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Abstract

Recently, DeepNorm scales Transformers into001
extremely deep (i.e., 1000 layers) and reveals002
the promising potential of deep scaling. To003
stabilize the training of deep models, Deep-004
Norm (Wang et al., 2022a) attempts to con-005
strain the model update to a constant value. Al-006
though applying such a constraint can benefit007
the early stage of model training, it may lead to008
undertrained models during the whole training009
procedure. In this paper, we propose Branch-010
Norm, which dynamically rescales the non-011
residual branch of Transformer in accordance012
with the training period. BranchNorm not only013
theoretically stabilizes the training with smooth014
gradient norms at the early stage, but also en-015
courages better convergence in the subsequent016
training stage. Experimental results on multiple017
translation tasks demonstrate that BranchNorm018
achieves a better trade-off between training sta-019
bility and converge performance.020

1 Introduction021

In recent years, Transformers (Vaswani et al., 2017)022

have been developed rapidly and achieved state-of-023

the-art (SOTA) performance on a wide range of024

tasks. Meanwhile, the model capacity gets sub-025

stantially expanded by widening the model dimen-026

sion (Devlin et al., 2019; Liu et al., 2019; Lin et al.,027

2021; Smith et al., 2022). Given that deep neural028

models learn feature representations with multi-029

ple layers of abstraction (LeCun et al., 2015), it is030

more attractive to increase model capacity by scal-031

ing depths than widths. Unfortunately, due to the032

training instability of Transformers, the depths of033

these SOTA models are still relatively shallow (Ka-034

plan et al., 2020; Hoffmann et al., 2022).035

To stabilize the training of Transformers, there036

have been various efforts on better architec-037

tures (Shleifer et al., 2021; Wang et al., 2022b,038

2023), or the implementation of proper initializa-039

tion (Zhang et al., 2019a; Huang et al., 2020; Wang040
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Figure 1: BLEU(%) scores on the WMT2014 En-Fr
machine translation benchmark upon fully convergent
models. The term ‘Gap’ denotes the observed decrease
in performance when DeepNorm is applied to the vanilla
Transformer."

et al., 2022a). Among them, the most representa- 041

tive approach is DeepNorm (Wang et al., 2022a), 042

which first scales Transformers to 1000 layers and 043

significantly outperforms existing shallow counter- 044

parts. 045

Specifically, DeepNorm aims to constrain the 046

model update to a constant level by upweighting 047

the residual connections in Transformer and reduc- 048

ing the variance of parameter initialization. As a 049

result, the stability of Transformers is improved in 050

the early training stage. However, such constraints 051

on the magnitude of parameter updates may ulti- 052

mately yield undertrained models during the subse- 053

quent training stage. To verify the above conjecture, 054

we first conduct experiments on shallow models to 055

ensure that all models can be trained stably to con- 056

vergence. As shown in Figure 1, it is observed 057

that DeepNorm brings a certain degree of perfor- 058

mance decline on vanilla Transformers, and this 059

issue tends to get worse when models get deeper. 060

To address the above issue, we propose a simple 061

yet effective approach to robustly scale extremely 062
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deep Transformers, named BranchNorm. Specifi-063

cally, the non-residual branch1 of the Transformer064

is dynamically rescaled in accordance with the065

training period. In the early stage of model training,066

BranchNorm theoretically stabilizes the training067

with smooth gradient norms. While in the sub-068

sequent training stage, BranchNorm progressively069

degenerates into vanilla Post-LayerNorm (i.e., Post-070

LN) to promote better convergence. Experiments071

on a wide range of tasks show that BranchNorm072

brings consistent improvement over DeepNorm,073

and effectively alleviates the above undertrained074

issue. Moreover, BranchNorm performs more ro-075

bustly on some key hyperparameters (e.g., warmup,076

and learing rate) than DeepNorm, which makes it077

likely to be a portable alternative for scaling ex-078

tremely deep Transformers.079

The contributions of this paper can be summa-080

rized as follows 2:081

• We introduce BranchNorm, a straightforward082

yet effective normalization method to stabilize083

the training of extremely deep Transformers.084

• BranchNorm demonstrates superior training085

stability and convergence performance com-086

pared to existing methods, across a series of087

extremely deep models and various tasks.088

• BranchNorm is able to alleviate the problem089

of parameter redundancy in extremely deep090

models, from the perspective of representing091

similarity and sparsity of activation functions.092

2 Background093

In this section, we first provide a brief introduction094

of the existing DeepNorm.095

DeepNorm. DeepNorm follows the Post-096

LayerNorm (i.e., Post-LN) architecture and097

rescales the residual branch with a scalar factor098

α > 1. Formally, the l-th sub-layer in DeepNorm099

conduct calculations as follows:100

xl+1 = LN(αxl + F (xl; θl)) (1)101

where LN is an abbreviation for LayerNorm, F102

represents the function of the current sub-layer (at-103

tention or feed-forward) and θl denotes the corre-104

sponding parameters of the l-th sub-layer. In addi-105

tion, DeepNorm reduces the variance of the initial106

1Note that we name the residual connections in Trans-
former as ‘residual branch’ and the other branch as ‘non-
residual branch’ in this paper.

