluate nor-
malization removal rather than attention redesign, we retain
only the Progressive Batch Normalization component and
remove the SLA module from the architecture. We note that
the original SLAB paper does not report ablation results for
PBN alone, therefore our implementation isolates the con-
tribution of this component for a fair comparison with other
normalization-related approaches.

Image Super-Resolution We evaluate DaMN on
three representative transformer models for image super-
resolution: SwinIR [15], MambaIR [8], and SRFormer [33].
All models were trained using their original repositories
with DF2K dataset [16]. Reproduced metrics closely match
the papers. About 40% of training data (without augmen-
tation) is used for sequential calibration. PSNR/SSIM re-
sults on Set5, Set14, BSD100, Urban100, and Manga109
(×2) are reported in Table 4; ×3/×4 are in Appendix G. We
compare: Original (reproduction), Identity (trained with-
out NL), naive NL removal, DyT, and DaMN. All removal
methods start from the reproduced model unless noted. We
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Table 4. PSNR/SSIM at scale ×2 for three transformer-based models on standard SR benchmarks. The best results are highlighted in red,
the second-best in blue in this table and also in the tables below.

Model Method
Set5 Set14 BSD100 Urban100 Manga109

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

SwinIR

Original 38.40 0.9618 34.44 0.9243 32.55 0.9030 33.81 0.9427 39.92 0.9797

Identity 38.24 0.9590 33.95 0.9210 31.90 0.8900 33.00 0.9300 39.00 0.9732
Naive Removal 37.80 0.9523 33.52 0.9171 31.45 0.8826 32.75 0.9228 38.86 0.9671
DyT 38.34 0.9603 34.49 0.9252 32.45 0.9025 33.74 0.9419 39.76 0.9777
SLAB 38.27 0.9597 34.30 0.9230 32.37 0.9000 33.60 0.9410 39.64 0.9720
DaMN (ours) 38.30 0.9605 34.41 0.9240 32.41 0.9019 33.68 0.9415 39.70 0.9736

MambaIR

Original 38.54 0.9624 34.69 0.9263 32.55 0.9046 34.12 0.9443 40.26 0.9804

Identity Training diverged right from the start
Naive Removal Training diverged right from the start
DyT 38.43 0.9622 34.35 0.9238 32.50 0.9037 33.69 0.9414 39.88 0.9799
SLAB 38.41* 0.9622* 34.31* 0.9240* 32.48* 0.9040* 33.63* 0.9409* 39.80* 0.9794*
DaMN (ours) 38.49 0.9625 34.52 0.9253 32.55 0.9046 33.93 0.9433 40.12 0.9801

SRFormer

Original 38.58 0.9630 34.79 0.9270 32.60 0.9050 34.35 0.9461 40.24 0.9806

Identity 38.41* 0.9620* 34.46* 0.9255* 32.48* 0.9035* 33.68* 0.9418* 39.88* 0.9799*
Naive Removal Training diverged right from the start
DyT 38.44 0.9622 34.46 0.9250 32.49 0.9037 33.74 0.9423 39.84 0.9796
SLAB 38.53 0.9614 34.78 0.9258 32.54 0.9047 34.27 0.9451 40.22 0.9801
DaMN (ours) 38.42 0.9622 34.41 0.9249 32.55 0.9040 34.13 0.9452 40.10 0.9802

report performance of our reproduction of the model (de-
noted by Original), training from scratch without NL (de-
noted by Identity), naive removal of NL, DyT, and the pro-
posed DaMN method. We start all NL removal procedures
from the reproduced model, unless stated otherwise.

SwinIR (74 NLs). Training without NL causes minor
degradation (−0.2 to −0.9 dB). Naive removal performs
worse (−0.6 to −1.1 dB). DyT matches or slightly exceeds
baseline (∼−0.1 dB on average). DaMN achieves compa-
rable or better results than DyT/SLAB with only 30% fine-
tuning, fully removing NLs (−0.1 to −0.2 dB).

MambaIR (110 NLs). Training without NL or naive re-
moval leads to gradient explosion and divergence despite
extensive tuning, confirming the importance of normaliza-
tion. DaMN removes NLs with 30% training budget and α-
scheduling (80% of training), achieving near-original per-
formance and sometimes outperforming DyT (e.g., 33.93
vs 33.69 dB on Urban100). SLAB is unstable and diverges
by the end of training.

SRFormer (74 NLs). Training with identity NL initially
works (∼ −0.5 dB) but later collapses; no stable config-
uration was found. DaMN with 30% retraining and α-
scheduling (80%) matches baseline performance. SLAB
approaches baseline but requires training from scratch.

Blind Image Denoising We perform our evaluation with
real-world blind image denoising using the Restormer [30]
model, trained on the SIDD dataset [1] and tested on SIDD
benchmark images. The model was reproduced using the

Table 5. Blind denoising results on SIDD dataset. * denotes that
further finetuning of the method has failed.

