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Introduction
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Motivation & Applications

SCALE

●

○ Realtime: Majority of content is consumed within a few hours after 

publication [1]

○ Thousands of news articles per second

○ 40-80 sentences per article

●

●

6
[1]  Tatar, A., Antoniadis, P., Amorim, M.D.d. et al. From popularity prediction to ranking online news. 
Soc. Netw. Anal. Min. 4, 174 (2014). https://doi.org/10.1007/s13278-014-0174-8

[2] https://blog.twitter.com/engineering/en_us/a/2013/new-tweets-per-second-record-and-how.html

https://doi.org/10.1007/s13278-014-0174-8


Summarization
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Summarization
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Facts Extraction

Highest-ever drafted Black player in history.
9



●

●

Facts Extraction
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VS



Sentence Entailment
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Recent years in Natural 
Language Processing
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Benchmarks through the years - SQuAD 1.1
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Human Performance

91.2

https://rajpurkar.github.io/SQuAD-explorer/
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Human Performance

89.5

Benchmarks through the years - SQuAD 2.0

https://rajpurkar.github.io/SQuAD-explorer/


Benchmarks through the years - GLUE
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Human Performance 

87.1

https://arxiv.org/abs/1804.07461


A brief recent history of scale in NLP

GPT 
(110M)

BERT 
(340M)

“[...] scaling to extreme 
model sizes also leads to 
large improvements [...]”

(Devlin et al., 2018)
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https://arxiv.org/pdf/1810.04805.pdf


A brief recent history of scale in NLP

GPT 
(110M)

BERT 
(340M)

“[...] scaling the model 
size to 11 billion 
parameters was the most 
important ingredient for 
achieving our best 
performance.”
(Raffel et al, 2019)

GPT 
(110M)

Transformer 
ELMo
(465M)

BERT 
(340M)

GPT-2 
(1.5B)

Grover 
(1.5B)

MegatronLM 
(8.3B)

T5
(11B)

17

https://arxiv.org/pdf/1910.10683.pdf


A brief recent history of scale in NLP

GPT 
(110M)

BERT 
(340M)

GPT 
(110M)

BERT 
(340M)

GPT-2 
(1.5B)

T5
(11B)

Turing-NLG
(17B)

GPT-3
(175B)

GShard
(600B)

18

DeepSpeed
(1T)



Scaling Laws
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https://arxiv.org/pdf/2010.14701.pdf


The drawbacks of naive scaling

1)  Disconnect with production systems

-
-
-

Memory CPU/GPU/TPU Storage Battery

20



The drawbacks of naive scaling

2)  Costs

21

https://arxiv.org/pdf/2006.16668.pdf
https://blogs.microsoft.com/ai/openai-azure-supercomputer/
https://lambdalabs.com/blog/demystifying-gpt-3/


The drawbacks of naive scaling

3)  Accessibility
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https://twitter.com/Tim_Dettmers/status/1282708522552057856


The drawbacks of naive scaling

23



We should strive for 
efficiency

24



Towards more efficient NLP

1)  Core techniques

Source: unsplash.com
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https://unsplash.com/photos/FTfjMijq-Ws


Towards more efficient NLP

1)  Core techniques

Source: unsplash.com
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https://unsplash.com/photos/FTfjMijq-Ws


Towards more efficient NLP

1)  Core techniques

Source: unsplash.com
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https://unsplash.com/photos/FTfjMijq-Ws


Towards more efficient NLP

2)  Efficient attention

      

28



Towards more efficient NLP

2)  Efficient attention
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Towards more efficient NLP

2)  Efficient attention
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Towards more efficient NLP

2)  Efficient attention

      

31



Towards more efficient NLP

3)  Case studies

      

32Source: unsplash.com

https://unsplash.com/photos/FTfjMijq-Ws


Towards more efficient NLP

3)  Case studies
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Source: unsplash.com

https://unsplash.com/photos/FTfjMijq-Ws


Towards more efficient NLP

4)  Scaling in Practice
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Towards more efficient NLP

4)  Scaling in Practice
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Source: Microsoft Blog Post

https://www.microsoft.com/en-us/research/blog/deepspeed-extreme-scale-model-training-for-everyone/#toc-heading-0


Towards more efficient NLP

4)  Scaling in Practice

-

36

Swap in to 
GPU

Active 
Layer

CPU GPU



Towards more efficient NLP

4)  Scaling in Practice

-
-
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Fundamentals

02
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Sequence-to-sequence models

https://xkcd.com/1838/
39

https://xkcd.com/1838/


Sequence-to-sequence models

inputs outputs

Sentiment Analysis Amazing movie, 10/10! ★★★★★

Machine Translation

Language modeling

Speech recognition

Hello, world

-

Hello, world

The quick brown fox...

Olá, mundo

4040



RNNs

tanh tanh tanh 
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Encoders and 
Decoders
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The encoder-decoder bottleneck

h t n
h . . .   

Example derived from Bahdanau, et al. 2014 ( )

h t n
h . . .   h t 

h t n
h . . .   h t n

h . . .   h t 

information bottleneck
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https://arxiv.org/pdf/1409.0473.pdf


Attention

h t n
h . . .   h t n

h . . .   h t 

h t n
h . . .   h t n

h . . .   h t 

Example derived from Bahdanau, et al. 2014 ( )

44

https://arxiv.org/pdf/1409.0473.pdf


Attention

. . .

