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Goal: Know the core idea of each model~



Transformer

http://speech.ee.ntu.edu.tw/~tlkagk/courses/ML_2019/Lecture/Transformer%20(v5).pdf



Transformer-XL: Attentive 
Language Models Beyond a Fixed-
Length Context
Zihang Dai, Zhilin Yang, Yiming Yang, Jaime Carbonell, Quoc V. Le, Ruslan Salakhutdinov 
   

Carnegie Mellon University, Google Brain

ACL19 



How to Use Vanilla Transformer Language Models for Long Document

•Split the entire corpus into shorter segments 

•Problem:  
• Information never flows across segments 
• Computation inefficient



How to Use Vanilla Transformer Language Models for Long Document

https://ai.googleblog.com/2019/01/transformer-xl-unleashing-potential-of.html

Vanilla Transformer with a fixed-length 

context at training time
Vanilla Transformer with a fixed-
length context at evaluation time

•Split the entire corpus into shorter segments 

•Problem: Information never flows across segments Computation inefficient



Segment-Level Recurrence with State Reuse
•During training, the hidden state sequence computed for the previous 
segment is fixed and cached to be reused as an extended context when 

the model processes the next new segment

Transformer-XL model with a segment length 4



https://ai.googleblog.com/2019/01/transformer-xl-unleashing-potential-of.html

Segment-Level Recurrence with State Reuse



Segment-Level Recurrence with State Reuse
•the largest possible dependency length grows linearly w.r.t. the number 
of layers as well as the segment length : O(N × L)



https://ai.googleblog.com/2019/01/transformer-xl-unleashing-potential-of.html

Segment-Level Recurrence with State Reuse



Positional Encodings?

[0, 1, 2, 3] [0, 1, 2, 3]



Relative Positional Encodings

1. R is a sinusoid encoding matrix 

(Vaswani et al., 2017) without 
learnable parameters. 

2. Introduce a trainable parameter  

and  to replace the query  

3. Separate the two weight matrices 
 and 
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Experiments
•word-level and character-level language modeling



Star-Transformer
Qipeng Guo, Xipeng Qiu, Pengfei Liu, Yunfan Shao, Xiangyang Xue, Zheng Zhang 

Shanghai Key Laboratory of Intelligent Information Processing, Fudan University  

School of Computer Science, Fudan University 

New York University

NAACL19 

https://arxiv.org/search/cs?searchtype=author&query=Guo%2C+Q
https://arxiv.org/search/cs?searchtype=author&query=Qiu%2C+X
https://arxiv.org/search/cs?searchtype=author&query=Liu%2C+P
https://arxiv.org/search/cs?searchtype=author&query=Shao%2C+Y
https://arxiv.org/search/cs?searchtype=author&query=Xue%2C+X
https://arxiv.org/search/cs?searchtype=author&query=Zhang%2C+Z


Motivation
•The local compositionality is already a robust inductive bias for 
modeling the text sequence.

Transformer

virtual 
relay node

ring connections

radical  
connections

Star-Transformer



The Update of Star-Transformer

https://xpqiu.github.io/slides/20200613-CAAI-⾃然语⾔处理中的⾃注意⼒模型.pdf



Experiments
Task Dataset Metric Transformer Star-Transformer

1 Text Classification MTL 16 Acc 82.78 86.98

2 NLI SNLI Acc 82.2 86.0

3 NER CoNLL2003 F1 86.48 90.93

4 NER CoNLL2012 F1 83.57 86.30

5 POS PTB Acc 96.31 97.14



BP-Transformer: Modelling 
Long-Range Context via Binary 
Partitioning
Zihao Ye, Qipeng Guo, Quan Gan, Xipeng Qiu, Zheng Zhang  

AWS Shanghai AI Lab 

Fudan University  

New York University Shanghai



Motivation (inductive bias)
•Attending the context information from fine-grain to coarse-grain as the 

relative distance increases.  
•The farther the context information is, the coarser its representation is. 
•A token node can attend the smaller-scale span for the closer context 
and the larger-scale span for the longer-distance context.



Binary partitioning

Token nodes

Span nodes

binary tree



Edge Construction

Relative Positional Encoding on Tree



The update of graph

Graph Self Attention 



Experiments

Classification Language Modeling



Reformer: The Efficient 
Transformer 
Nikita Kitaev, Łukasz Kaiser, Anselm Levskaya  

U.C. Berkeley & Google Research

ICLR2020 

https://arxiv.org/search/cs?searchtype=author&query=Kitaev%2C+N
https://arxiv.org/search/cs?searchtype=author&query=Kaiser%2C+%C5%81
https://arxiv.org/search/cs?searchtype=author&query=Levskaya%2C+A


Problems of Transformers

•Attention computation 

•Large number of layers 

•Depth of feed-forward layers

https://towardsdatascience.com/illustrating-the-reformer-393575ac6ba0



Problem1: Attention computation

https://towardsdatascience.com/illustrating-the-reformer-393575ac6ba0

[batch_size, length, length]



Solution1: find the nearest ones to attend?

find nearest?