SIDD

Method PSNR (dB) SSIM

Original 40.02 0.9603

Identity 38.26* 0.9513*
DyT 39.98 0.9601
DaMN 39.96 0.9601

original Restormer repository 2 to match the reported re-
sults. Nearly 40% of the training dataset (without aug-
mentations) was used for calibrating statistics during sur-
rogate initialization. Fine-tuning with DaMN required 30%
of the epochs from the original training procedure, with al-
pha scheduling applied over 80% of the fine-tuning process.
DaMN and DyT results are close to the original reproduc-
tion results.

It is worth noting the behavior with identity. Identity
from scratch performed well during the first 7000 itera-
tions achieving the loss values comparable to reproduction:
5.78e−3 for identity in comparison to 5.82e−3. However,
after this point, the loss rapidly became NaN, indicating a
failure in training, and the model became clearly stuck The
results obtained during the first 4000 iterations are summa-
rized in Table 5.

Image Classification We evaluate DaMN on the

2https://github.com/swz30/Restormer
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Table 6. ImageNet Top-1 Accuracy (%) for Different Normaliza-
tion Removal Strategies. * denotes that further finetuning of the
method has failed. † denotes the affine surrogate transforms and
the smooth removal, except the sequential calibration.

Method Swin-B ViT-B ConvNeXt

Original 83.4 83.0 83.1

Identity 50.3* 53.5* 42.2*
Naive Removal Diverged Diverged Diverged
SkipInit [6] 72.3 74.1 73.1
Fixup [31] 77.5 77.2 73.7
DyT [34] 81.3 82.5 82.3
SLAB[9] 81.6 82.5 82.5
DaMN (ours) 81.2 82.6 82.7

ImageNet-1K [23] classification task using three represen-
tative transformer-based models: Swin-B [18], ViT-B [7],
and ConvNeXt-B [19]. The experimental setup and all the
technical details can be found in Appendix H.

Our method achieves results that are comparable to or
better than DyT, SLAB. But all methods incur high per-
formance degradation, up to 2% drop, from the reproduced
original models. Retain some LN is one of the ways to re-
duce this gap.

Other full-train approaches, requiring retraining from
scratch, such as SkipInit and Fixup improved upon the Iden-
tity initialization (72–77% accuracy), yet they still fell short
of the original models’ performance (83%).

LLM optimization We further evaluate our approach on
language models. We use the popular and modification-
friendly Modded-NanoGPT [14] to train a 128M-parameter
model on the FineWeb dataset due to its simplicity and low
computational demands.

Applying our method, we successfully remove 30 out of
45 normalization layers, retaining them only in the final two
decoder layers with further removal leading to model diver-
gence. We observe a slight improvement in validation loss,
from 3.29 (original) to 3.22 (DaMN), compared to 3.29 →
3.27 for DyT. We speculate that this performance gain may
be due to the original model not having fully converged.
Additionally, we remove half of normalization layers of
Qwen2.5-1.5B finetuned on OpenMathInstruct-2 [25], get-
ting minor performance drop 29.6 → 28.8 (Pass@1) on
MATH500 benchmark [11]. This demonstrates that the ap-
proach is applicable to models finetuned for downstream
tasks.

While these results are preliminary and require further
investigation, they suggest a promising direction for reduc-
ing the number of NL in large language models without sac-
rificing performance. We provide a full description of the
methodology and experimental details in Appendix I.

4.3. Efficiency gains
For efficiency gains we evaluate latency and energy con-
sumption among various GPUs and models. In this sec-
tion, we review this results briefly, for more detailed anal-
ysis of performance gains across a range of GPUs (A100,
A40, H100, V100 and RTX 2080Ti) and data types (BF16,
FP16 and FP32) please see Appendix A. Figure 1 presents
the relative improvements in inference time and energy con-
sumption of DyT and DaMN compared to the original mod-
els with normalization layers. These results are evaluated
on the A100 GPU. As we can see, DyT shows valuable
improvements (blue bars). For instance, replacing the nor-
malization layers with DyT for the Restormer model [30]
gives 13.7% and 14.3%, respectively. Also, we note that
DaMN achieves the most significant gains by entirely re-
moving normalization layers. DaMN outperforms DyT
by 1-6% in terms of inference time and energy consump-
tion (red bars), resulting in faster and more energy-efficient
configurations.

5. Conclusion
This paper has proved the efficiency of the new approach
(DaMN): normalization during training for convergence,
and elimination of normalization at inference to improve
efficiency. It is shown that the computational cost of nor-
malization layers in transformer-based DNNs is extremely
high. Removing these layers reduces inference time by
up to 18%, and energy consumption by up to 17%, on
NVIDIA GPUs. This makes DaMN a valuable tool for
cloud computing scenarios. Furthermore, we expect that
the benefits on neural network accelerators for embedded
devices, such as smartphones, will be even greater.

6. Limitations
While DaMN demonstrates that normalization layers can be
removed from pretrained transformer models with minimal
performance degradation, several limitations remain. First,
the method requires a calibration stage and a fine-tuning
phase, which introduces additional computational cost com-
pared to direct deployment of the pretrained model. Second,
the effectiveness of the affine surrogate relies on accurate
estimation of activation statistics; inaccurate moment esti-
mation may lead to instability during removal, particularly
in very deep networks. Third, our experiments indicate that
partial normalization removal may benefit in terms of accu-
racy preservation.
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