45

https://arxiv.org/abs/1508.04025
https://arxiv.org/abs/1508.04025
https://arxiv.org/abs/1508.04025
https://arxiv.org/abs/1508.04025
https://arxiv.org/abs/1508.04025
https://arxiv.org/pdf/1409.0473.pdf
https://arxiv.org/pdf/1409.0473.pdf
https://arxiv.org/pdf/1409.0473.pdf


Dot product 
attention

. . .
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https://arxiv.org/abs/1508.04025
https://arxiv.org/abs/1508.04025
https://arxiv.org/abs/1508.04025
https://arxiv.org/abs/1508.04025


¿  

 

Attention 

mechanisms

Are  

 

you  

 

going

 

to  

 

the

 

hotel
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Transformers
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Motivation

h t n
h . . .   h t n

h . . .   h t 

h t n
h . . .   h t n

h . . .   h t 

Example derived from Bahdanau, et al. 2014 ( )
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https://arxiv.org/pdf/1409.0473.pdf


Motivation

t
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h 
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Scaled 

Dot-Product 

Attention
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Scaled 

Dot-Product 

Attention
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Scaled 

Dot-Product 

Attention
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Scaled 

Dot-Product 

Attention
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Scaled 

Dot-Product 

Attention
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Scaled 

Dot-Product 

Attention
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Scaled 

Dot-Product 

Attention
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Scaled 

Dot-Product 

Attention

quadratic in 

sequence length!
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Multi-head 

attention

linear linear linear
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Multi-head 

attention

linear linear linear

60



Multi-head 

attention

linear linear linear

61



Multi-head 

attention

linear linear linear

linear
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Multi-head 

attention

linear linear linear

linear

bottleneck is quadratic in 

sequence length due to QK!
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Positional 

encodings

t
a
n
h 
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Positional 

encodings

learned

fixed

t
a
n
h 

Fixed:

65



The transformer encoder

multi-head 
attention

add & norm

dense

add & norm
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https://arxiv.org/pdf/1607.06450.pdf
https://arxiv.org/abs/1706.03762


The transformer decoder

masked 
multi-head 
attention

multi-head 
attention

add & norm

dense

add & norm

add & norm

67

https://arxiv.org/pdf/1607.06450.pdf
https://arxiv.org/abs/1706.03762


Putting it all together

masked 
multi-head 
attention

multi-head 
attention

add & norm

dense

add & norm

add & norm

multi-head 
attention

add & norm

dense

add & norm

68

https://arxiv.org/abs/1706.03762


Transformers in recent literature

https://ai.facebook.com/blog/using-neural-networks-to-solve-advanced-mathematics-equations/ 
69

https://ai.facebook.com/blog/using-neural-networks-to-solve-advanced-mathematics-equations/
https://arxiv.org/pdf/1912.01412.pdf
https://arxiv.org/pdf/2002.05867.pdf


Transformers in recent literature

https://magenta.tensorflow.org/music-transformer 

70

https://magenta.tensorflow.org/music-transformer
https://arxiv.org/pdf/1912.01412.pdf
https://arxiv.org/pdf/2002.05867.pdf
https://arxiv.org/pdf/1809.04281.pdf


Transformers in recent literature

71

https://arxiv.org/pdf/1912.01412.pdf
https://arxiv.org/pdf/2002.05867.pdf
https://arxiv.org/pdf/1809.04281.pdf
https://www.biorxiv.org/content/10.1101/622803v1.full.pdf
https://arxiv.org/pdf/2004.03497.pdf


Transformers in recent literature

Visual Question Answering
(Agrawal et al., 2015)
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https://arxiv.org/pdf/1505.00468.pdf
https://arxiv.org/pdf/1912.01412.pdf
https://arxiv.org/pdf/2002.05867.pdf
https://arxiv.org/pdf/1809.04281.pdf
https://www.biorxiv.org/content/10.1101/622803v1.full.pdf
https://arxiv.org/pdf/2004.03497.pdf
https://arxiv.org/pdf/1908.07490.pdf
https://arxiv.org/abs/1912.02315
https://arxiv.org/abs/1909.11740


Transformers in recent literature

73

https://arxiv.org/pdf/1912.01412.pdf
https://arxiv.org/pdf/2002.05867.pdf
https://arxiv.org/pdf/1809.04281.pdf
https://www.biorxiv.org/content/10.1101/622803v1.full.pdf
https://arxiv.org/pdf/2004.03497.pdf
https://arxiv.org/pdf/1908.07490.pdf
https://arxiv.org/abs/1912.02315
https://arxiv.org/abs/1909.11740
https://arxiv.org/abs/1906.05909
https://arxiv.org/pdf/2010.11929.pdf


Transformers in NLP

74

https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1909.11942
https://arxiv.org/abs/1910.10683
https://arxiv.org/abs/2005.14165


Transformers in NLP

75

Pre-training

-

-

-

https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1909.11942
https://arxiv.org/abs/1910.10683
https://arxiv.org/abs/2005.14165


Transformers in NLP

76

Pre-training

-

-

-

Fine-tuning

-
-

-

https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1909.11942
https://arxiv.org/abs/1910.10683
https://arxiv.org/abs/2005.14165


Transformers in NLP

77

Pre-training

-

-

-

Fine-tuning

-
-

-

Production

-
-

https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1909.11942
https://arxiv.org/abs/1910.10683
https://arxiv.org/abs/2005.14165


Core Techniques

03
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Knowledge 
Distillation

Source: unsplash.com
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https://unsplash.com/photos/FTfjMijq-Ws


Knowledge 
Distillation

Teacher Student

Data
x (x, y=1.0)

(x, y=0.8)
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https://arxiv.org/pdf/1503.02531.pdf


Knowledge 
Distillation
for Pre-training

Teacher

Student

Data

how [MASK] you how [MASK] you

are
do

well
...
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https://arxiv.org/pdf/1910.01108.pdf
https://arxiv.org/pdf/1910.01108.pdf


Knowledge 
Distillation
for Pre-training

Teacher

Data

how [MASK] you how [MASK] you

are
do

well
...

