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Abstract

Normalization layers are ubiquitous in modern neural net-
works and have long been considered essential. This work
demonstrates that Transformers without normalization can
achieve the same or better performance using a remarkably
simple technique. We introduce Dynamic Tanh (DyT), an
element-wise operation DyT(x) = tanh(ax), as a drop-
in replacement for normalization layers in Transformers.
DyT is inspired by the observation that layer normaliza-
tion in Transformers often produces tanh-like, S-shaped
input-output mappings. By incorporating DyT, Transform-
ers without normalization can match or exceed the per-
formance of their normalized counterparts, mostly without
hyperparameter tuning. We validate the effectiveness of
Transformers with DyT across diverse settings, from recog-
nition to generation, supervised to self-supervised learning,
and computer vision to language models. These findings
challenge the conventional understanding that normaliza-
tion layers are indispensable in modern neural networks,
and offer new insights into their role in deep networks.

1. Introduction

Over the past decade, normalization layers have solidified
their positions as one of the most fundamental components
of modern neural networks. It all traces back to the in-
vention of batch normalization in 2015 [41], which enabled
drastically faster and better convergence in visual recogni-
tion models and quickly gained momentum in the following
years. Since then, many variants of normalization layers
have been proposed for different network architectures or
domains [5, 81, 83, 89]. Today, virtually all modern net-
works use normalization layers, with layer normalization
(Layer Norm, or LN) [5] being one of the most popular, par-
ticularly in the dominant Transformer architecture [20, 82].

The widespread adoption of normalization layers is
largely driven by their empirical benefits in optimization
[10, 68]. In addition to achieving better results, they help
accelerate and stabilize convergence. As neural networks
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Figure 1. Left: original Transformer block. Right: block with our
proposed Dynamic Tanh (DyT) layer. DyT is a straightforward
replacement for commonly used Layer Norm [5] (in some cases
RMSNorm [89]) layers. Transformers with DyT match or exceed
the performance of their normalized counterparts.

become wider and deeper, this necessity becomes ever more
critical [11, 38]. Consequently, normalization layers are
widely regarded as crucial, if not indispensable, for effec-
tive training of deep networks. This belief is subtly ev-
idenced by the fact that, in recent years, novel architec-
tures often seek to replace attention or convolution layers
[22, 29, 75, 78], but almost always retain normalization.

This paper challenges this belief by introducing a sim-
ple alternative to normalization layers in Transformers. Our
exploration starts with the observation that LN layers map
their inputs to outputs with tanh-like, S-shaped curves,
scaling the input activations while squashing the extreme
values. Inspired by this insight, we propose an element-
wise operation termed Dynamic Tanh (DyT), defined as:
DyT(x) = tanh(ax), where « is a learnable parameter.
This operation aims to emulate the behavior of LN by learn-
ing an appropriate scaling factor through « and squashing
extreme values via the bounded tanh function. Notably, un-
like normalization layers, it achieves both effects without
the need to compute activation statistics.

Employing DyT is straightforward, as shown in Figure 1:
we directly replace existing normalization layers with DyT
in architectures such as vision and language Transformers.
We empirically demonstrate that models with DyT can train
stably and achieve high final performance across a wide
range of settings. It often does not require tuning the hy-
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Figure 2. Output vs. input of selected layer normalization (LN) layers in Vision Transformer (ViT) [20], wav2vec 2.0 (a Transformer
model for speech) [7], and Diffusion Transformer (DiT) [64]. We sample a mini-batch of samples and plot the input / output values of
four LN layers in each model. The outputs are before the affine transformation in LN. The S-shaped curves highly resemble that of a tanh
function. The more linear shapes in earlier layers can also be captured by the center part of a tanh curve. This motivates us to propose
Dynamic Tanh (DyT) as a replacement, with a learnable scaler « to account for different scales on the x axis.

perparameters on the original architecture. Our work chal-
lenges the notion that normalization layers are indispens-
able for training modern neural networks and provides em-
pirical insights into the properties of normalization layers.