2Codes will be made publicly once acceptance.

parameters by scaling factor β < 1. Both the α and 107

β are functions of model depths, which are derived 108

from the assumption of constant model update. For 109

a standard Transformer with N -layer encoder and 110

M -layer decoder, DeepNorm calculate α and β: 111

αencoder = 0.81(N4M)
1
16

βencoder = 0.87(N4M)
− 1

16

αdecoder = (3M)
1
4

βdecoder = (12M)−
1
4

(2) 112

Note that β merely affects the model initialization, 113

whereas α is used and remains fixed throughout 114

the whole training procedure. Moreover, with the 115

model gets deeper, DeepNorm will assign larger 116

value to α, which leads to the model outputs xl+1 117

depend too much on the residual branch αxl. In 118

turn, the model parameters θl on the non-residual 119

branch may get insufficient training. 120

3 Approaches 121

In this section, we first analyze the instability of 122

Post-LN from the perspective of gradient norm, 123

then demonstrate how DeepNorm can alleviate the 124

unbalanced gradients to a certain extent, and finally 125

introduce our proposed method BranchNorm. 126

3.1 Perspective of Gradient 127

Unbalanced gradients are mainly responsible for 128

the instability of Transformer3 (Wang et al., 2019; 129

Shleifer et al., 2021; Zhu et al., 2021), we firstly 130

explore the relation between gradient and model 131

depth following Wang et al. (2019). Given a Trans- 132

former with L sub-layers and the training loss E , 133

the gradient for the l-th sub-layer is calculated by 134

the chain rule4: 135

∂E
∂xl

=
∂E
∂xL︸︷︷︸

irreducible

×
L−1∏
k=l

∂LN (F (xk; θk))

∂F (xk; θk)︸ ︷︷ ︸
LN

×

L−1∏
k=l

(
1 +

∂F (xk; θk)

∂xk

)
︸ ︷︷ ︸

residual

(3) 136

3In recent years, there are also researchers questioning this
point and providing different perspectives (Liu et al., 2020;
Wang et al., 2022a). Given that more explorations and discus-
sions are needed to make it out, we still conduct analysis from
the perspective of the gradient norm in this paper.

4More detailed derivations are listed in Appendix C.
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where the gradient consists of three terms, namely137

the irreducible item, the LN item and the residual138

item. It should be noted that the last two items are139

multiplicative with respect to the number of model140

layers L. Once L gets larger, the values of the last141

two items may become very large or very small,142

which can cause the gradient to vanish or explode.143

Similarly, we analyze the gradient of DeepNorm144

based on Equation (1), and get its gradient at the145

l-th sub-layer is calculated by:146

∂E
∂xl

=
∂E
∂xL︸︷︷︸

irreducible

×
L−1∏
k=l

(
∂LN (αxk + F (xk; θl))

∂ (αxk + F (xk; θl))

)
︸ ︷︷ ︸

LN

×

L−1∏
k=l

(
α+

∂F (xk; θk)

∂xk

)
︸ ︷︷ ︸

residual

(4)147

As L increases, DeepNorm enhances training sta-148

bility by increasing the value of α. Theoretically,149

α can go to infinity to represent the upper bound of150

DeepNorm’s stability. Here, we introduce this as-151

sumption to simplify the derivation: If α get large152

enough, i.e., α → ∞, the LN item can be approx-153

imated as
∏L−1

k=l
∂LN(αxk)
∂(αxk)

, and the residual item154

can be approximated as
∏L−1

k=l α, we put them into155

Equation (4) and can simplify it as follows:156

∂E
∂xl

≈ ∂E
∂xL︸︷︷︸

irreducible

×
L−1∏
k=l

(
∂LN (αxk)

∂ (αxk)

)
︸ ︷︷ ︸

LN

×
L−1∏
k=l

α︸ ︷︷ ︸
residual

=
∂E
∂xL︸︷︷︸

irreducible

×
L−1∏
k=l

(
∂LN (xk)

∂xk
· 1
α

)
︸ ︷︷ ︸

LN

×
L−1∏
k=l

α︸ ︷︷ ︸
residual

=
∂E
∂xL︸︷︷︸

irreducible

×
L−1∏
k=l

∂LN (xk)

∂xk︸ ︷︷ ︸
LN

(α → ∞)

(5)157

When compared to the gradient of Post-LN in Equa-158

tion (3), DeepNorm can approximately eliminate159

the last residual item
∏L−1

k=l

(
1 + ∂F(xk;θk)