Student

82

https://arxiv.org/abs/2004.02984
https://arxiv.org/abs/2004.02984


(x, y=1.0)

Knowledge 
Distillation
for Fine-Tuning

Regular Pre-training

Fine-tuning via distillation

(Optional) regular fine-tuning

how [MASK] you

Teacher Student

Datax

(x, y=0.8)

Student

Student

Data

Data

83

https://arxiv.org/abs/1908.08962
https://arxiv.org/abs/1908.08962


Knowledge 
Distillation
for Pre-training 
and Fine-tuning

Pre-training via distillation

Fine-training via distillation

Teacher

Student

Data
how [MASK] you how [MASK] you

Student

Data
(x, y=1)

(x, y=0.8)

84

Teacher

https://arxiv.org/abs/1909.10351
https://arxiv.org/abs/1909.10351


Source: unsplash.com
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Quantization

https://unsplash.com/photos/FTfjMijq-Ws


Quantization
Q(z) = qj          z ∈ (tj, tj+1] j=0, …, 2k-1

Definition

86



Quantization
Q(z) = qj          z ∈ (tj, tj+1] j=0, …, 2k-1

Definition

87

Linear Quantization

z = S (qj - Z)



Quantization Quantization-Aware Training

ŵ w

88

https://arxiv.org/pdf/1712.05877.pdf
https://arxiv.org/pdf/1712.05877.pdf
https://arxiv.org/pdf/1712.05877.pdf


Quantization
● Q8BERT

Q(z) = clamp(⌊z ✕ Sz⌉, -127, +127), Sz

● Q-BERT {0, …, 2k-1}
○

○

89

https://arxiv.org/abs/1910.06188
https://arxiv.org/abs/1909.05840
https://arxiv.org/abs/1909.05840


Quantization 
with Distillation

90

https://arxiv.org/pdf/2009.12812.pdf
https://arxiv.org/pdf/2009.12812.pdf


Pruning

Source: unsplash.com
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https://unsplash.com/photos/FTfjMijq-Ws


Pruning

a = (W ⊙ M) x

Definition

pruning mask

92

Main Questions

●
●
●

https://authors.library.caltech.edu/54983/3/647-second-order-derivatives-for-network-pruning-optimal-brain-surgeon(1).pdf


Pruning
Early Work

93

Pruning based on second-order derivatives

●

●

●

○
○

http://yann.lecun.com/exdb/publis/pdf/lecun-90b.pdf
https://authors.library.caltech.edu/54983/3/647-second-order-derivatives-for-network-pruning-optimal-brain-surgeon(1).pdf
https://authors.library.caltech.edu/54983/3/647-second-order-derivatives-for-network-pruning-optimal-brain-surgeon(1).pdf


Pruning
Early Work
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Pruning based on second-order derivatives

●

●

●

○
○

http://yann.lecun.com/exdb/publis/pdf/lecun-90b.pdf
https://authors.library.caltech.edu/54983/3/647-second-order-derivatives-for-network-pruning-optimal-brain-surgeon(1).pdf
https://authors.library.caltech.edu/54983/3/647-second-order-derivatives-for-network-pruning-optimal-brain-surgeon(1).pdf


One-Shot

Pruning
The LTH

95

https://roberttlange.github.io/posts/2020/06/lottery-ticket-hypothesis/
https://arxiv.org/abs/1803.03635
https://arxiv.org/abs/1803.03635


Iterative

Pruning
The LTH

96

https://roberttlange.github.io/posts/2020/06/lottery-ticket-hypothesis/
https://arxiv.org/abs/1803.03635
https://arxiv.org/abs/1803.03635


Pruning
The LTH

97

Iterative with Rewinding

https://arxiv.org/pdf/1903.01611.pdf
https://roberttlange.github.io/posts/2020/06/lottery-ticket-hypothesis/


Pruning
The LTH, ctd

98

https://arxiv.org/abs/2005.03454
https://arxiv.org/abs/2005.03454
https://arxiv.org/abs/2005.03454


Pruning Movement Pruning

● First-order

● M 

○ hard M = Topv(S) S v

○ soft M = (S > τ)  S τ

99

https://arxiv.org/abs/2005.07683
https://arxiv.org/abs/2005.07683


Pruning
& Hardware

100

✅ ✅

❌ ✅

✅ ❌

On standard hardware:

●

●

https://arxiv.org/pdf/2009.06489.pdf


Efficient Attention

04
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Recap

The Transformer architecture

masked 
multi-head 
attention

multi-head 
attention

add & norm

dense

add & norm

add & norm

multi-head 
attention

add & norm

dense

add & norm

102



Recap

The Transformer architectureThe Transformer architecture

Quadratic bottleneck

masked 
multi-head 
attention

multi-head 
attention

add & norm

dense

add & norm

add & norm

multi-head 
attention

add & norm

dense

add & norm

103



Recap

The Transformer architecture

masked 
multi-head 
attention

multi-head 
attention

add & norm

dense

add & norm

add & norm

multi-head 
attention

add & norm

dense

add & norm

The Transformer architecture

Quadratic bottleneck

●
●
●
●

104



Efficient Attention

105

Sparse Transformer 
(Child et al., 2019)

Reformer
(Kitaev et al., 2020)

Routing Transformer 
(Roy et al, 2020)

Performer
(Choromanski et al., 2020)

Linformer
(Wang et al., 2020)

Linear Transformer 
(Katharopoulos et al., 2020)

Big Bird
(Zaheer et al., 2020)

https://arxiv.org/pdf/1904.10509.pdf
https://arxiv.org/pdf/2001.04451.pdf
https://arxiv.org/pdf/2003.05997.pdf
https://arxiv.org/pdf/2006.03555.pdf
https://arxiv.org/abs/2006.04768
https://arxiv.org/abs/2006.16236
https://arxiv.org/abs/2007.14062


