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Figure 1: The Transformer - model architecture.
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Table 1: Maximum path lengths, per-layer complexity and minimum number of sequential operations
for different layer types. n is the sequence length, d is the representation dimension, k is the kernel
size of convolutions and r the size of the neighborhood in restricted self-attention.

Layer Type Complexity per Layer Sequential Maximum Path Length
Operations

Self-Attention O(n?-d) 0(1) o(1)

Recurrent O(n - d?) O(n) O(n)

Convolutional Ok -n-d?) 0(1) O(logr(n))

Self-Attention (restricted) O(r-n-d) O(1) O(n/r)
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Table 2: The Transformer achieves better BLEU scores than previous state-of-the-art models on the
English-to-German and English-to-French newstest2014 tests at a fraction of the training cost.

BLEU Training Cost (FLOPs)

Model
EN-DE EN-FR EN-DE EN-FR

ByteNet [18] 23.75
Deep-Att + PosUnk [39] 39.2 1.0-10%°
GNMT + RL [38] 24.6 39.92 2.3-10"  1.4-10%
ConvS2S [9] 25.16 4046 9.6-10"% 1.5-10%
MoE [32] 26.03 4056 2.0-10"* 1.2-10%
Deep-Att + PosUnk Ensemble [39] 40.4 8.0 - 10%Y
GNMT + RL Ensemble [38] 2630  41.16 1.8-10 1.1-10%
ConvS2S Ensemble [9] 26.36 41.29 7.7-107  1.2-10*
Transformer (base model) 273 38.1 3.3-10'%
Transformer (big) 28.4 41.8 2.3-10"
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+ Multi-Head Attention#1h
— MEBF
— BERT: Pre-training of Deep Bidrectional Transformers for
Language Understanding
 feature-based: EZFIE{FAfeaturelR s FiiFHES
fine—-tuning: HUREATGRIIZREIZE

Model |Samples Dataset

|Accuracy|

CNN 1000 | 10 Category Clean >
CNN+Glove | 1000 | 10 Category Clean \ 58.50¢
ULMFIT 1000 | 10 Category Clean| 76.50%

BERTHIRBIZS 1 RN BIER! :

BERT 1000 |10 Category Clean e BERT-Base, Uncased : 12-layer, 768-hidden, 12-heads, 110M parameters
CNN 6700 | 25 Category Noisy e BERT-Large, Uncased : 24-layer, 1024-hidden, 16-heads, 340M parameters
CNN+Glove | 6700 | 25 Category Noisy V . « BERT-Base, Cased :12-layer, 768-hidden, 12-heads , 110M parameters
ULMFIT 6700 | 25 Category Noisy | 67.00% * BERT-Large, Cased : 24-layer, 1024-hidden, 16-heads, 340M parameters (Not available yet. Needs to be re-
BERT 6700 |25 Category Noisy| 71.50% generated).
CNN 6700 25 Category Clean 62.74% * BERT-Base, Multilingual :102 languages, 12-layer, 768-hidden, 12-heads, 110M parameters
CNN+Glove 6700 25 Category Clean 63.99% ¢ BERT-Base, Chinese : Chinese Simplified and Traditional, 12-layer, 768-hidden, 12-heads, 110M parameters
ULMFIT 6700 | 25 Category Clean| 69.00%
BERT 6700 |25 Category Clean

CNN 12000 | 25 Category Noisy | 61.56%
CNN+Glove | 12000 | 25 Category Noisy | 62.96%
ULMFIT 12000 | 25 Category Noisy | 65.40%

BERT 12000 |25 Category Noisy| 69.30% BERTIRREZG ) EN _/I\WOFCI 2VecBI8BtE ’ H
o0 [t e ENL PG T IR T BERE, TSRS

ULMFIiT 12000 | 25 Category Clean | 78.04% ;F( E ﬁ% W gg%{t%ﬁ'& B{]_Iﬁ;im

BERT 12000 |25 Category Clean

BERTHEWRAHISUESR LRIMIEE LS,
i RN L Pt S b M B ia] 27




WS

- Self attention
— Text Respresentation
— Reading comprehension
— Natural Language Inference
— Relation Extraction
— Semantic Role Labelling

28



Attention is all you need (2017)

BERT Pre-training of Deep Bidirectional Transformers for
| anguage Understanding(2018)

The lllustrated Transformer: https://jalammar.github.io/illustrated-
transformer/

TransformerfiEBE M BTEN R EF P HIN
A:https://www.tinymind.cn/articles/3778
iB—H#%-Google+BERTIEE i#H 2 LI IR FR:
http://www.chinahadoop.cn/course/1253

iEXZ¥Eid: Attention is all you need:
https://www.jianshu.com/p/3f2d4bc126e6

29



)

i)

KEiR, HAARE. X&

g;[p ’ 4Es1¥4\%0 kEE;

T

) O

KISE R, KBEN, 580

At

?.ifo }EEE?j‘]f-FIEo

30



