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Attention is All You Need (Vaswani et al., NIPS 2017)



Pre-training: masked LM + next sentence prediction
Fine-tuning: sentence-level & token-level tasks

BERT
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BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding (Devlin et al., NAACL 2019)
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Green Al (Schwartz et al., 2019)
Energy and Policy Considerations for Deep Learning in NLP (Strubell et al., 2019)



2. Model Compression
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2.2 DistilBERT —-—
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DistilBERT, a distilled version of BERT: smaller, faster, cheaper and lighter (Sanh et al., NeurlPS 2019 Workshop)
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HQA 'Tﬁg' KorQUAD MR-2 MR-5 QS SM  PAWS
”‘('E1EZF§T 91.8 906 905 879 748 866 887  79.3
La'(ifz'for 95.1 943 939 900 755 874 942 849
(L6§fo'fr‘]’i'§zch) 93.1 929 918 892 753 859 909 805
DistillaRva | 939 936 925 896 754 867 934  81.6

(L6)
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MobileBERT: a Compact Task-Agnostic BERT for
Resource-Limited Devices (Sun et al., ACL 2020)

BERT-of-Theseus: Compressing BERT by Progressive
Module Replacing (Xu et al.,, EMNLP 2020)



3. Better
Attention Mechani



3.1 CjYor X-former= w00

Self-attentionQ| 914t S E J|M
Long-term context HrY It

Model / Paper Complexity | Decode | Class
Memory Compressed! (Liu et al., 2018) O(n2) v FP+M
Image Transformer! (Parmar et al., 2018) O(n.m) v FP

Set Transformer! (Lee et al., 2019) O(nk) X M
Transformer-XL1 (Dai et al., 2019) O(n?) v RC
Sparse Transformer (Child et al., 2019) O(n/n) v FP
Reformer! (Kitaev et al., 2020) O(nlogn) v LP
Routing Transformer (Roy et al., 2020) O(nlogn) v LP
Axial Transformer (Ho et al., 2019) O(ny/n) v FP
Compressive Transformer! (Rae et al., 2020) O(n?) v RC
Sinkhorn Transformer! (Tay et al., 2020b) O(b?) v LP
Longformer (Beltagy et al., 2020) O(n(k + m)) v FP+M
ETC (Ainslie et al., 2020) O(nj + nng) X FP+M
Synthesizer (Tay et al., 2020a) O(n?) v LR+LP
Performer (Choromanski et al., 2020) O(n) v KR
Linformer (Wang et al., 2020b) O(n) X LR
Linear Transformers’ (Katharopoulos et al., 2020) O(n) v KR
Big Bird (Zaheer et al., 2020) O(n) X FP+M

Efficient Transformers: A Survey (Tay et al., 2020)
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End-To-End Memory Networks (Sukhbaatar et al., 2015)



4.2 Product Key Memory (PKM
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Large Memory Layers with Product Keys (Lample et al., NeurlPS 2019)



4.2 Product Key Memory (PKM) w00
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Large Memory Layers with Product Keys (Lample et al., NeurlPS 2019)




4.2 Product Key Memory (PKM)
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Large Memory Layers with Product Keys (Lample et al., NeurlPS 2019)
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4.3 PKM= PLMOJ| M EX}

CHas] HQACIL| 20| OhE||?

QA GLUE
Model SQuAD 1.1 MNLI-{(m/mm) QQP QNLI SST-2 CoLA Avg
(EM/F1) (Acc) (Acc) (Acc) (Acc) (Matt)
(a) BERTgasg" 82.7/89.8 84.3/84.5 91.0 89.3 92.8 60.8 83.8
(c) +PKM 81.9/89.1 84.4/85.0 91.1 89.0 93.6 59.7 83.8
(2) BERTgasg” 81.1/88.5 83.9/84.4 91.0 88.4 92.9 59.8 83.4
(h) BERT arge™  83.3/90.6 86.2/86.1 91.4 90.4 03.8 64.1 85.3
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Large Product Key Memory for Pretrained Language Models (Gyuwan Kim and Tae-Hwan Jung, Findings of EMNLP 2020)
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Large Product Key Memory for Pretrained Language Models (Gyuwan Kim and Tae-Hwan Jung, Findings of EMNLP 2020)
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Large Product Key Memory for Pretrained Language Models (Gyuwan Kim and Tae-Hwan Jung, Findings of EMNLP 2020)
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4.3 PKM= PLMO|| M E X}
- — —
Model # Layers  # Params Speed
(batch/sec)
o = h BERTgask 12 110M 79.8
— —_— BERTgase +PKM 12 506M 61.4
BERT baseoﬂ PKME T7|-0|-0:| BERToucr. +ResM 12 515M 59.3
- C} 204 H| 23 XS om0 34 b o
BERT IarQEE |- |-_ L -l |A - O™ E' BERTLAR(;[; +ResM 24 876M 36.1
QA GLUE
Model SQuAD 1.1 MNLI-(m/mm) QQP QNLI SST-2 CoLA Avg
(EM/F1) (Acc) (Acc) (Acc) (Acc) (Matt)