Efficient Attention
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Sparse Transformer 
(Child et al., 2019)

Reformer
(Kitaev et al., 2020)

Routing Transformer 
(Roy et al, 2020)

Performer
(Choromanski et al., 2020)

Linformer
(Wang et al., 2020)

Linear Transformer 
(Katharopoulos et al., 2020)

Big Bird
(Zaheer et al., 2020)

https://arxiv.org/pdf/1904.10509.pdf
https://arxiv.org/pdf/2001.04451.pdf
https://arxiv.org/pdf/2003.05997.pdf
https://arxiv.org/pdf/2006.03555.pdf
https://arxiv.org/abs/2006.04768
https://arxiv.org/abs/2006.16236
https://arxiv.org/abs/2007.14062


Beyond a Dense Attention Matrix

Goal:

107



Efficient Attention

A wide range of recent techniques!

● Data-Independent Patterns

○ Blockwise Transformer (Qiu et al., 2019)

○ Sparse Transformer (Child et al., 2019)

○ Longformer (Beltagy et al., 2020)

○ Big Bird (Zaheer et al., 2020)

108

https://arxiv.org/pdf/2009.06732.pdf
https://arxiv.org/abs/1911.02972
https://arxiv.org/abs/1904.10509
https://arxiv.org/abs/2004.05150
https://arxiv.org/pdf/2007.14062.pdf


Efficient Attention

A wide range of recent techniques!

●
● Data-Dependent Patterns

○ Linformer (Wang et al., 2020)

○ Reformer (Kitaev et al., 2020)

○ Routing Transformer (Roy et al., 2020)

○ Clustered Attention (Vyas et al., 2020)

○ Sinkhorn Transformer (Tay et al., 2020)

109

https://arxiv.org/pdf/2009.06732.pdf
https://arxiv.org/pdf/2006.04768.pdf
https://arxiv.org/pdf/2001.04451.pdf
https://arxiv.org/pdf/2003.05997.pdf
https://arxiv.org/pdf/2007.04825.pdf
https://arxiv.org/pdf/2002.11296.pdf


Efficient Attention

A wide range of recent techniques!

●
●
● Kernels and Alternative Attention Mechanisms

○ Linear Transformer (Katharopoulos et al., 2020)

○ Random Feature Attention (Anonymous, 2020)

○ Performer (Choromanski et al., 2020)

○ Synthesizer (Tay et al., 2020)

110

https://arxiv.org/pdf/2006.16236.pdf
https://openreview.net/pdf?id=QtTKTdVrFBB
https://arxiv.org/pdf/2006.03555.pdf
https://arxiv.org/pdf/2002.11296.pdf
https://arxiv.org/pdf/2009.06732.pdf


Efficient Attention

A wide range of recent techniques!

●
●
●
● Recurrence

○ Transformer XL (Dai et al., 2019)

○ Compressive Transformers
(Rae et al., 2019)

111

https://arxiv.org/pdf/1901.02860.pdf
https://arxiv.org/pdf/1911.05507.pdf
https://arxiv.org/pdf/2009.06732.pdf


Data-Independent Patterns

112



Data-Independent Patterns

Blockwise Patterns

113

https://arxiv.org/abs/1911.02972
https://arxiv.org/abs/1802.05751


Data-Independent Patterns

Strided Patterns

114

https://arxiv.org/abs/1904.10509
https://arxiv.org/abs/2004.05150


Data-Independent Patterns

Diagonal Patterns

115

https://arxiv.org/abs/2004.05150
https://arxiv.org/pdf/2007.14062.pdf


Data-Independent Patterns

Random Patterns

116

https://arxiv.org/pdf/2007.14062.pdf


Data-Independent Patterns

Global Attention

117

https://arxiv.org/pdf/2007.14062.pdf
https://arxiv.org/pdf/2004.05150.pdf
https://arxiv.org/pdf/2004.08483.pdf


Data-Independent Patterns

Combination of Patterns

118

https://arxiv.org/pdf/2007.14062.pdf
https://arxiv.org/abs/2004.05150


Data-Dependent Patterns

119



Data-Dependent Patterns

Buckets

120

https://arxiv.org/pdf/2001.04451.pdf
https://arxiv.org/pdf/2003.05997.pdf


Data-Dependent Patterns

Buckets: Hashing

121

http://web.iitd.ac.in/~sumeet/Slaney2008-LSHTutorial.pdf
https://arxiv.org/pdf/2001.04451.pdf


Data-Dependent Patterns

Buckets: Clustering

122

https://arxiv.org/pdf/2003.05997.pdf
https://arxiv.org/pdf/2007.04825.pdf


Data-Dependent Patterns

Sorting and blocking

●

●

123

https://arxiv.org/pdf/2002.11296.pdf


Data-Dependent Patterns

Compression

124

https://arxiv.org/pdf/1801.10198.pdf
https://arxiv.org/pdf/2006.04768.pdf
https://arxiv.org/pdf/2005.00743.pdf


Kernels and Alternative 
Attention Mechanisms

125



Kernels and Alternative Attention Mechanisms

Kernels

Recap

Standard transformers

126



Kernels and Alternative Attention Mechanisms

Kernels

Recap

kernel:

127



Kernels and Alternative Attention Mechanisms

Kernels

Recap

kernel:
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Kernels and Alternative Attention Mechanisms

Kernels

Recap

kernel:

129



Kernels and Alternative Attention Mechanisms

Kernels

Recap

kernel:

Independent of query!

