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Executive Summary

We perform a systematic study of why Batch Normalization results in poor

performance in Transformers
o Variance in forward pass
o Variance n backward pass

We propose (PN), a novel normalization that achieves state-of-the art result in
Machine Translation, Language Modeling

o Improve BLEU score on IWSLT by 0.4 and WMT14 by 0.6
o Decrease the PPL on PTB by 5.87 and WikiText-103 by 2.78

PN achieves this by resolving the following problems:
o Mean estimation (recentering) in BN is better to be removed
o Better to include running statistics during training
o The backpropagation needs to be adjusted accordingly




Motivation

e Normalization is a building block of current neural networks.

e There is a lack of interests in NLP for studying normalization, especially for transformer

model (where the training is costly).
o Layer Normalization. (ICLR" 17)
o Root Mean Square Layer Normalization (NeurlPS’ 19)
o Understanding and improving layer normalization (NeurlPS’ 19)
o Improving Deep Transformer with Depth-Scaled Initialization and Merged Attention (EMNLP’ 19)
O  On Layer Normalization in the Transformer Architecture (ICML’ 20)
e Implementing Batch Normalization directly on NLP does not work.
o Why does not it work?
o How can we make it work on NLP?
o What can we learn from that?
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e How Normalization is performed in NLP (vs. CV)?

e Rethinking the variance of Batch Normalization for NLP (Transformers):
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How Normalization is performed in NLP

e Weight Normalization. fstics Normaibation
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How Normalization is performed in NLP

* Normalization in Computer Vision

* H*W (image size), C (channel/feature dim), B (batch size)

Layer Normalization Batch Normalization Instance Normalization
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® LN: reduce (C, H*W) => 2*B statistics
® BN: reduce (B, H*W) => 2*C statistics

® |IN: reduce (H*W) => 2*B*C statistics



How Normalization is performed in NLP

¢ Normalization in NLP

®* L/H*W (sentence length), C (feature dim), B (batch size)
Layer Normalization Batch Normalization Instance Normalization
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® LN: reduce (C, H*W) => 2*B statistics
® BN: reduce (B, H*W) => 2*C statistics

® |IN:reduce (H*W) =>2*B*C statistics



How Normalization is performed in NLP

¢ Normalization in NLP

®* L/H*W (sentence length), C (feature dim), B (batch size)

Layer Normalization Batch Normalization Group Normalization

reality: | y.
® LN: reduce (C, I-%\/) => 2*B*L statistics
® BN: reduce (B, L) => 2*C statistics (padding will destroy the statistics)

® GN:reduce (C/g) => 2*B*L*g statistics



How Normalization is performed in NLP . BAIR

BERKELEY ARTI LLIGENCE RESEARCH

e Transformer Architecture

Output

Probabiltes ® Encoder: self-attention + point-wise feed-forward

1+ 2 * N layer norm before/after each block.

Forward
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[1] Vaswani et al., “Attention is all you need”, NIPS 2017



How Normalization is performed in NLP

L INTELLIGENCE RESEARCH

* Difference btw BN’s usage in CNN and Transformer (CV, NLP)

it ® Train/Test Statistical Discrepancy: the mismatch of running
batch-statistics and real batch-statistics for NLP.
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How Normalization is performed in NLP

L INTELLIGENCE RESEARCH

* Difference btw BN’s usage in CNN and Transformer (CV, NLP)

it ® Train/Test Statistical Discrepancy: the mismatch of running
batch-statistics and real batch-statistics for NLP.
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How Normalization is performed in NLP

L INTELLIGENCE RESEARCH

* Difference btw BN’s usage in CNN and Transformer (CV, NLP)

Output

it ® Train/Test Statistical Discrepancy: the mismatch of running
batch-statistics and real batch-statistics for NLP.
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Rethinking the variance of Batch Normalization for NLP

® The variance in the Forward Pass:

e The variance btw the real mean/variance and running mean/variance.
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Rethinking the variance of Batch Normalization for NLP BAIR

NTELLIGENCE RESEARCH

® The variance in the Forward Pass:

e The variance btw the real mean/variance and running mean/variance.
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Rethinking the variance of Batch Normalization for NLP

e The variance in the Backward Pass:

® The variance of gradient w.r.t different portion of the data.