(a) BERTpAsE" 82.7/89.8 84.3/84.5 91.0 89.3 92.8 60.8 83.8

(b) 43500k steps 83.3/90.1 84.8/84.9 91.2 89.2 92.4 61.4 84.0

(c) +PKM 81.9/89.1 84.4/85.0 91.1 89.0 93.6 59.7 83.8

(d) +ResM 81.5/89.4 84.6/84.8 91.0 88.2 93.2 62.8 84.1

(e) +Init+PKM 83.8/90.6 85.8/85.6 91.2 90.0 93.6 63.6 85.0

(f) +Init +ResM 83.9/90.8 86.0/85.8 91.4 90.4 94.0 64.1 85.3

(2) BERTgAse” 81.1/88.5 83.9/84 .4 91.0 88.4 92.9 59.8 83.4

(h) BERT arge™ 83.3/90.6 86.2/86.1 91.4 90.4 93.8 64.1 85.3

Large Product Key Memory for Pretrained Language Models (Gyuwan Kim and Tae-Hwan Jung, Findings of EMNLP 2020)



5. Anytime Prediction
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Slimmable Neural Networks (Yu et al., ICLR 2019)
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Universally Slimmable Networks and Improved Training Techniques (Yu and Huang, ICCV 2019)
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DynaBERT: Dynamic BERT with Adaptive Width and Depth (Hou et al., NeurlPS 2020)
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HAT: Hardware-Aware Transformers for Efficient Natural Language Processing (Wang et al., ACL 2020)



5.3 =2t0]| wE L} peview

Q2{ example0| [j2t CHE o] = n
2t 3o]o] ¥ BEIISS SA0 &L S
AL = Of| = 2HS SHAISHH = 21H0)| L7}

|‘7 Conv 3x3 'I Exit 2 —P

Conv 3x3

|
Conv 5x5

|||— Conv 3x3™= Conv3x3=- Exitl =P

Conv 5x5

BranchyNet: Fast Inference via Early Exiting from Deep Neural Networks (Teerapittayanon et al., 2017)
Adaptive Computation Time for Recurrent Neural Networks (Graves, 2016)
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DeeBERT: Dynamic Early Exiting for Accelerating
BERT Inference (Xin et al., ACL 2020)

Model architecture
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pt = Teacher Classifier(hr—1). Ps; = Student Classi fier-i(hi).
The Right Tool for the Job: Matching Model and FastBERT: a Self-distilling BERT with

Instance Complexities (Schwartz et al., ACL 2020) Adaptive Inference Time (Liu et al., ACL 2020)
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It’s shocking, shockingly disappointing! It’s shocking, shockingly disappointing!

(a) Shallow-Deep Net [5] (b) Patience-based Early Exit (PABEE)

BERT Loses Patience: Fast and Robust Inference with Early Exit (Zhou et al., NeurlPS 2020)
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Classifier --->Copy

N

(b) Token-specific - Multinomial

Decoding step> Decoding step>

(c) Token-specific - Geometric-like

Depth-Adaptive Transformer (Elbayad et al., ICLR 2020)
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Reducing Transformer Depth on Demand with Structured Dropout (Fan et al., ICLR 2020)
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Poor Man's BERT: Smaller and Faster Transformer Models (Sajjad et al., 2019)
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POWER-BERT: Accelerating BERT Inference via Progressive Word-vector Elimination (Goyal et al., ICML 2020)
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POWER-BERT: Accelerating BERT Inference via Progressive Word-vector Elimination (Goyal et al., ICML 2020)
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POWER-BERT: Accelerating BERT Inference via Progressive Word-vector Elimination (Goyal et al., ICML 2020)
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Length-Adaptive Transformer: Train Once with Length Drop, Use Anytime with Search (Gyuwan Kim and Kyunghyun Cho, 2020)
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Length-Adaptive Transformer: Train Once with Length Drop, Use Anytime with Search (Gyuwan Kim and Kyunghyun Cho, 2020)
Universally Slimmable Networks and Improved Training Technigues (Yu and Huang, ICCV 2019)
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Length-Adaptive Transformer: Train Once with Length Drop, Use Anytime with Search (Gyuwan Kim and Kyunghyun Cho, 2020)
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Length-Adaptive Transformer: Train Once with Length Drop, Use Anytime with Search (Gyuwan Kim and Kyunghyun Cho, 2020)
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5.6 Length-Adaptive Transformer
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Length-Adaptive Transformer: Train Once with Length Drop, Use Anytime with Search (Gyuwan Kim and Kyunghyun Cho, 2020)
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