130



Kernels and Alternative Attention Mechanisms

Kernels

Recap

kernel:

131

Compute this d’ x d matrix first



Kernels and Alternative Attention Mechanisms

Kernels

Recap

kernel:

132

Then this l x d matrix



Kernels and Alternative Attention Mechanisms

Kernels

133

linear

https://arxiv.org/pdf/2006.16236.pdf


Kernels and Alternative Attention Mechanisms

Kernels

134

Random Feature Attention 

Performer 

https://openreview.net/pdf?id=QtTKTdVrFBB
https://arxiv.org/pdf/2006.03555.pdf


Kernels and Alternative Attention Mechanisms

Performer: Generalized Attention and FAVOR 

135

https://arxiv.org/pdf/2006.03555.pdf


Kernels and Alternative Attention Mechanisms

Synthesizers 

136

https://arxiv.org/abs/2005.00743


Recurrence

137



Recurrence

Transformer-XL 
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https://arxiv.org/abs/1901.02860


Recurrence

Transformer-XL 

receptive field
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https://arxiv.org/abs/1901.02860


Recurrence
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Compressive Transformers
compression

https://arxiv.org/pdf/1911.05507.pdf


Recurrence

Compressive Transformers

-

-

compression 
function 
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compression

https://arxiv.org/pdf/1911.05507.pdf
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Benchmarking

How do these models compare in practice?
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Benchmarking

Note
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Key Takeaways
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Case Studies
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Efficient
Language models
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Towards more efficient NLP

3)  Case studies

      a) Efficient Language Models
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Source: unsplash.com
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PointwiseFullyConnected

Convolution

GroupedConvolution

equivalent to

implemented as

more expensive operation

more efficient operation
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Natural 
Language 
Processing with 
Small 
Feed-Forward 
Networks

arxiv.org/abs/1708.00214

● Useful accuracies on a variety of tasks

● Great runtime and memory value in resource 
constrained environments

● Features defined over character n-grams, embeddings 
learned from scratch

● Random feature mixing hashing for small feature 
vocabularies

● Quantization for embedding weight compression

165

https://arxiv.org/abs/1708.00214


Natural 
Language 
Processing with 
Small 
Feed-Forward 
Networks

arxiv.org/abs/1708.00214

fully connected

ReLU activated

softmax

Discrete feature 
embedding 
matrix

reshaping

166

https://arxiv.org/abs/1708.00214


Natural 
Language 
Processing with 
Small 
Feed-Forward 
Networks

arxiv.org/abs/1708.00214

Example result: 

POS Tagging, compared to BTS (Gillick et al., 2016)

● +0.3% accuracy (95.4%, near state-of-the-art)

● 6x fewer parameters 

● 36x fewer FLOPs

167

https://arxiv.org/abs/1708.00214
https://www.aclweb.org/anthology/N16-1155/


The Evolved 
Transformer

arxiv.org/abs/1901.11117

● Consistent improvement over Transformer on well 
established WMT and LM1B.

● NAS to search Transformer alternatives

● Large search space from feed-forward sequence 
models 

● Evolutionary architecture search

168

https://arxiv.org/abs/1901.11117


The Evolved 
Transformer

arxiv.org/abs/1901.11117
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The Evolved 
Transformer

arxiv.org/abs/1901.11117
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https://arxiv.org/abs/1901.11117


The Evolved 
Transformer

arxiv.org/abs/1901.11117

Same quality as original “big” Transformer with 37.6% fewer 
parameters and outperforms Transformer by 0.7 BLEU at a 
mobile-friendly model size of ~7M params.
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https://arxiv.org/abs/1901.11117


PRADO + 
pQRNN

www.aclweb.org/anthology/D19-1506/

https://ai.googleblog.com/2020/09/adva

ncing-nlp-with-efficient-projection.html
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PRADO: Projection Attention Networks for Document 
Classification On-Device

● Combines trainable projections with attention and 
convolutions

● With only 200 Kilobytes in size, outperformed prior CNN 
and LSTM models and achieved near state of the art 
performance on multiple long document classification 
tasks. 

https://www.aclweb.org/anthology/D19-1506/
https://ai.googleblog.com/2020/09/advancing-nlp-with-efficient-projection.html
https://ai.googleblog.com/2020/09/advancing-nlp-with-efficient-projection.html


PRADO + 
pQRNN
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PRADO + 
pQRNN

www.aclweb.org/anthology/D19-1506/

https://ai.googleblog.com/2020/09/adva

ncing-nlp-with-efficient-projection.html
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pQRNN

● A projection layer with a quasi-RNN encoder

● Same projection layer used in PRADO

● pQRNN is also quantized

https://www.aclweb.org/anthology/D19-1506/
https://ai.googleblog.com/2020/09/advancing-nlp-with-efficient-projection.html
https://ai.googleblog.com/2020/09/advancing-nlp-with-efficient-projection.html


PRADO + 
pQRNN

www.aclweb.org/anthology/D19-1506/

https://ai.googleblog.com/2020/09/adva

ncing-nlp-with-efficient-projection.html
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https://ai.googleblog.com/2020/09/advancing-nlp-with-efficient-projection.html


MobileBERT

arxiv.org/abs/2004.02984

● Designed for running on mobile phones with acceptable 
latency

● Inverted-Bottleneck BERTLARGE teacher

● Distilled into a compact MobileBERT student

● As deep as BERTLARGE, but narrower

● Task-agnostic compression (task specific fine-tuning 
performed directly on the compact model)
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https://arxiv.org/abs/2004.02984


MobileBERT

arxiv.org/abs/2004.02984

177

https://arxiv.org/abs/2004.02984


MobileBERT

arxiv.org/abs/2004.02984
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MobileBERT

arxiv.org/abs/2004.02984

● 4.3x smaller, 5.5x faster than BERTBASE

● 77.7 GLUE score ~ BERTBASE

● 90.0/79.2 SQuAD v1.1/v2.0 F1 ~ BERTBASE

● 62 ms latency on a Pixel 4 phone

179

https://arxiv.org/abs/2004.02984


Lite Transformer 
with Long-Short 
Range Attention

arxiv.org/abs/2004.11886

● Long-Short Range Attention (LSRA)