2. Background: Normalization Layers

We begin by reviewing the normalization layers. Most nor-
malization layers share a common formulation. Given an
input & with shape (B, T, C), where B is the batch size, T
is the number of tokens, and C' is the embedding dimension
per token, the output is generally computed as:

r—p
N
where € is a small constant, and -y and 3 are learnable vector
parameters of shape (C,). They are “scaling” and “shift-
ing” affine parameters that allow the output to be in any
range. The terms p and o2 denote the mean and variance
of the input. Different methods mainly differ in how these
two statistics are computed. This results in g and o2 hav-
ing different dimensions, each with appropriate broadcast-
ing needed in the tensor calculation.

Batch normalization (BN) [41] is the first modern nor-
malization layer, and it has been primarily used in Con-

normalization(x) = v * <

)+ﬁ (D

vNet models [33, 76, 84]. Its introduction represents a ma-
jor milestone in deep learning architecture designs. BN
computes the mean and variance across both the batch and
token dimensions, specifically: p % ZZ ; Tijh and
or = 57 2y (Tijk — f1)°. Other normalization layers
popular in ConvNets, such as group normalization [83] and
instance normalization [81], were initially proposed for spe-
cialized tasks such as object detection and image stylization.
They share the same overall formulation but differ in the
axes and ranges over which the statistics are computed.

Layer normalization (LN) [5] and root mean square
normalization (RMSNorm) [89] are the major two types
of normalization layers used in Transformer architectures.
LN computes these statistics independently for each to-
ken in each sample, where p;; = % > & Tijr and Ufj
&3 (@ije — ,Uq;j)2. RMSNorm [89] simplifies LN by re-
moving the mean-centering step and normalizing the input
with 1;; = 0 and 07, = £ 3, 7, Today, most modern
neural networks use LN due to its simplicity and universal-
ity. Recently, RMSNorm has gained popularity, particularly
in language models like T5 [66], LLaMA [21, 79, 80], Mis-
tral [43], Qwen [8, 87], InternLM [13, 91] and DeepSeek
[30, 49]. The Transformers we examine in this work all use
LN, except that LLaMA uses RMSNorm.
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Figure 3. Output vs. input of two LN layers, with tensor elements colored to indicate different channel and token dimensions. The
input tensor has a shape of (samples, tokens, and channels), with elements visualized by assigning consistent colors to the same tokens
(left two panels) and channels (right two panels). Left two panels: points representing the same token (same color) form straight lines
across different channels, as LN operates linearly across channels for each token. Interestingly, when plotted collectively, these lines form
a non-linear tanh-shaped curve. Right two panels: each channel’s input spans different ranges on the z-axis, contributing distinct segments
to the overall tanh-shaped curve. Certain channels (e.g., red, green, and pink) exhibit more extreme x values, which are squashed by LN.

3. What Do Normalization Layers Do?

Analysis setup. We first empirically study the behaviors of
normalization layers in trained networks. For this analysis,
we take a Vision Transformer model (ViT-B) [20] trained
on ImageNet-1K [19], a wav2vec 2.0 Large Transformer
model [7] trained on LibriSpeech [63], and a Diffusion
Transformer (DiT-XL) [64] trained on ImageNet-1K. In all
cases, LN is applied in every Transformer block and before
the final linear projection.

For all three trained networks, we sample a mini-batch
of samples and do a forward pass through the network. We
then measure the input and output for the normalization lay-
ers, i.e., tensors immediately before and after the normaliza-
tion operation, before the learnable affine transformation.
Since LN preserves the dimensions of the input tensor, we
can establish a one-to-one correspondence between input
and output elements, allowing a direct visualization of their
relationship. We plot the resulting mappings in Figure 2.

Tanh-like mappings with layer normalization. For all
three models, in earlier LN layers (1st column of Figure 2),
we find this input-output relationship to be mostly linear,
resembling a straight line in an z-y plot. However, deeper
LN layers are where we make more intriguing observations.
A striking observation from these deeper layers is that
most of these curves’ shapes resemble full or partial S-
shaped curves represented by a tanh function. One might
expect LN layers to linearly transform the input tensor, as
subtracting the mean and dividing by standard deviation are
linear operations. LN normalizes in a per-token manner,
only linearly transforming each token’s activations. As to-
kens have different mean and standard deviation values, the
linearity does not hold collectively on all activations of the
input tensor. Nonetheless, it is surprising that the non-linear
transformation is highly similar to a scaled tanh function.
For such an S-shaped curve, we note that the central part,
represented by points with x values close to zero, is mainly
in a linear shape. Most points (~99%) fall in this linear
range. However, there are many points that clearly fall out

of this range, which are considered to have “extreme” val-
ues, e.g., those with x larger than 50 or smaller than -50 in
the ViT model. Normalization layers’ main effect for these
values is to squash them into less extreme values, more in
line with the majority of points. This is where normalization
layers could not approximated by a simple affine transfor-
mation layer. We hypothesize this non-linear and dispro-
portional squashing effect on extreme values is what makes
normalization layers important and indispensable.