∂xk

)
. Con-160

sidering that this residual item is calculated by the161

multiplication of a sequence of gradients, such a162

multiplication term can easily become very large163

or very small as the number of model layers L164

becomes large. Therefore, eliminating this term165

can help to mitigate the problem of vanishing or166

exploding gradients. Although a larger α in Deep-167

Norm generally results in more stable gradients,168

Self-Attention

Feed Forward

Layer-Norm

Layer-Norm

N×

× dynamic alpha 

Self-Attention

Feed Forward

Layer-Norm

Layer-Norm

N×

× fixed alpha

× dynamic alpha × fixed alpha

BranchNorm (ours)DeepNorm (baseline)

Figure 2: Structure differences between DeepNorm and
BranchNorm: DeepNorm applies fixed α on residual
branches, while BranchNorm applies dynamic α on non-
residual branches.

it may come at the expense of final convergence 169

performance, as mentioned above. Given that the 170

unbalanced gradients generally occur during the 171

early training stage, it may be more appropriate if 172

α can be varied based on the training period. 173

3.2 BranchNorm 174

In this section, we summarize the observations 175

from previous sections and introduce BranchNorm: 176

xl+1 = LN(xl + αF (xl; θl)) (6) 177

As shown in Figure 2, BranchNorm is analogous 178

to the dual form of DeepNorm, but with two key 179

differences: First, our BranchNorm utilizes a dy- 180

namic factor (i.e., α) that allows it to normalize 181

gradients during the early training stage and gradu- 182

ally eliminate the negative effects of these normal- 183

izations during the later stage. In contrast, Deep- 184

Norm applies a fixed factor to constrain the model 185

updates regardless of the stage of training. Sec- 186

ond, unlike DeepNorm, which stabilizes model 187

gradients by upweighting the residual branch of 188

the Transformer and requires the strong assump- 189

tion in Equation (4), our BranchNorm directly ad- 190

justs the parameter branch of the Transformer (i.e., 191

non-residual branch). This allows for more precise 192

control of model gradients, without the need for 193

the strong assumption introduced by DeepNorm. 194

To make the α in BranchNorm sensitive to the 195

training stage, we adopt a simple linear function5 196

5We explore the effects of different growing strategies of
α in Section 6.1, and end up with the simplest linear one.
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with respect to the training step t as follow:197

αt = min(1.0, t/T ) (7)198

where T is a predefined maximum number of steps199

to conduct BranchNorm. At the very beginning of200

training, αt is approaching 0, which means that the201

model approximates the constant transformation202

and gets updated with smooth gradients. Once the203

training step t reaches the predefined maximum204

step T , BranchNorm degenerates to the vanilla205

Post-LN to achieve better convergence. Following206

the theoretical analysis in the preceding sections,207

we derive the gradient of BranchNorm for the l-th208

sub-layer as follows:209

∂E
∂xl

=
∂E
∂xL︸︷︷︸

irreducible

×
L−1∏
k=l

∂LN (xk + αF (xk; θl))

∂ (xk + αF (xk; θl))︸ ︷︷ ︸
LN

×

L−1∏
k=l

(
1 + α

∂F (xk; θl)

∂xk

)
︸ ︷︷ ︸

residual

=
∂E
∂xL︸︷︷︸

irreducible

×
L−1∏
k=l

∂LN (xk)

∂xk︸ ︷︷ ︸
LN

(α = 0)

(8)210

At the very beginning of training, when com-211

pared with the Post-LN in Equation (3), Branch-212

Norm can stabilize the gradient norm through213

approximately eliminating the last residual item214 ∏L−1
k=l

(
1 + ∂F(xk;θk)

∂xk

)
. However, DeepNorm re-215

quires a relatively strong assumption (α → ∞) in216

Equation (5) to achieve the same purpose. Experi-217

mentally, as shown in Figure 3, we observe that the218

gradient of BranchNorm is smoother at the begin-219

ning of training, indicating that its training process220

is more stable.221

4 Experiment Settings222

We conduct extensive experiments on bilingual223

translation, text summarization and language mod-224

eling tasks to verify our approach. In this sec-225

tion, we will describe our experimental settings226

and present the main results.227

4.1 Datasets and Evaluations228

Machine Translation. We use the standard229

WMT 2017 English-German (En-De) with 4.5M230

pairs and the WMT 2014 English-French (En-Fr)231

Figure 3: Gradient norm (solid line) and negative log
likelihood loss (nll-loss, dotted line) at the beginning of
training. BranchNorm presents a more smooth gradient.