○ Local context modeling by convolution

○ Long distance modeling by attention

● 2.5× reduced computation vs Transformer base

● 18.2× smaller with pruning and quantization

● 0.5 higher BLUE compared to Evolved Transformer, 
without the 250 GPU-year NAS cost.
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https://arxiv.org/abs/2004.11886


MicroNet for 
Efficient 
Language 
Modeling

arxiv.org/abs/2005.07877

NeurIPS 2019 MicroNet Challenge1

Language modeling track: train efficient word-level language 
models on the Wikitext-103 Dataset2 (word-level perplexity < 
35)

Score = Normalized Parameter Storage +

               Normalized Math Operations

(Normalized by LSTM Rae et at, 2018 arxiv.org/abs/1803.10049)

1Gale et al 2019, micronet-challenge.github.io

2Merity et al 2016, arxiv.org/abs/1609.07843
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https://arxiv.org/abs/2005.07877
https://arxiv.org/abs/1803.10049
https://micronet-challenge.github.io/
https://arxiv.org/abs/1609.07843


MicroNet for 
Efficient 
Language 
Modeling

arxiv.org/abs/2005.07877

● Core Language Model

○ Transformer-XL

○ Short Context Group Joint Optimization

○ Adaptive Embedding and Softmax

○ Hebbian Updates

● Compression Techniques

○ Knowledge Distillation

○ Pruning

○ Quantization

182

https://arxiv.org/abs/2005.07877


MicroNet for 
Efficient 
Language 
Modeling

arxiv.org/abs/2005.07877

● 90-fold reduction in parameter size and a 36-fold 

reduction in math operations compared to the MicroNet 

baseline
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https://arxiv.org/abs/2005.07877


Hardware-Aware 
Transformers

arxiv.org/abs/2005.14187

● Neural Architecture Search

○ Train a SuperTransformer to cover a large space

○ Evolutionary search with hardware latency 
constraint to find a specialized SubTransformer

● Speed up and smaller size over baseline Transformer, 
and low search cost
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Hardware-Aware 
Transformers

arxiv.org/abs/2005.14187
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https://arxiv.org/abs/2005.14187


Hardware-Aware 
Transformers

arxiv.org/abs/2005.14187

SubTransformer search

● Evolutionary search

● Find a satisfactory SubTransformer given a latency 
requirement

● Latency predictor trained for offline latency estimation 
(fast and accurate)
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https://arxiv.org/abs/2005.14187


Hardware-Aware 
Transformers

arxiv.org/abs/2005.14187

WMT’14 results on Raspberry Pi-4:

● 3× speedup, 3.7× smaller size over baseline 
Transformer

● 2.7× speedup, 3.6× smaller size over Evolved 
Transformer with 12,041× less search cost
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https://arxiv.org/abs/2005.14187


SqueezeBERT

arxiv.org/abs/2006.11316

● Replace several operations in self-attention layers with 

grouped convolutions

● Much faster inference on mobile devices

188

https://arxiv.org/abs/2006.11316


SqueezeBERT

arxiv.org/abs/2006.11316

● Previous takeaways from CV into NLP
(already adopted in MobileBERT)

○ Bottleneck layers

○ High-information flow residual connections

● New contributions from CV incorporated
into SqueezeBERT’s self-attention

○ Convolutions

○ Grouped convolutions

189

https://arxiv.org/abs/2006.11316


SqueezeBERT

arxiv.org/abs/2006.11316

● Results

○ 4.3x faster than BERT-base (while MobileBERT is 
reported as 3.0x faster than BERT-base) on a Pixel 3 
phone.

○ GLUE score 76.9 (vs 79.0 for BERT-base)
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https://arxiv.org/abs/2006.11316


DeLighT: Very 
Deep and 
Light-weight 
Transformer

arxiv.org/abs/2008.00623

● More efficient parameter allocation within and across 

Transformer blocks

● Similar performance with substantially fewer parameters 

compared to baseline transformers.
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DeLighT: Very 
Deep and 
Light-weight 
Transformer

arxiv.org/abs/2008.00623
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DeLighT: Very 
Deep and 
Light-weight 
Transformer

arxiv.org/abs/2008.00623
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Retrieval
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Sentence-BERT: 
Sentence 
Embeddings 
using Siamese 
BERT-Networks

arxiv.org/abs/1908.10084

● Cross-attention, single tower models such as BERT have set 
state-of-the-art results on sentence-pair tasks such as STS.

● For sentence-retrieval tasks, cross-attention model requires 
expensive re-encoding the entire retrieval corpus. 

● Sentence-BERT modifies the pretrained encoder to perform 
a single inference per input sentence, followed by cheap 
pairwise comparisons e.g. cosine similarity.
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Sentence-BERT: 
Sentence 
Embeddings 
using Siamese 
BERT-Networks

arxiv.org/abs/1908.10084

Encoder

[CLS] SA [SEP] SB [SEP] [CLS] SA [SEP] [CLS] SB [SEP]

Cross-attentional

(Single tower)

Dual-encoder

(Two tower)

regression layer

prediction

Encoder Encoder

.

prediction
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Sentence-BERT: 
Sentence 
Embeddings 
using Siamese 
BERT-Networks

arxiv.org/abs/1908.10084

● Finding the most similar sentence in a collection of 10,000 
sentences on a V100 GPU

○ BERT (cross-attention): 65 hours

○ SBERT (dual encoder): 5 seconds

● Can also be combined with Maximum Inner Product Search 
tools for sublinear scaling

○ https://github.com/google-research/google-research/tree/master/scann

○ https://github.com/facebookresearch/faiss

○ https://github.com/spotify/annoy
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Generalization 
through 
Memorization: 
Nearest 
Neighbor 
Language 
Models

arxiv.org/abs/1911.00172

● Introduces kNN-LMs, which extends a pre-trained neural 
language model (LM) by linearly interpolating it with a 
k-nearest neighbors (kNN) model.