Recent findings by Ni et al. [62] similarly highlight the
strong non-linearities introduced by LN layers, demonstrat-
ing how the non-linearity enhances a model’s representa-
tional capacity. Moreover, this squashing behavior mirrors
the saturation properties of biological neurons for large in-
puts, a phenomenon observed about a century ago [1-3].

Normalization by tokens and channels. How does an LN
layer perform a linear transformation for each token but also
squash the extreme values in such a non-linear fashion? To
understand this, we visualize the points grouped by tokens
and channels, respectively. This is plotted in Figure 3 by
taking the second and third subplots for ViT from Figure 2,
but with a sampled subset of points for more clarity. When
we select the channels to plot, we make sure to include the
channels with extreme values.

On the left two panels of Figure 3, we visualize each to-
ken’s activations using the same color. We observe that all
points from any single token do form a straight line. How-
ever, since each token has a different variance, the slopes are
different. Tokens with smaller input x ranges tend to have
smaller variance, and the normalization layer will divide
their activations using a smaller standard deviation, hence
producing a larger slope in the straight line. Collectively,
they form an S-shaped curve that resembles a tanh function.
In the two panels on the right, we color each channel’s acti-
vations using the same color. We find that different channels
tend to have drastically different input ranges, with only a
few channels (e.g., red, green, and pink) exhibiting large ex-
treme values. These are the channels that get squashed the
most by the normalization layer.
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4. Dynamic Tanh (DyT)

Inspired by the similarity between shapes of normaliza-
tion layers and a scaled tanh function, we propose Dy-
namic Tanh (DyT) as a replacement for normalization lay-
ers. Given input tensor «, a DyT layer is defined as follows:

DyT(x) = ~ * tanh(az) + B ()

where « is a learnable scalar parameter that allows scal-
ing the input differently based on its range, accounting for
varying x scales (Figure 2). This is also why we name the
whole operation “Dynamic” Tanh. ~ and 3 are learnable,
per-channel vector parameters, the same as those used in all
normalization layers—they allow the output to scale back to
any scales. This is sometimes considered a separate affine
layer; for our purposes, we consider them to be part of the
DyT layer, just like how normalization layers also include
them. See Algorithm | for Pytorch-like pseudocode of DyT.

Algorithm 1 Pseudocode of DyT layer.

# input x has the shape of [B, T, C]
# B: batch size, T: tokens, C: dimension
class DyT (Module) :
def _ _init_ (self, C, init_o):
super () .__init__ ()
self.a = Parameter(ones(l) * init_«)
self.~ = Parameter (ones(C))
self.3 = Parameter (zeros(C))

def forward(self, x):
x = tanh(self.alpha * x)
return self.vy * x + self.(

Integrating DyT layers into an existing architecture is
straightforward: one DyT layer replaces one normalization
layer (see Figure 1). This applies to normalization layers
within attention blocks, FFN blocks, and the final normal-
ization layer. Although DyT may look like or be consid-
ered an activation function, this study only uses it to replace
normalization layers without altering parts of the activation
functions in the original architectures, such as GELU or
ReLU. Other parts of the network remain intact. We also
observe that there is minimal need to tune the hyperparam-
eters for the original architectures for DyT to perform well.

On scaling parameters. We always simply initialize ~
to an all-one vector and 3 to an all-zero vector following
normalization layers. For the scaler parameter «, a default
initialization of 0.5 is generally sufficient, except for LLM
training. A detailed analysis of « initialization is provided
in Section 7. Unless explicitly stated otherwise, « is initial-
ized to 0.5 in our subsequent experiments.