datasets with 30M pairs for bilingual translation 232

tasks, which is processed following the official 233

scripts of fairseq6. We use the multibleu.perl to 234

calculate cased sensitive BLEU scores for WMT 235

2017 En-De7 and WMT 2014 En-Fr. Besides, we 236

use sacreBLEU8 to calculate cased sensitive BLEU 237

scores for OPUS-100 and cased insensitive BLEU 238

scores for MultiUN following Wang et al. (2021). 239

Text Summarization. We use the popular 240

CNN/DailyMail dataset for the text summarization 241

task, which comprising over 300k unique articles 242

authored by journalists from CNN and Daily Mail. 243

We follow the pre-processing and post-processing 244

scrips of existing studies (Qi et al., 2020). For eval- 245

uation, we set the beam size to 4 and the length 246

penalty to 1.0 during inference, and report the F1 247

scores of ROUGE-1, ROUGE-2, and ROUGE-L 248

on the standard test set with 11,490 samples. 249

Language Modeling. We use the decoder-only 250

Transformer to carry out the language modeling 251

task. We take the popular WikiText-103 dataset, 252

which comprises a corpus of more than 100 million 253

tokens extracted from a curated set of verified good 254

and featured articles on Wikipedia. We report the 255

perplexity on the standard test set for evaluation. 256

4.2 Training Settings 257

Our experiments are based on the fairseq (Ott et al., 258

2019). For all experiments, we use the standard 259

Transformer base setting, which sets hidden di- 260

mensions to 512 and feedforward inner representa- 261

6https://github.com/facebookresearch/fairseq
7After confirming with the authors of DeepNorm, we use

the same test set (i.e., newstest2014.) with them for a rigorous
comparison.

8https://github.com/mjpost/sacrebleu
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Models LN 6L-6L 18L-18L 50L-50L 100L-100L 250L-250L

Vanilla Post-LN (Vaswani et al., 2017) † Post 28.0 diverged
DS-Init (Zhang et al., 2019a) † Post 27.5 diverged
Admin (Liu et al., 2020) † Post 27.3 28.8 28.9 diverged

ReZero (Bachlechner et al., 2020) † No 27.2 28.3 28.5 diverged
R-Fixup (Zhang et al., 2019b) No 27.5 28.4 27.7 diverged
T-Fixup (Huang et al., 2020) No 27.5 28.4 27.9 diverged

Vanilla Pre-LN (Vaswani et al., 2017) † Pre 26.8 27.9 28.2 28.3 28.5
DLCL (Wang et al., 2019) † Pre 27.2 28.3 28.5 28.8 29.1
NormFormer (Shleifer et al., 2021) † Pre 27.0 28.3 28.0 28.7 diverged
Magneto (Wang et al., 2023) † Pre 27.5 28.3 28.7 27.7 27.9
DeepNorm (Wang et al., 2022a) Post 27.8 28.8 29.0 28.9 –
DeepNorm (Wang et al., 2022a) † Post 28.6 29.1 29.7 29.3 29.5

BranchNorm (ours) Post 28.9 29.8* 30.2* 30.8* 30.6*

Table 1: BLEU scores (%) on the WMT-17 En-De test set with depth-scaling. † indicates our reimplementations.
AL-BL refers to a Transformer with A-layer encoder and B-layer decoder. ‘*’ means BranchNorm is significantly
better than DeepNorm with p < 0.03.

Models LN 6L-6L 18L-18L 50L-50L 100L-100L 250L-250L 500L-500L

Vanilla Post-LN (2017) † Pre 41.5 43.25 diverged
Vanilla Pre-LN (2017) † Pre 41.0 42.5 42.7 43.1 43.3 43.2
DLCL (2019) † Pre 41.3 42.8 43.1 43.3 43.3 43.5
Magneto (2023) † Pre 41.1 42.7 43.3 43.3 43.4 43.2
DeepNorm (2022a) † Post 41.2 43.0 43.8 43.8 43.9 43.6

BranchNorm (ours) Post 41.6* 43.6* 43.9 44.2* 44.3* 44.4*

Table 2: BLEU scores (%) on the WMT-14 En-Fr test set with depth-scaling. † indicates our reimplementations.
AL-BL refers to a transformer with a A layer encoder and a B layer decoder. ‘*’ means BranchNorm is significantly
better than DeepNorm with p < 0.03.