Solution1: Locality sensitive hashing (LSH) Attention

The main idea behind LSH is to select hash functions such that for two points ‘p’ and 
‘q’, if ‘q’ is close to ‘p’ then with good enough probability we have ‘hash(q) == hash(p)’.

LSH

Vec_1

Vec_2

Vec_3

Close

Far



Solution1: Locality sensitive hashing (LSH) Attention

•projects the points on a unit sphere which has been divided into predefined 

regions each with a distinct code.

Angular LSH



Solution1: Locality sensitive hashing (LSH) Attention

https://towardsdatascience.com/illustrating-the-reformer-393575ac6ba0



Solution1: Locality sensitive hashing (LSH) Attention

https://towardsdatascience.com/illustrating-the-reformer-393575ac6ba0



Solution2: Reversible residual Network

https://towardsdatascience.com/illustrating-the-reformer-393575ac6ba0



Solution3:  Chunking



Reformer

https://zhuanlan.zhihu.com/p/267095360



Longformer: The Long-
Document Transformer
Iz Beltagy, Matthew E. Peters, Arman Cohan 

Allen Institute for Artificial Intelligence, Seattle, WA, USA



Attention Pattern



Pre-training
•RoBERTa uses learned absolute position embeddings with the maximum 

position being 512.  

•To support longer documents, we add extra position embeddings to 

support up to position 4,096.  

•To leverage RoBERTa’s pretrained weights, instead of randomly 

initializing the new position embeddings, we initialize them by copying 

the 512 position embeddings from RoBERTa multiple times



Experiment



Big Bird: Transformers for 
Longer Sequences 
Manzil Zaheer, Guru Guruganesh, Avinava Dubey, Joshua Ainslie, Chris Alberti, Santiago 

Ontanon, Philip Pham, Anirudh Ravula, Qifan Wang, Li Yang, Amr Ahmed 

Google Research

https://arxiv.org/search/cs?searchtype=author&query=Zaheer%2C+M
https://arxiv.org/search/cs?searchtype=author&query=Guruganesh%2C+G
https://arxiv.org/search/cs?searchtype=author&query=Dubey%2C+A
https://arxiv.org/search/cs?searchtype=author&query=Ainslie%2C+J
https://arxiv.org/search/cs?searchtype=author&query=Alberti%2C+C
https://arxiv.org/search/cs?searchtype=author&query=Ontanon%2C+S
https://arxiv.org/search/cs?searchtype=author&query=Ontanon%2C+S
https://arxiv.org/search/cs?searchtype=author&query=Pham%2C+P
https://arxiv.org/search/cs?searchtype=author&query=Ravula%2C+A
https://arxiv.org/search/cs?searchtype=author&query=Wang%2C+Q
https://arxiv.org/search/cs?searchtype=author&query=Yang%2C+L
https://arxiv.org/search/cs?searchtype=author&query=Ahmed%2C+A


Big Bird？

http://speech.ee.ntu.edu.tw/~tlkagk/courses/DLHLP20/BERT%20train%20(v8).pdf



Attention mechanism



Pre-training
•warm-starting from the public RoBERTa checkpoint



Summarization



Summarization
•we used sparse BigBird attention only for encoder, while keeping the full 
attention for decoder.



Summarization



Conclusions

Star-Transformer ReformerTransformer-XL

BP-Transformer Longformer Big Bird



For more 

Efficient Transformers: A Survey



For more 

•[Survey] Efficient Transformers: A Survey https://arxiv.org/abs/
2009.06732 

•[BLOG] A Survey of Long-Term Context in Transformers https://
www.pragmatic.ml/a-survey-of-methods-for-incorporating-long-
term-context/ 

•[Repo] Separius/awesome-fast-attention https://github.com/Separius/
awesome-fast-attention

https://arxiv.org/abs/2009.06732
https://arxiv.org/abs/2009.06732
https://arxiv.org/abs/2009.06732
https://arxiv.org/abs/2009.06732
https://www.pragmatic.ml/a-survey-of-methods-for-incorporating-long-term-context/
https://www.pragmatic.ml/a-survey-of-methods-for-incorporating-long-term-context/
https://www.pragmatic.ml/a-survey-of-methods-for-incorporating-long-term-context/
https://github.com/Separius/awesome-fast-attention
https://github.com/Separius/awesome-fast-attention
https://github.com/Separius/awesome-fast-attention
https://github.com/Separius/awesome-fast-attention


Thanks！