Remarks. DyT is not a new type of normalization layer,
as it operates on each input element from a tensor indepen-
dently during a forward pass without computing statistics
or other types of aggregations. It does, however, preserve
the effect of normalization layers in squashing the extreme
values in a non-linear fashion while almost linearly trans-
forming the very central parts of the input.

5. Experiments

To demonstrate the effectiveness of DyT, we experiment
with Transformers and a few other modern architectures
across a diverse range of tasks and domains. In each ex-
periment, we replace the LN or RMSNorm in the original
architectures with DyT layers and follow the official open-
source protocols to train and test both versions of the mod-
els. Detailed instructions for reproducing our results are
provided in Appendix A. Notably, to highlight the simplic-
ity of adapting DyT, we use hyperparameters identical to
those used by the normalized counterparts. For complete-
ness, additional results regarding tuning of learning rates
and initial values of « are provided in Appendix F.

Supervised learning in vision. We train Vision Trans-
former (ViT) [20] and ConvNeXt [50] of Base” and Large”
sizes on the ImageNet-1K classification task [19]. These
models are selected due to their popularity and distinct op-
erations: attention in ViT and convolution in ConvNeXt.
Table 1 reports the top-1 classification accuracies. DyT per-
forms slightly better than LN across both architectures and
model sizes. We further plot the training loss for ViT-B and
ConvNeXt-B in Figure 4. The curves show that the conver-
gence behaviors of DyT and LN-based models are aligned.

model LN DyT change
ViT-B 823%  825%  10.2%
ViT-L 83.1%  83.6%  10.5%

ConvNeXt-B 83.7% 83.7% -
ConvNeXt-L 84.3% 84.4%  10.1%

Table 1. Supervised classification accuracy on ImageNet-1K.
DyT achieves better or similar performance than LN across both
architectures and model sizes.
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Figure 4. Training loss curves for ViT-B and ConvNeXt-B. The
curves for both models exhibit similar patterns between LN and
DyT, suggesting that they may share similar learning dynamics.
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Figure 5. LLaMA pretraining loss. The loss curves of DyT and RMSNorm models are closely aligned across model sizes.

Self-supervised learning in vision. = We benchmark
with two popular visual self-supervised learning methods:
masked autoencoders (MAE) [34] and DINO [14]. Both
by default use Vision Transformers as backbones, but have
different training objectives: MAE is trained with a recon-
struction loss, and DINO uses a joint-embedding loss [47].
Following the standard self-supervised learning protocol,
we first pretrain models on ImageNet-1K without using la-
bels and then test the pretrained models by attaching a clas-
sification layer and fine-tuning them with labels. The fine-
tuning results are presented in Table 2. DyT consistently
performs on par with LN in self-supervised learning tasks.

model LN DyT change
MAE ViT-B 832%  83.2% -

MAE ViT-L 855%  854% | 0.1%
DINO ViT-B (patch size 16)  83.2%  83.4%  10.2%
DINO ViT-B (patch size 8) 84.1%  845%  104%

Table 2. Self-supervised learning accuracy on ImageNet-1K.
DyT performs on par with LN across different methods and sizes.

Diffusion models. We train three Diffusion Transformer
(DiT) models [64] of sizes B, L and XL on ImageNet-1K
[19]. The patch size is 4, 4, and 2, respectively. Note that
in DiT, the LN layers’ affine parameters are used for class
conditioning in DiT, and we keep them that way in our DyT
experiments, only replacing the normalizing transformation
with the tanh (o) function. After training, we evaluate the
Fréchet Inception Distance (FID) scores using the standard
ImageNet “reference batch”, as presented in Table 3. DyT
achieves comparable or improved FID over LN.

model LN DyT  change
DiT-B 649 639 J1.0
DiT-L 459 457 10.2
DIT-XL 199  20.8 170.9

Table 3. Image generation quality (FID) on ImageNet. DyT
achieves comparable FID scores to LN across various model sizes.