tion to 2048, if not specifically noted. We use the262

encoder-decoder Transformer for machine transla-263

tion and text summarization, while use decoder-264

only Transformer for language modeling. We265

initialize the model parameters following Deep-266

Norm (Wang et al., 2022a). All experiments are267

conducted on 32 NVIDIA A100 GPUs, where each268

is allocated with a batch size of approximately269

16,384 tokens. All Transformer models are trained270

for 100k steps with the early stop for small-scale271

datasets. The maximum norm step T of Branch-272

Norm in Equation (7) is set to 4,000 for all ex-273

periments. More details about the model hyper-274

parameters are elaborated in Appendix D.275

4.3 Comparison Systems276

We compare several state-of-the-art approaches for277

deep Transformers, including DeepNorm (Wang278

et al., 2022a), Magneto (Wang et al., 2022b, 2023),279

NormFormer (Shleifer et al., 2021), ReZero (Bach- 280

lechner et al., 2020), DLCL (Wang et al., 2019) and 281

etc. To ensure that the training framework is the 282

same across different approaches, we implement 283

most of related methods following their official 284

source codes or original papers on Fairseq. Other 285

results are cited from corresponding papers. 286

5 Experimental Results 287

5.1 Results on Bilingual Translation Tasks. 288

Table 1 and Table 2 report the translation perfor- 289

mance of different methods at various model depths 290

on the WMT 2017 En-De and WMT 2014 En- 291

Fr dataset. In most cases, the training of vanilla 292

Post-LN Transformer gets diverged due to its own 293

training instability. As the model depth increases, 294

we observe that existing methods can stabilize the 295

training to varying degrees. Among them, the well- 296
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Models LN 12L 24L 100L 500L

Performer Post 26.8 – – –
Reformer Post 26.0 – – –
Transformer-XL Post 24.0 18.3 – –
GPT-2 Pre 29.9 17.0 – –
Hybrid H3 Pre 23.7 16.9 – –
Pre-LN † Pre 24.7 20.5 17.4 16.5
DLCL † Pre 24.1 20.1 17.2 15.8
Magneto † Pre 25.8 18.9 16.6 15.3
DeepNorm † Post 24.5 17.2 14.3 14.2

BranchNorm Post 23.9 16.6 13.9 12.1

Table 3: Test perplexity scores (lower is better) on the
WikiText-103 with depth-scaling. The bolded scores
correspond to the best performance under the under the
same or comparable setups. † indicates our reimplemen-
tations, while other results are cited from corresponding
papers. AL refers to a decoder-only transformer with a
A layer decoder.

performing existing work, DeepNorm, although ca-297

pable of stably training deep models, does not fully298

exploit the potential performance of these mod-299

els. For instance, on the WMT14 En-Fr dataset,300

deep models (e.g., 500L-500L) and shallow mod-301

els (e.g., 50L-50L) trained with DeepNorm sur-302

prisingly exhibit similar performance levels. In303

contrast, our proposed BranchNorm consistently304

outperforms in different depth settings. Further-305

more, the performance improves as the number of306

model layers increases, effectively mitigating the307

aforementioned performance degradation problem.308

Moreover, BranchNorm significantly outperforms309

previous deep models by up to +1.5 BLEU given310

the same model depths. Notably, on the WMT-14311

En-Fr benchmark, our 1000 layer model outper-312

forms existing deep models and achieves a new313

SOTA performance of 44.4 BLEU.314

5.2 Language Modeling315

On the WikiText-103 dataset, we compared a se-316

ries of strong baseline models on shallow mod-317

els (i.e., 12-layer and 24-layer models), such as318

Transformer-XL (Dai et al., 2019) which models319

recurrent context, Performers (Choromanski et al.,320

2020) with linear computational efficiency, Hybrid321

H3 models (Dao et al., 2022) that improve the com-322

putational efficiency of state space models, and323

so on. Experimental results at Table 3 indicate324

that our BranchNorm achieves comparable perfor-325

mance with existing state-of-the-art methods on326

shallow models. On deeper model structures (i.e.,327

Model LN RG-1 RG-2 RG-L

6L-6L structure
Post-LN Post 39.5 16.1 36.7
Mask Attention Post 41.0 18.2 37.2
Dynamic Conv Post 39.8 16.3 36.7
Pre-LN † Pre 40.2 16.7 36.8
DLCL † Pre 40.5 16.9 36.7
Magneto † Pre 39.7 16.4 36.9
DeepNorm † Post 40.9 17.6 37.2
BranchNorm (ours) Post 41.3 17.9 38.0

18L-18L structure
Pre-LN † Pre 39.7 16.9 36.3
DLCL † Pre 40.8 16.3 37.1
Magneto † Pre 40.1 17.3 37.7
DeepNorm † Post 40.8 17.8 37.9
BranchNorm (ours) Post 41.5 18.4 38.8

50L-50L structure
Pre-LN † Pre 40.3 18.2 38.1
DLCL † Pre 40.8 16.3 37.1
Magneto † Pre 40.6 17.9 37.3
DeepNorm † Post 41.2 19.6 39.6
BranchNorm (ours) Post 42.5 20.2 40.7

200L-200L structure
Pre-LN † Pre 41.1 18.9 38.9
DLCL † Pre 41.4 19.3 39.5
Magneto † Pre 42.4 17.3 39.9
DeepNorm † Post 42.2 19.8 40.8
BranchNorm (ours) Post 43.5 21.8 41.5

Table 4: F1 scores of ROUGE-1 / ROUGE-2 / ROUGE-
L on the test set of the CNN/DailyMail dataset with
model depth-scaling. ‘RG’ is an abbreviation for
‘ROUGE’. † indicates our reimplementations, while
other results are cited from corresponding papers. AL-
BL refers to a transformer with a A layer encoder and a
B layer decoder. The bolded scores correspond to the
best performance under the same or comparable setup.