● Allows for efficiently scaling up to larger training sets and 
for effective domain adaptation
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Generalization 
through 
Memorization: 
Nearest 
Neighbor 
Language 
Models

arxiv.org/abs/1911.00172
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REALM: 
Retrieval-Augmented 
Language Model 
Pre-Training

arxiv.org/abs/2002.08909

● Language model pre-training can capture world 
knowledge by storing it implicitly in the network 
parameters, but storage space is limited by the network 
size (prompting for ever-larger networks).

● REALM introduces a latent knowledge retriever to 
augment the language model, and shows for the first 
time how to pretrain it in an unsupervised manner.

206
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arxiv.org/abs/2002.08909
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REALM: 
Retrieval-Augmented 
Language Model 
Pre-Training

https://arxiv.org/abs/2002.08909


arxiv.org/abs/2002.08909

● Fine-tuning for open-domain question answering

208

REALM: 
Retrieval-Augmented 
Language Model 
Pre-Training

https://arxiv.org/abs/2002.08909


arxiv.org/abs/2002.08909

● State-of-the-art Open-QA, with a relatively small model 
size (e.g. REALM outperforms T5-11b while being 30 
times smaller)

209
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arxiv.org/abs/2002.08909

● State-of-the-art Open-QA, with a relatively small model 
size (e.g. REALM outperforms T5-11b while being 30 
times smaller)

210

REALM: 
Retrieval-Augmented 
Language Model 
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Scaling in Practice

06
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Why Do We Need Scale?
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Scale More Important Than Architecture

Kaplan et al., 2020: arXiv

213

https://arxiv.org/abs/2001.08361


Attention Size vs Model Size vs Test Loss

Kaplan et al., 2020: arXiv

214

https://arxiv.org/abs/2001.08361


Attention vs Fully Connected Time for Various Transformers
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Conclusions From Measuring Scaling

●

●

●

●
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Practical Considerations

217



Experimental vs Theoretical Perspective

●

●

●

a. Does it fit into my GPU/TPU/Accelerator?

b. Is it faster than other methods?

c. Can most people use it (+62% of PhD students)?

●
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Theory vs 
Practice

● Algorithm: (1) Divide matrix B into chunks of 128; (2) take 
the maximum element, set others to zero; (3) perform 
matrix multiply A*B=C and skip all zero elements
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Theory vs Practice

Tan & Le, 2019: arXiv 220

https://arxiv.org/abs/1905.11946


GPU Architecture

Ampere Architecture (NVIDIA)

221

https://developer.nvidia.com/blog/nvidia-ampere-architecture-in-depth/


Occupancy vs Memory Bandwidth vs FLOPS

Occupancy FLOPS Memory
Bandwidth Performance

Matrix multiplication

Convolution

Occupancy FLOPS Memory
Bandwidth Performance

=

=
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Occupancy vs Memory Bandwidth vs FLOPS

Occupancy FLOPS Memory
Bandwidth Performance

Sparse Matrix multiplication

Depthwise Convolution

Occupancy FLOPS Memory
Bandwidth Performance

=

=
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Occupancy vs Memory Bandwidth vs FLOPS

Occupancy FLOPS Memory
Bandwidth Performance

Depthwise Convolution 
(custom implementation)

Depthwise Convolution

Occupancy FLOPS Memory
Bandwidth Performance

=

=
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BERT Large vs BERT Base

BERT Base is 3.1x 
smaller than BERT 
Large but only trains 
1.5x faster. 

BERT Base is too 
small to saturate 
modern GPUs.
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Better Performance at Lower Occupancy

Occupancy FLOPS Memory
Bandwidth Performance

Matrix multiplication

Matrix Multiplication
(lower occupancy, higher instruction parallelism)

Occupancy FLOPS Memory
Bandwidth Performance

=

=

Volkov, 2010 226

https://www.nvidia.com/content/GTC-2010/pdfs/2238_GTC2010.pdf


Conclusion

●

●

●

●

●
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Memory Optimizations

228



Resources: Academia vs Industry
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Memory Optimizations Overview

●

●

●

●

●
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●
●
●

CPU<->GPU Memory Swapping / Paging

Swap in to GPU

Pupipeddi et al., 2020: arXiv
231

Active 
Layer

CPU GPU

https://arxiv.org/abs/2002.05645
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●
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●

CPU<->GPU Memory Swapping / Paging

CPU GPU

Swap in to GPU

Pupipeddi et al., 2020: arXiv
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Active 
Layer

https://arxiv.org/abs/2002.05645


CPU<->GPU Memory Swapping / Paging

●

●

●

●

○ 60-80% memory reduction

○ Network usually not slower. If it is slower, swap-int layers earlier (less memory 

reduction)

○ Faster training due to larger batch size for very large models
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Mixed Precision Training (FP16+FP32) / BF16 training

●
●
●
●
●

●
●
●

●
● Micikevicius et al., 2018: arXiv
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https://arxiv.org/abs/1710.03740


Gradient Checkpointing: Forward

●
●

Dropped Not Computed Yet

Active 
Layer

Checkpointed

Chen et al., 2016: arXiv
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https://arxiv.org/abs/1604.06174


Gradient Checkpointing: Forward

●
●

Dropped Not Computed Yet

Active 
Layer

Checkpointed
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Chen et al., 2016: arXiv
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Gradient Checkpointing: Backward

