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What is the problem?
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How to represent text?



String + Machine Learning = (2



Vector + Machine Learning = '@



Bag of Words
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Bag of Words

+ Simple to create - Sparse

- Huge Dimension

- No order of words

vvvvvv

- No meaning of words

pppppp




I Embeddings

Word vectors
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I Embeddings

oven
o refrigerator

. kitchen

@ venity able
() sink ®

bathroom
O (@) toilet

bathtub
® o) faucet

color
® @ Paint

O microwave

. bult
@M o , charger
. @ bttery
@
. tool
.&lll
) garden ) hose @ rinkier




Embeddings

man
.‘\\ woman
@
Q-
king ‘\;.
queen

Male-Female

A A Italy
Canada Spain /.
walked Turk ,,'. /’. .‘
urkey
4. @ .‘< .’ Rome
! Ottawa Madrid Germany
O swam k.’ Russia ,,'.
walking ® Ankara O .‘
\ ./ Berlin
Moscow Japan
O Atnam .p
swimming ® p China

Tokyo .x'

Beijing

Verb Tense Country-Capital



I Embeddings
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I Embeddings
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I Embeddings




I Embeddings




Embeddings

Word2Vec GloVe

Sent2Vec  fastText



I Embeddings

+ Low Dimension - Some words has multiple

. meanings
+ Dense representation 5

+ Similar words has similar
meaning

Input Projection Input Projection




How to classity?
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I Recurrence

How are you



I Recurrence

Decay of information through time
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Recurrence

Sport is my favorite topic



I Recurrence

's my favorite topic —



s there any solution?



I Attention
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We know basic now!






What Is the problem?



What is the problem?



What is the problem?

How to represent text?



What is the problem?

How to represent text?



What is the problem?
How to represent text?

How to classify by LSTM?



What is the problem?
How to represent text?

How to classify by LSTM?



What is the problem?
How to represent text?
How to classify by LSTM?

What is attention?



What is the problem?
How to represent text?
How to classify by LSTM?

What Is attention?



Let's got to



ransformers!



What is 1t?



Encoder - Decoder model with
Multi-headed self attention and
residual connections using

positional encoding



I Transformer

INPUT OUTPUT

THE
TRANSFORMER

[Je suis étudiant]—> —>[I am a student]
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Why is it iImportant?



“NLP's ImageNet moment has arrived”



I Transformer
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I Transformer

SST-2 MRPC STSB QQP MNLI-m MNLI-mm
1 T5Team-Google T5 g 89.7 70.8 97.1 91.9/89.2 92.5/92.1 74.6/90.4 92.0 91.7 96.7 92.5 93.2 9.2
2 ALBERT-Team Google LanguageALBERT (Ensemble) g 89.4 69.1 97.1 93.4/91.2 92.5/92.0 74.2/90.5 91.3 91.0 99.2 89.2 91.8 50.2
+ 3 I ALICE v2 large ensemble (Alibaba DAMO NLP) g 89.0 69.2 97.1 93.6/91.5 92.7/92.3 74.4/90.7 90.7 90.2 99.2 87.3 89.7 47.8
4 Microsoft D365 Al & UMD FreeLB-RoBERTa (ensemble) [:J) 88.8 68.0 96.8 93.1/90.8 92.4/92.2 74.8/90.3 91.1 90.7 98.8 88.7 89.0 50.1
5 Facebook Al ROBERTa U 88.5 67.8 96.7 92.3/89.8 92.2/91.9 74.3/90.2 90.8 90.2 98.9 88.2 89.0 487
6  XLNet Team XLNet-Large (ensemble) U 88.4 67.8 96.8 93.0/90.7 91.6/91.1 74.2/90.3 90.2 89.8 98.6 86.3 90.4 475
+ 7  Microsoft D365 Al & MSR Al MT-DNN-ensemble U 87.6 68.4 96.5 92.7/90.3 91.1/90.7 73.7/89.9 87.9 87.4 96.0 86.3 89.0 428
8  GLUE Human Baselines GLUE Human Baselines [3' 87.1 66.4 97.8 86.3/80.8 92.7/92.6 59.5/80.4 92.0 92.8 91.2 93.6 95.9 =
9 Stanford Hazy Research Snorkel MeTaL [3' 83.2 63.8 96.2 91.5/88.5 90.1/89.7 73.1/89.9 87.6 87.2 93.9 80.9 65.1 39.9
10 XLM Systems XLM (English only) 83.1 62.9 95.6 90.7/87.1 88.8/88.2 73.2/89.8 89.1 88.5 94.0 76.0 71.9 447
11 Zhuosheng Zhang SemBERT 829 62.3 94.6 91.2/88.3 87.8/86.7 72.8/89.8 87.6 86.3 94.6 84.5 65.1 424
12 DangqiChen SpanBERT (single-task training) l?,' 828 64.3 94.8 90.9/87.9 89.9/89.1 71.9/89.5 88.1 87.7 943 79.0 65.1 451
13 Kevin Clark BERT + BAM g 823 61.5 95.2 91.3/88.3 88.6/87.9 72.5/89.7 86.6 858 93.1 80.4 65.1 407
14  Nitish Shirish Keskar Span-Extractive BERT on STILTs 8 823 63.2 94.5 90.6/87.6 89.4/89.2 72.2/89.4 86.5 858 925 79.8 65.1 283
15 Jason Phang BERT on STILTs 8 82.0 62.1 94.3 90.2/86.6 88.7/88.3 71.9/89.4 86.4 85.6 92.7 80.1 65.1 283
16 Bz RGLM-Base (Huawei Noah's Ark Lab) 81.3 56.9 942 90.7/87.7 89.7/89.1 72.2/89.4 86.1 85.4 92.1 78.5 65.1 40.0