100-layer and 500-layer models), we reproduce 328

the performance of a series of existing works for 329

comparison. The experimental results demonstrate 330

that BranchNorm exhibits superior convergence on 331

these extremely deep models, with improvements 332

of 3.2 and 2.1 points over Magneto and DeepNorm 333

on the 500-layer models, respectively. 334

5.3 Results on Text Summarization 335

We compare the performance of models with dif- 336

ferent layers in Table 4. On the commonly used 337

shallow model structure 6L-6L, we observe that 338

BranchNorm demonstrat comparable performance 339

with various existing works, e.g., Mask Atten- 340

tion (Fan et al., 2021), Dynamic Convolutions (Wu 341
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Figure 4: Different growth strategies of α in Branch-
Norm. Note tht α is clipped to 1.0 for all strategies.

et al., 2019) and Magneto (Wang et al., 2023).342

Specifically, BranchNorm achieves the best results343

on two out of three metrics among all models.344

On deeper structures, such as 200L-200L, Branch-345

Norm exhibit a more significant performance im-346

provement, with a 0.7∼2.0 ROUGE score increase347

relative to the strong baseline, DeepNorm.348

6 Analysis349

In this section, we take the machine translation task350

as an example and conduct analytical experiments351

with a 200-layer (i.e., 100L-100L) Transformer on352

WMT14 En-Fr dataset. We first verify the robust-353

ness of BranchNorm to hyperparameters, and then354

analyze the decoding speed of deep models with355

shallow decoders, and finally analyze the issue of356

parameter redundancy.357

6.1 Hyperparameter Sensitivity358

Effects of Different Growing Strategies of α.359

We investigate the effects of various growing strate-360

gies including the default linear strategy, which is361

illustrated in Figure 4. For the 100L-100L Trans-362

formers on the WMT14 En-Fr, we respectively363

obtain 44.20, 44.15, and 44.21 BLEU on the lin-364

ear, exp, and sigmoid strategies, indicating that our365

method is robust to these strategy variants, there-366

fore, we employ the simplest linear strategy in all367

experiments.368

Effects of Different T . We conduct experiments369

to evaluate the effect of varying the different maxi-370

mum norm step T for the above linear strategy in371

Equation (7). A larger value of T corresponds to a372

slower degradation of BranchNorm to the vanilla373

Post-LN, and generally yield a more stable training374

process. We vary T ∈ [100, 400, 4000, 20000] for375

Models #Para. BLEU Speed (token/s)

50L-50L 381M 39.9 42.7
95L-5L 340M 39.6 78.6
250L-250L 1.8B 44.3 8.5
475L-25L 1.6B 44.1 15.9

Table 5: BLEU scores (%) on the WMT-14 En-Fr test
set and decoding speed (test on a V100-40G GPU).
The bolded scores correspond to the best performance
under similar number of parameters. ‘#Para.’ means the
number of model parameters.

the 100L-100L Transformers on the WMT14 En-Fr. 376

Consequently, we respectively obtain 43.97, 44.05, 377

44.24 and 44.15 BLEU for the above settings. Over- 378

all, BranchNorm is insensitive to the variation of T , 379

thus we finally chose the best-performing setting 380

(i.e., T = 4000) for all experiments. 381

Effects of Different Warmup and Learning Rate. 382

We explore the effects of key hyperparameters that 383

are directly related to training stability, namely, 384

warmup and learning rate. Results of the 100L- 385

100L Transformer on WMT14 En-Fr dataset are 386

shown in Figure 5. Our observations indicate that 387

BranchNorm is able to stably train a 200-layers 388

Transformer without the use of warmup, and ex- 389

hibits better tolerance for larger learning rates when 390

compared to DeepNorm. 391

6.2 Deep Encoders and Shallow Decoders 392

It is well known that the decoding speed of Trans- 393

former is primarily related to the number of layers 394

of decoder. In order to enhance the deep mod- 395

els for more practical applications, we further use 396

BranchNorm to train models that has a deep en- 397

coder and shallow decoder, which is more efficient 398

in inference. The experimental results on the WMT 399

2014 En-Fr dataset are shown in the following Ta- 400

ble 5. We can observe that, under similar number 401

of parameter, the deep encoder shallow decoder 402

structure can significantly enhance the decoding 403

speed with little or no damage to the translation 404

quality. For example, when compared with the 405

250L-250L model, the 475L-25L model achieve 406

1.8x speedup with only 0.2 BLEU decrease. This 407

suggests that the deep encoder shallow decoder is 408

a more practically valuable structure for extremely 409

deep models. 410
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Figure 5: Effects of key hyperparameters (i.e., warmup and learning rate) on training 100L-100L models on the
WMT 2014 En-Fr dataset.

