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Background

How to handle a long document 
with thousands tokens？

Summarization
2QA



Long Document Modeling

Task:  Long document QA, Summarization, Translation, even Vision Task（64*64 pixels）… 

Naive ways:

Poor performance because lots of information is dropped
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1. Truncation 
(Extract the beginning or end of the document, drop others)

2. N-stage
(Split the input into small units then hierarchical modeling)



Long Document Modeling

What’s the key problem in Long Document Modeling ? 

Why pretrained models (Bert,Roberta..) constrained input length of 512?

Question:
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Self-Attention is quadratic dependency on the sequence length



Self-Attention

Sequence of text embeddings:  𝐗 = (𝑥1. 𝑥2, … , 𝑥N)
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Inputs
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Self-Attention

Quadratic dependency on the sequence length

(computational cost and memory consumption)
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Hard to handle 
long sequence ！

Self-Attention
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ℎ1 ℎ2 ℎ3 ℎ4 ℎ5 ℎ6 ℎ7 ℎ8 ℎ9 ℎ1 ℎ2 ℎ3 ℎ4 ℎ5 ℎ6 ℎ7 ℎ8 ℎ9

Original Self-Attention Sparse attention Longformer & Bigbird

𝐺

limit the receptive field of tokens:

Sparse Attention

Tokens “see” the entire sequence
Tokens “see” the local neighbors and global tokens

Sparse attention 
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Intuitively：

Different attention strategies for different distance neighbors

Motivation：

Motivation

1. the farther tokens “see”, the better performance

2. the farther tokens “see”, the higher computational complexity

3. Local neighbors are import. Farther neighbors contain more 
redundant information 

ℎ1 ℎ2 ℎ3 ℎ4 ℎ5 ℎ6 ℎ7 ℎ8 ℎ9

How to see further 
efficiently ?
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PoolingFormer

Two-level attention schema

1. For closer neighbors: Full Attention

2. For farther neighbors: Pooling attention
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PoolingFormer

First Level

Second Level:

𝒩 𝑖, 𝑤1 = {𝑖 − 𝑤1, … , 𝑖, … . 𝑖 + 𝑤1}

𝒩 𝑖, 𝑤2 = {𝑖 − 𝑤2, … , 𝑖, … . 𝑖 + 𝑤2}

𝑦𝑖
𝑇 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 𝒶𝑞𝑖

𝑇𝐾𝒩 𝑖,𝑤1
𝑉𝒩 𝑖,𝑤1

𝑇
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• Trainable Pooling Mechanisms : LDConv

→

Mean-LDConv ：

PoolingFormer



PoolingFormer for Document-level 
Summarization

Model ROUGE-1 ROUGE-2 ROUGE-L
Sent-PTR-512 42.32 15.63 38.06
Extr-Abst-TLM-512 41.62 14.69 38.03
PEGASUS-512 44.21 16.95 38.83
Dancer-512 45.01 17.60 40.56
BigBird-16k 46.63 19.02 41.77
LED-4k 44.40 17.94 39.76
LED-16k 46.63 19.62 41.83
Poolingformer-4k 47.86 19.54 42.35
Poolingformer-16k 48.47 20.23 42.69
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Google’s NQ TyDi QA

PoolingFormer for Document-level QA
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Ablation Study
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Thank you!
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