●
●

Dropped Not Computed Yet

Active 
Layer

Checkpointed
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Chen et al., 2016: arXiv

Has Gradient

Missing gradients!
Recompute from last checkpoint

 with forward pass

https://arxiv.org/abs/1604.06174


Gradient Checkpointing: Backward

●
●

Dropped Not Computed Yet

Active 
Layer

Checkpointed
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Chen et al., 2016: arXiv

Has Gradient

Forward pass to compute
 activation gradient

https://arxiv.org/abs/1604.06174


Gradient Checkpointing: Backward

●
●

Dropped Not Computed Yet

Active 
Layer

Checkpointed

243
Chen et al., 2016: arXiv

Has Gradient

https://arxiv.org/abs/1604.06174


Gradient Checkpointing: Backward

●
●

Dropped Not Computed Yet

Active 
Layer

Checkpointed
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Has Gradient

https://arxiv.org/abs/1604.06174


Gradient Checkpointing: Backward

●
●

Dropped Not Computed Yet

Active 
Layer

Checkpointed
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Chen et al., 2016: arXiv

Has Gradient

https://arxiv.org/abs/1604.06174


Gradient Checkpointing: Backward

●
●

Dropped Not Computed Yet

Active 
Layer

Checkpointed
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Has Gradient

https://arxiv.org/abs/1604.06174


Gradient Checkpointing: Backward

●
●

Dropped Not Computed Yet

Active 
Layer

Checkpointed
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Chen et al., 2016: arXiv

Has Gradient

https://arxiv.org/abs/1604.06174


Gradient Checkpointing

Benefits:

●

●

●

●

248

https://pytorch.org/docs/stable/checkpoint.html
https://github.com/tensorflow/tensorflow/blob/2cb8b4ab8f038f5c6de2381ad215fdaa6fd2bc22/tensorflow/python/ops/custom_gradient.py#L351


Reversible Residual Connections

●

Benefits:

●
●

○ Can save more memory due to being more general.
○ Easy to implement. Supported by major frameworks.

Forward Backward

Gomez et al., 2017: arXiv
249

https://arxiv.org/abs/1707.04585


Gradient Accumulation

●

●

●

●

Benefits / Tradeoffs:

●

●

●

●
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Parallelism
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Parallelism Overview

●

●

●

●

●
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Data Parallelism

253
Krizhevsky 2014 (arXiv)

Layer 1Layer 1

Layer 2 Layer 2

Device0 Device1

Layer 1Layer 1

Layer 2 Layer 2

Device0 Device1
Forward Backward

Grad Grad
Sync

Update Update
Different input 
mini-batches

Same model 
parameters for 

each device

https://arxiv.org/abs/1404.5997


Model Parallelism

254
Krizhevsky 2014 (arXiv)

Layer 1Layer 1

Layer 2 Layer 2

Device0 Device1
Forward Backward

Sync

Sync

Layer 1Layer 1

Layer 2 Layer 2

Device0 Device1

Sync

Sync

Grad Grad

Update Update
Same input 
mini-batches

Different model 
parameters for 

each device

https://arxiv.org/abs/1404.5997


Pipeline Parallelism

255
Krizhevsky 2014 (arXiv); Harlap et al., 2018 (arXiv); Huang et al., 2018 (arXiv)

https://arxiv.org/abs/1404.5997
https://arxiv.org/abs/1806.03377
https://arxiv.org/abs/1811.06965


ZeRO Parallelism Optimizations

256
Rajbhandari et al., 2020 (arXiv)

https://arxiv.org/abs/1910.02054


3D Parallelism

257
Microsoft Blog Post 
(paper coming soon?)

Pipeline

Model

Data

ZeRO

https://www.microsoft.com/en-us/research/blog/deepspeed-extreme-scale-model-training-for-everyone/#toc-heading-0


Why 3D Parallelism? 

258
Microsoft Blog Post 
(paper coming soon?)

●
●
●
●
●

https://www.microsoft.com/en-us/research/blog/deepspeed-extreme-scale-model-training-for-everyone/#toc-heading-0


Efficiency Optimizations
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Larger Batch Size

●

●

●

●
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Fused Kernels

● Adam with 10^9 parameters:
○ 14 read/writes
○ 32-bit 10^9 parameters = 4 GB
○ Normal Adam: GPU with 600 GB/s -> 14*4/600 = 100ms
○ Fused Adam: 6ms
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Mixture of Experts
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Mixture of Experts: Overview

Shazeer et al., 2017: arXiv

Lepikhin et al., 2020: arXiv

263

https://arxiv.org/abs/1701.06538
https://arxiv.org/abs/2006.16668


Transformers Mini-batch Time
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Mixture of Experts: Balancing and Specialization v1
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https://arxiv.org/abs/1701.06538


Mixture of Experts: Balancing and Specialization v1
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https://arxiv.org/abs/1701.06538


Mixture of Experts: Balancing and Specialization v1
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https://arxiv.org/abs/1701.06538


Mixture of Experts: Balancing and Specialization v2
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https://arxiv.org/abs/2006.16668


Mixture of Experts: Balancing and Specialization v2

●

●
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https://arxiv.org/abs/2006.16668


Mixture of Experts: Balancing and Specialization

1. Overbalancing: 

2. Underbalancing:

3. Sequence-level degeneration: 
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Mixture of Experts: Benefits

●

●

●

●
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Shazeer et al., 2017: arXiv

Lepikhin et al., 2020: arXiv

https://arxiv.org/abs/1701.06538
https://arxiv.org/abs/2006.16668


Closing Notes

07
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Why we should strive for efficiency
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Closing Notes
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275

We hope you 
enjoyed it and 
learned something 
new!



Slides available at: bit.ly/2SmhKY7 

Thank you!
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https://bit.ly/2SmhKY7