Large Language Models. We pretrain LLaMA 7B, 13B,
34B, and 70B models [21, 79, 80] to assess DyT perfor-
mance relative to RMSNorm [89], the default normaliza-
tion layer used in LLaMA. The models are trained on The
Pile dataset [25] with 200B tokens, following the original
recipe outlined in LLaMA [80]. On LLaMA with DyT, we
add a learnable scalar parameter after the initial embedding
layer, and adjust the initial value of «, as detailed in Sec-
tion 7. We report the loss value after training and also follow
OpenLLaMA [26] to benchmark the models on 15 zero-shot
tasks from 1m-eval [24]. As shown in Table 4, DyT per-
forms on par with RMSNorm across all four model sizes.
Figure 5 illustrates the loss curves, demonstrating similar
trends across all model sizes, with training losses closely
aligned throughout training.

score / loss RMSNorm DyT change
LLaMA 7B 0.513/1.59 0.513/1.60 -/10.01
LLaMA 13B 0.529/1.53 0.529/1.54 -/710.01
LLaMA 34B 0.536/1.50 0.536/1.50 -/-
LLaMA 70B 0.549/1.45 0.549/1.45 -/-

Table 4. Language models’ training loss and average perfor-
mance with 15 zero-shot 1m-eval tasks. DyT achieves a com-
parable zero-shot performance and training loss to RMSNorm.

Self-supervised learning in speech. We pretrain two
wav2vec 2.0 Transformer models [7] on the LibriSpeech
dataset [63]. We retain the first group normalization layer,
as it functions as data normalization to handle the unnor-
malized input data. Table 5 reports the final validation loss.
We observe that DyT performs comparably to LN.

model LN DyT  change
wav2vec 2.0 Base 1.95 1.95 -
wav2vec 2.0 Large 1.92 1.91 10.01

Table 5. Speech pretraining validation loss on LibriSpeech.
DyT performs comparably to LN for both wav2vec 2.0 models.
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Figure 6. Curves of three squashing functions: tanh,
hardtanh, and sigmoid. All three functions squash in-
puts into a bounded range, but tanh achieves the best
performance when used in DyT layers. We suspect it
is due to its smoothness and zero-centered properties.

DNA sequence modeling. On the long-range DNA se-
quence modeling task, we pretrain the HyenaDNA model
[60] and the Caduceus model [69]. The pretraining uses hu-
man reference genome data from [27], and the evaluation
is on GenomicBenchmarks [28]. Results are presented in
Table 6. DyT maintains performance comparable to LN.

model LN DyT change
HyenaDNA [60]  852%  85.2% -
Caduceus [69] 86.9% 86.9% -

Table 6. DNA classification accuracy on GenomicBenchmarks,
averaged over each dataset in GenomicBenchmarks. DyT achieves
comparable performance to LN.

6. Analysis

We conduct two studies examining the roles of the tanh
function and the learnable scale «.

6.1. Ablations of tanh and «

To further investigate the role of tanh and « in DyT, we
conduct experiments to evaluate the model’s performance
when these components are altered or removed.

Replacing and removing tanh. We replace tanh in DyT
layers with alternative squashing functions, specifically
hardtanh and sigmoid (Figure 6), while keeping the learn-
able scaler « intact. Furthermore, we assess the impact of
completely removing tanh by replacing it with the identity
function while still retaining «. As shown in Table 7, the
squashing function is essential for stable training. Using the
identity function leads to unstable training and divergence,

model identity tanh hardtanh  sigmoid
ViT-S 58.5% — failed  80.3% 79.9% 79.6%
ViT-B  61.0% — failed  82.5% 82.2% 81.6%

Table 7. ImageNet-1K classification accuracy with different
squashing functions. All experiments follow the same training
recipe as the original LN-based models. Squashing functions play
a crucial role in preventing divergence, with tanh achieving the
highest performance among the three functions. “— failed” indi-
cates that training diverged after some progress, with the preceding
number representing the accuracy reached before divergence.

Figure 7. Left: For two selected DyT layers from the ViT-B model, we track «
and the inverse of the standard deviation (1/std) of activations at the end of each
epoch, observing that they evolve together during training. Right: We plot the
final « values of two models, ViT-B and ConvNeXt-B, against the 1/std of the
input activations, demonstrating a strong correlation between the two values.

whereas squashing functions enable stable training. Among
the squashing functions, tanh performs the best. This is pos-
sibly due to its smoothness and zero-centered properties.