Figure 6: The sparsity of activation function of DeepNorm and BranchNorm models. The BranchNorm model is
sparser than the DeepNorm one in all layers.

6.3 Parameter Redundancy411

Sparsity is quantified by the percentage of nonzero412

entries after the activation function (Li et al., 2022).413

As shown in Figure 6, we observe that models414

trained with BranchNorm had a relatively smaller415

sparsity than that trained with DeepNorm. To con-416

firm the effect of sparsity on the robustness and417

generalization of the model, we conduct further418

experiments on the MTNT (Michel and Neubig,419

2018). MTNT (Machine Translation of Noisy Text)420

consists of noisy comments on Reddit and pro-421

fessionally sourced translations and is a testbed422

for robust translation. We evaluate two 100L-423

100L En-Fr models that are trained with Deep-424

Norm and BranchNorm on MTNT. Consequently,425

BranchNorm shows a significant improvement of426

1.0 BLEU over DeepNorm, indicating that our427

BranchNorm could improve model robustness by428

increasing the sparsity of the model. 429

7 Conclusion 430

In this paper, we first explore the undertraining 431

problem of DeepNorm from a gradient perspec- 432

tive and propose a more flexible approach, namely 433

BranchNorm, which theoretically stabilizes the 434

training with smooth gradient norms at the early 435

stage. Once the early phase of training instability 436

is passed, BranchNorm can then degenerate to a 437

standard Post-LN, thus encouraging better conver- 438

gence performance. Experiment results on vari- 439

ous tasks show that BranchNorm achieves a better 440

trade-off between training stability and converge 441

performance. For instance, BranchNorm improves 442

DeepNorm by up to 1.5 BLEU, 1.1 ROUGE, and 443

2.1 perplexity on machine translation, text summa- 444

rization, and language modeling tasks, respectively. 445
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Limitations446

The training of deep Transformers generally re-447

quires large GPU resources, for example, training448

a 1,000-layer WMT14 En-Fr translation model re-449

quires 1000 GPU days. In addition, deeper de-450

coders can lead to slower inference, and more451

model architecture design or compression tech-452

niques need to be further explored to make deep453

models practically deployable for applications.454
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Figure 7: The architectures of Pre-Norm (i.e., Pre-LN)
and Post-Norm (i.e., Post-LN) Transformers.

Chen Zhu, Renkun Ni, Zheng Xu, Kezhi Kong, 610
W Ronny Huang, and Tom Goldstein. 2021. Gradinit: 611
Learning to initialize neural networks for stable and 612
efficient training. Advances in Neural Information 613
Processing Systems, 34:16410–16422. 614

A Examples of Post-LN and Pre-LN 615

B Intruduction of Post-LN and Pre-LN 616

Firstly, Wang et al. (2019); Nguyen and Salazar 617

(2019) observe that the position of LayerNorm (Ba 618

et al., 2016) has a significant effect on training 619

stability, and propose the more stable Pre-LN 620

variant when compared with the original Post- 621

LN (Vaswani et al., 2017). An example of these two 622

architectures is shown in Figure 7. Subsequently, 623

Liu et al. (2020) further analyze that Pre-LN may 624

have an excessive reliance on its residual connec- 625

tions, which inhibits the model from unleashing its 626

full potential. Motivated by the above observation, 627

we base our approach on Post-LN in the remain- 628

der of our experiments. Formally, within the l-th 629

sub-layer of the Post-LN Transformer, given the 630

input xl, the subsequent output xl+1 is computed 631

as follows: 632

xl+1 = LN(xl + F (xl; θl)) (9) 633

where LN is an abbreviation for LayerNorm9, F 634

represents the function of the current sub-layer (at- 635

tention or feed-forward) and θl denotes the corre- 636

sponding parameters of the l-th sub-layer. 637

9For brevity, the two learnable parameters γ and β in
LayerNorm are omitted.
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C Theoretical Proofs638

C.1 Gradients of Post-LN639

Given a Transformer with L sub-layers and the640

training loss E , the gradient for the l-th sub-layer641

is calculated by the chain rule:642

∂E
∂xl

=
∂E
∂xL

∂xL
∂xl

(10)643

Recursively decomposing ∂xL
∂xl

in the above equa-644

tion, we have:645

∂xL
∂xl

=
∂xL
∂xL−1

∂xL−1

∂xL−2
· · · ∂xl+1

∂xl
(11)646

Given the Post-LN calculate the xl+1 as :647

xl+1 = LN(xl + F (xl; θl)) (12)648

If we name the output of residual connection as649

yl = xl + F (xl; θl), we can calculate the partial650

derivatives of two adjacent layers as:651

∂xl+1

∂xl
=

∂xl+1

∂yl

∂yl
∂xl

=
∂LN (yl)

∂yl

(
1 +

∂F (xl; θl)