I Transformer

SST2 MRPC  STSB QQP MNLI-m MNLI-mm
1 T5Team-Google 5 @ 897 708 97.1 91.9/89.2 925/921 74.6/90.4  92.0 917 967 925 932 92
2 ALBERT-Team Google LanguageALBERT (Ensemble) @ 894 691  97.1 93.4/91.2 925/92.0 74.2/90.5  91.3 910 992 892 918 502
+ 3 In ALICE v2 large ensemble (Alibaba DAMO NLP) @ 890 692 O7.1 93.6/91.5 927/92.3 74.4/90.7  90.7 902 992 873 897 478
4 Microsoft D365 Al & UMD FreeLB-ROBERTa (ensemble) = 888 680 968 03.1/90.8 92.4/922 74.8/90.3  91.1 907 988 887 890 501
5 Facebook Al ROBERTa = 885  67.8 967 92.3/89.8 922/919 743/90.2  90.8 902 989 882 890 487
6  XLNetTeam XLNet-Large (ensemble) = 884  67.8 968 93.0/90.7 916/91.1 74.2/90.3  90.2 898 986 863 904 475
<= 7 Microsoft D365 A& MSRAI  MT-DNN-ensemble = 876 684 965 92.7/90.3 91.1/90.7 73.7/89.9  87.9 874 960 863 890 428
8  GLUE Human Baselines GLUE Human Baselines 2y 871 664 97.8 86.3/80.8 927/92.6 50.5/80.4  92.0 928 912 936 959 -
9 Stanford Hazy Research Snorkel MeTaL = 832 638 962 91.5/88.5 00.1/89.7 73.1/89.9  87.6 872 939 809 651 309
10 XLM Systems XLM (English only) 831 629 956 90.7/87.1 88.8/882 73.2/89.8  89.1 885 940 760 719 447
11 Zhuosheng Zhang SemBERT = 820 623 946 91.2/88.3 87.8/86.7 72.8/89.8  87.6 863 946 845 651 424
12 Dangi Chen SpanBERT (single-task training) = 828 643 048 00.9/87.9 89.9/89.1 71.0/89.5  88.1 877 943 790 651 451
13 Kevin Clark BERT + BAM 2y 823 615 052 01.3/88.3 88.6/87.9 72.5/80.7  86.6 858 931 804 651 407
14 Nitish Shirish Keskar Span-Extractive BERT on STILTs 2y 823 632 045 00.6/87.6 89.4/89.2 72.2/89.4 865 858 025 798 651 283
15  Jason Phang BERT on STILTs 2y 820 621 943 00.2/86.6 88.7/88.3 71.0/80.4  86.4 856 0927 801 651 283
16 Bz RGLM-Base (Huawei Noah's Ark Lab) 813 569 942 00.7/87.7 89.7/89.1 72.2/89.4  86.1 854 921 785 651 400




Encoder - Decoder model
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I Stacked oo Lo oo o oo o
with multi-headed self attention
and residual connections using

positional encoding



I Transformer
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I Transformer
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I Transformer
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I Transformer
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I Transformer
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self attention



I Transformer
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I Transformer
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I Transformer

Input Thinking Machines
Embedding X1 X2

Queries q1 gz
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I Transformer
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I Transformer
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I Transformer
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I Transformer
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I Transformer

softmax(

KT




Multi-headed



Transformer
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I Transformer

X
Thinking
Machines
Calculating attention separately in
eight different attention heads
v
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HEAD #0 HEAD #1 HEAD #7




I Transformer

1) Concatenate all the attention heads 2) Multiply with a weight
matrix W" that was trained
jointly with the model

X

3) The result would be the ~ matrix that captures information
from all the attention heads. We can send this forward to the FFNN




I Transformer
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I Transformer
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positional encoding



I Transformer
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I Transformer
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Transformer
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I Transformer
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residual connections



I Transformer
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layer normalization



I Transformer
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