Removing a. Next, we evaluate the impact of removing
the learnable o while retaining the squashing functions. As
shown in Table 8, removing « results in performance degra-
dation across all squashing functions, highlighting the criti-
cal role of « in overall model performance.

model tanh hardtanh  sigmoid
without o 81.1% 80.7% 80.7%
with « 82.5% 82.2% 81.6%

Table 8. ImageNet-1K classification accuracy with ViT-B. All
experiments follow the same training recipe as the original LN-
based models. « is essential for enhancing model performance.

6.2. Values of «

During training. Our analysis reveals that the « closely
tracks the 1/std of activations throughout training. As illus-
trated in the left panel of Figure 7, « first decrease and then
increase during training, but always fluctuate consistently
with the standard deviation of activations. This supports the
important role of o in maintaining activations within a suit-
able range, which leads to stable and effective training.

After training. Our further analysis of the final values of
« in trained networks reveals a strong correlation with the
1/std of the input activations. As shown on the right panel
of Figure 7, higher 1/std values generally correspond to
larger «v values, and vice versa. Additionally, we observe
that deeper layers tend to have activations with larger stan-
dard deviations. This trend aligns with characteristics of
deep residual networks, as shown in Brock et al. [11] for
ConvNets, and Sun et al. [74] for Transformers.

Both analyses suggest that « acts as a normalization
mechanism, learning values close to 1/std of the input acti-
vations. Unlike LN, which normalizes per token, oo normal-
izes the entire input collectively and cannot suppress ex-
treme values non-linearly.
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Figure 8. Performance of different tasks across different oy values. We benchmark the performance of all non-LLM tasks used in
Section 5 with different initial values of a. Performance remains stable across a wide range of g values. The only exception is that
supervised ViT-L models (top right panel) will diverge for ag values larger than 0.6.

7. Initialization of «

We find that tuning the initialization of « (denoted )
rarely leads to significant performance improvements. The
only exception is LLM training, where careful tuning of a
yields noticeable performance gains. In this section, we de-
tail our findings on the impact of « initialization.

7.1. Initialization of o for Non-LLM Models

Non-LLM models are relatively insensitive to «. Fig-
ure 8 shows the effect of varying o on validation per-
formance across different tasks. All experiments follow
the original setup and hyperparameters of their respective
recipe. We observe that performance remains stable across
a wide range of aq values, with values between 0.5 and 1.2
generally yielding good results. We observe that adjust-
ing «v typically affects only the early stages of the train-
ing curves. The main exception is supervised ViT-L experi-
ments, where training becomes unstable and diverges when
g exceeds 0.6. In such cases, reducing the learning rate
restores stability, as detailed below.

Smaller oy results in more stable training. Building on
previous observations, we further analyze the factors con-
tributing to training instability. Our findings suggest that
increasing either the model size or the learning rate requires
lowering aq to ensure stable training. Conversely, a higher
g requires a lower learning rate to mitigate training insta-
bility. Figure 9 shows the ablation of the training stabil-
ity of supervised ViT with ImageNet-1K dataset. We vary
learning rates, model sizes, and oy values. Training a larger
model is more prone to failure, requiring smaller oy values
or learning rates for stable training. A similar instability
pattern is also observed in LN-based models under compa-
rable conditions, and setting cvg = 0.5 results in a stability
pattern similar to that of LN.

Setting oy = 0.5 as the default. Based on our findings, we
set ag = 0.5 as the default value for all non-LLM models.
This setting provides training stability comparable to LN
while maintaining strong performance.

7.2. Initialization of o for LLMs

Tuning oy enhances LLM performance. As discussed
earlier, the default setting of oy = 0.5 generally per-
forms well across most tasks. However, we find tuning o
can substantially improve LLM performance. We tune ay
across LLaMA models by pretraining each on 30B tokens
and comparing their training losses. Table 9 summarizes the
tuned ag values for each model. Two key findings emerge:

1. Larger models require smaller o values. Once the
optimal o is determined for smaller models, the search
space for larger models can be reduced accordingly.