∂xl

) (13)652

We put Equation (13) and Equation (11) into Equa-653

tion (10) and get:654

∂E
∂xl

=
∂E
∂xL︸︷︷︸

irreducible

×
L−1∏
k=l

∂LN (yk)

∂yk︸ ︷︷ ︸
LN

×

L−1∏
k=l

(
1 +

∂F (xk; θk)

∂xk

)
︸ ︷︷ ︸

residual

(14)655

the above gradient consists of three terms and the656

last two items are multiplications with respect to657

the number of model layers L. Once L get larger,658

the gradient of Post-LN will face the risk of vanish-659

ing or exploding.660

C.2 Gradients of DeepNorm661

DeepNorm rescales the residual branch with a662

scalar multiplier α > 1, and calculates the sub-663

layer as follows:664

xl+1 = LN(αxl + F (xl; θl)) (15)665

Follow the above process in C.1, we have the gra-666

dient of DeepNorm:667

∂E
∂xl

=
∂E
∂xL︸︷︷︸

irreducible

×
L−1∏
k=l

(
∂LN (αxk + F (xk; θl))

∂ (αxk + F (xk; θl))

)
︸ ︷︷ ︸

LN

×

L−1∏
k=l

(
α+

∂F (xk; θk)

∂xk

)
︸ ︷︷ ︸

residual

(16) 668

Given that DeepNorm assigns a relative larger 669

value for α to make it to amplify the output percent- 670

age of residual connections. Here, we introduce 671

an assumption to simplify the derivation: If α gets 672

large enough, we can approximate the above equa- 673

tion as follows: 674

∂E
∂xl

≈ ∂E
∂xL︸︷︷︸

irreducible

×
L−1∏
k=l

(
∂LN (αxk)

∂ (αxk)

)
︸ ︷︷ ︸

LN

×
L−1∏
k=l

α︸ ︷︷ ︸
residual

(17) 675

We let zk = αxk and use the chain rule, then get: 676

∂E
∂xl

=
∂E
∂xL︸︷︷︸

irreducible

×
L−1∏
k=l

(
∂LN (zk)

∂xk
× ∂xk

∂zk

)
︸ ︷︷ ︸

LN

×
L−1∏
k=l

α︸ ︷︷ ︸
residual

=
∂E
∂xL︸︷︷︸

irreducible

×
L−1∏
k=l

(
∂LN (xk)

∂xk
× 1

α

)
︸ ︷︷ ︸

LN

×
L−1∏
k=l

α︸ ︷︷ ︸
residual

=
∂E
∂xL︸︷︷︸

irreducible

×
L−1∏
k=l

∂LN (xk)

∂xk︸ ︷︷ ︸
LN

(18) 677

When compared with the gradient of Post-LN in 678

Equation (14), DeepNorm can approximately elimi- 679

nate the final multiplication item, and thus mitigate 680

the risk of gradient vanishing or exploding to a 681

certain degree. 682

C.3 Gradients of BranchNorm 683

BranchNorm directly rescale the non-residual 684

branch in Transformer and conduct calculations 685

for the l-th sub-layer as: 686

xl+1 = LN(xl + αF (xl; θl)) (19) 687
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Similar to the previous analysis process, we can688

calculate the gradients of BranchNorm as:689

∂E
∂xl

=
∂E
∂xL︸︷︷︸

irreducible

×
L−1∏
k=l

∂LN (xk + αF (xk; θl))

∂ (xk + αF (xk; θl))︸ ︷︷ ︸
LN

×

L−1∏
k=l

(
1 + α

∂F (xk; θl)

∂xk

)
︸ ︷︷ ︸

residual

=
∂E
∂xL︸︷︷︸

irreducible

×
L−1∏
k=l

∂LN (xk)

∂xk︸ ︷︷ ︸
LN

(α = 0)

(20)690

BranchNorm can stabilize the gradient norm into691

while DeepNorm require a relatively strong as-692

sumption in Equation (5). Experimentally, in Fig-693

ure 3, we observe corresponding smoother gradi-694

ents of BranchNorm at the very beginning of train-695

ing.696

D Hyperparameter697
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Hyperparameters Small Scale Medium Scale Large Scale

Learning rate 5e-4
Learning rate scheduler inverse sqrt
Warm-up updates 4000
Warm-up init learning rate 1e-7
Max tokens 128 × 4096
Adam ϵ 1e-8
Adam β (0.9, 0.98)
Label smoothing 0.1
Training updates 100K

Gradient clipping 0.0
Dropout 0.4 0.2 0.1
Weight decay 0.0001

Hidden size 512
FFN inner hidden size 2048
Attention heads 8

Table 6: Hyperparameters for the Transformerbase experiments on different data sizes. ‘Small Scale’: WMT17
En-De and CNN/DailyMail. ‘Medium Scale’: WMT14 En-Fr and WikiText-103. ‘Large Scale’: OPUS-100 and
MultiUN datasets.
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