O and g __depend on the statistics of the current mini-batch, which will

gmean
introduce variance.
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Rethinking the variance of Batch Normalization for NLP

e The variance in the Backward Pass:

® The variance of gradient w.r.t different portion of the data.
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Rethinking the variance of Batch Normalization for NLP

e The variance in the Backward Pass:

® The variance of gradient w.r.t different portion of the data.

0.5+ HEN IWSLT14

o and g __depend on the statistics of the e

gmean
current mini-batch, which will introduce variance.
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Rethinking the variance of Batch Normalization for NLP

e The variance in the Backward Pass:

® The variance of gradient w.r.t different portion of the data.
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Rethinking the variance of Batch Normalization for NLP

e The variance in the Backward Pass:

® The variance of gradient w.r.t different portion of the data.

o) vs. NLP.
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PN (Power Normalization)

1. Forward Pass: PN-V (Variance-reduced Batch Normalization)

1.1 Remove the recentering (z — 1) in the batch normalization.
1.2 Replace the running variance (z — u5)> With more accurate running (z)> while training.

2. Backward Pass: PN

2.1 Replace real (z5)* with running (x)* while training
2.2 Stabilizing the backward pass with accumulating gradient by Exponential Moving
Average approximation.
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1.

PN (Power Normalization)

Forward Pass: PN-V (Variance-reduced Batch Normalization)

1.1 Remove the recentering (z — up) in the batch normalization.

1.2 Replace the running variance (z-u5)* with more accurate running ()2
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1.

PN (Power Normalization)

Forward Pass: PN-V (Variance-reduced Batch Normalization)

1.1 Remove the recentering (z — up) in the batch normalization.
1.2 Replace the running variance (z-u5)* with more accurate running (z)? while training.
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PN (Power Normalization)

1. Forward Pass: PN-V (Variance-reduced Batch Normalization)

1.2 Replace the running variance (z - u5)* with more accurate running (z)> while training.

2 1 2 e The EMA (Exponential Moving Average) estimation of variance is
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PN (Power Normalization)

2. Further correct the forward and backward: PN

2.1 Replace real (zz)* with running (z)? while training (forward pass)
2.2 Stabilizing the backward pass with accumulating gradient by Exponential Moving
Average approximation.
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PN (Power Normalization)

2. Further correct the forward and backward: PN

2.1 Replace real (zz)* with running (z)? while training (forward pass)
2.2 Stabilizing the backward pass with accumulating gradient by Exponential Moving

Average approximation.
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(2) Backward Pass of PN
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PN (Power Normalization) for MT

e |[WSLT14 De-En (0.16M translation pairs) Training Curve. (PN vs. LN)
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PN (Power Normalization) for MT

* |[WSLT14 De-En (0.16M translation pairs) « WMT14 En-De (4.5M translation pairs)
Tlerensizna | BLEU Lorsplozare | BLEV
Layer Norm 35.5 Layer Norm 29.5
Batch Norm 34.4 Batch Norm 28.1
PN-V (Ours) 35.4 PN-V (Ours) 28.5
PN (Ours) 35.9 PN (Ours) 30.1
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PN (Power Normalization) for LM

* PennTree Bank (0.09M tokens)

©  Training Curve. (PN vs. LN)
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PN (Power Normalization) for LM

* PennTree Bank (0.09M tokens) e Wikitext-103 (103M tokens)
BDP-1Core PPL BDP-1Core PPL
(12.0M Param) (Lower is better) (85.3M Param) (Lower is better)
Layer Norm 53.19 Layer Norm 20.90
Batch Norm 64.72 Batch Norm 27.01

PN (Ours) 47.32 PN (Ours) 18.12
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Analysis (various batch sizes)

* PN is the most robust in various batch-size setting.

PN
LN /
PN-V

35.8 =
35.6{ — BN
35.4 \/
=
w
-l 35.21
(a2}
35.0

34.8- /
34.6. /
512 1k 2k ak
Batch Size (#tokens in each batch) for IWSLT14

32



Analysis (embedding layer)

* PN leads to a more well-conditioned embedding layer v.s. LN.
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Conclusion

The variance between batch statistics/running statistics results in the poor
performance of Batch Normalization in Transformers

Reduce the variance through PN can achieves significantly better result in
Machine Translation, Language Modelling

o Improve BLEU score on IWSLT by 0.4 and WMT14 by 0.6

o Decrease the PPL on PTB by 5.87 and Wiki-Text by 2.78
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