2. Higher o values for attention blocks improve per-
formance. We find that initializing o with higher values
for DyT layers in attention blocks and lower values for
DyT layers in other locations (i.e., within FFN blocks or
before the final linear projection) improves performance.

model width  depth optimal o
(attention/other)
LLaMA 7B 4096 32 0.8/0.2
LLaMA 13B 5120 40 0.6/0.15
LLaMA 34B 8196 48 0.2/0.05
LLaMA 70B 8196 80 0.2/0.05

Table 9. Optimal o for different LLaMA models. Larger mod-
els require smaller g values. We find it is important to initialize
« differently in (1) attention blocks (“attention”), versus (2) the
FFN blocks, and the final DyT layer before outputs (“other”). ag
in attention blocks require larger values.

Further details and visualizations of the tuning of the ini-
tial value of o of LLMs are provided in the appendix C.
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nd model sizes. We train supervised ViT models on the ImageNet-1K

dataset and observe that larger models are more prone to instability for both LN and DyT models. Lowering the learning rate or reducing

oo enhances stability. LN shows similar stability to DyT with aq

8. Related Work

Mechanisms of normalization layers. There has been a
rich line of work investigating normalization layers’ role
in enhancing model performance through various mecha-
nisms. These include stabilizing gradient flow during train-
ing [9, 17, 52], reducing sensitivity to weight initializa-
tion [18, 70, 90], moderating outlier eigenvalues [10, 44],
auto-tuning learning rates [4, 77], and smoothing the loss
landscape for more stable optimization [68]. These ear-
lier works focused on studying batch normalization. Re-
cent studies [16, 53, 59] further highlight the connection be-
tween normalization layers and sharpness reduction, which
contributes to better generalization.

Normalization in Transformers. With the rise of Trans-
former [82], research has increasingly focused on layer
normalization [5], which has proven particularly effective
for sequential data in natural language tasks [61, 85, 86].
Recent work [62] reveals that layer normalization intro-
duces strong non-linearity, enhancing the model’s represen-
tational capacity. Additionally, studies [48, 51] demonstrate
that modifying the location of normalization layers within
Transformers can improve convergence properties.

Removing normalization. Many studies have explored
how to train deep models without normalization layers.
Several works [6, 18, 90] explore alternative weight ini-
tialization schemes to stabilize training. Self-normalizing
networks [45] introduce scaled exponential linear units
(SELUs) and a carefully chosen initialization scheme to
maintain stable activations and gradient flow without the
need for explicit normalization layers. The pioneering work
by Brock et al. [11, 12] show that high-performing ResNets
can be trained without normalization [72] through combi-
nation of initialization techniques [18], weight normaliza-
tion [37, 65, 67], and adaptive gradient clipping [12]. Addi-
tionally, their training strategy incorporates extensive data
augmentation [15] and regularization [36, 73]. The studies
above are based on various ConvNet models.

=0.5.

In Transformer architectures, He and Hofmann [32] ex-
plore modifications to Transformer blocks that reduce re-
liance on normalization layers and skip connections. Jha
and Reagen [42] introduce AERO, a Softmax-only LLM
that improves inference efficiency and privacy with minimal
performance loss. Alternatively, Heimersheim [35] propose
a method to gradually remove LN from pretrained networks
by fine-tuning the model after removing each normaliza-
tion layer. Unlike previous approaches, DyT requires min-
imal modifications to both the architecture and the training
recipe. Despite its simplicity, DyT achieves stable training
and comparable performance.

9. Limitations

We conduct experiments on networks using either LN or
RMSNorm because of their popularity in Transformers and
other modern architectures. Preliminary experiments (see
Appendix E) indicate that DyT struggles to replace BN di-
rectly in classic networks like ResNets. It remains to be
studied in more depth whether and how DyT can adapt to
models with other types of normalization layers.

10. Conclusion

In this work, we demonstrate modern neural networks, in
particular Transformers, can be trained without normaliza-
tion layers. This is done through Dynamic Tanh (DyT),
a simple replacement for traditional normalization layers.
It adjusts the input activation range via a learnable scaling
factor o and then squashes the extreme values through an
S-shaped tanh function. Although a simpler function, it ef-
fectively captures the behavior of normalization layers. Un-
der various settings, models with DyT match or exceed the
performance of their normalized counterparts. The findings
challenge the conventional understanding of the necessity
of normalization layers in training modern neural networks.
Our study also contributes to understanding the mechanisms
of normalization layers, one of the most fundamental build-
ing blocks in deep neural networks.
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