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Levy, O., & Goldberg, Y. (2014). Neural word embedding as implicit matrix factorization
In Advances in neural information processing systems (pp. 2177-2185)
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CNN + Bi-LSTM
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non-static channels feature maps softmax output

Kim, Y. (2014). Convolutional neural networks for sentence
classification. arXiv preprint arXiv:1408.5882.
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Kim, Y. (2014). Convolutional neural networks for sentence
classification. arXiv preprint arXiv:1408.5882.
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Jacovi, A., Shalom, O. S., & Goldberg, Y. (2018). Understanding convolutional
neural networks for text classification. arXiv preprint arXiv.1809.08037.
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Long term dependency (left to right)

context the formal study of grammar is an important part of LSTM
education
context the formal study of grammar is an important part of GRU
education

https://distill pub/2019/memorization-in-rnns
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Transformer block

Self-Attention
Scale
Dot-Product
Multi-head




Transformer block
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Transformer block
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* Transformer block

Self-Attention

Scale

Dot-Product

Multi-head (621 E2| =A})

MultiHead(Q, K, V) = Concat(heady, ..., head, )W ©
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 BERT

Bi-directional Language Model
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BERT

Bi-directional Language Model
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Bi-directional Language Model
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 BERT

Bi-directional Language Model

A —"A
84 |- s
5 —
5 82 e
Dev Set ‘3 80
Tasks MNLI-m QNLI MRPC SST-2 SQuAD &
(Acc) (Acc) (Acc) (Ace) (FD) E 8 I B
S
BERTgAsE 844 884 867 927 885
No NSP 830 849 865 926 879 . — e
GPT [CTR&NoNSP__82.1 843 775 921 71.8] [ BERTg s (Left-to-Righo) |
+ BILSTM 82.1 841 757 916 849 200 400 600 800 1,000

Pre-training Steps (Thousands)

2! 5-29 BERT CH GPT As XI0|(Deviin et al., 2018)
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Masked Language Model
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Masked Language Model

& W o= Aol ofd &

=
fLA

7] izl

S

o] [MASK] 2t B REIE BB KA 1Y

gF O{L- Ok
Eg*AtE

¥ gl %ol M| 2tct

o] Afo]9]

HAE AEs] 297 Eot



* Transformer2| dynamics
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MlI(layer, src token)

Machine Translation Language Model Masked Language Model
5.2 -
4 suaen Kucy
.S 5.0 s\\ saw a cat<eos> saw
S 48 T 7 7
5 ©O0O0O0 ©00O0
‘€ 4.6 O O O O O 00O O 00O
- O 00O O 00O O 00O
S44] Task © 00O e e
= o MT 0090 00 0O O 00O
4.2 O O O O
e LM O 0O OO0 I saw a cat Imask)a cat
4.0 MLM I saw a cat
0 1 2 3 4 5 6

Voita, E., Sennrich, R., & Titov, |. (2019). The bottom-up evolution of
representations in the transformer: A study with machine translation
and language modeling objectives. arXiv preprint arXiv:1909.01380.



Transformer2| dynamics

EsHA IOl 512 2|0|0{0f| A= syntactic = (POS )5,
ARl 240 00| A= semantic Y2 (Coref. £5)2 St=5HC}

F1 Scores Expected layer & center-of-gravity

=0 =24 0 2 4 6 8 10 12 14 16
POS 88.5 96.7 3.39

Consts. 73.6 87.0 3.79

i

Deps. 85.6 95.5 5.69

o I

SRL 813 914

Coref. 80.5 91.9 9.47m

SPR 77.7 83.7 9.93 LAy
Relations 60.7 84.2 9.40 B PRk

Tenney, |, Das, D., & Pavlick, E. (2019). BERT Rediscovers the
Classical NLP Pipeline. arXiv preprint arXiv:1905.05950.
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Continual Learning

catastrophic forgetting 27| &lall &2t S 2 s+&

—

Sequence-Level Loss Token-Level Loss

Sequence Token Token
loss 1 loss 1 loss 1
Vo N of Vi N > V2 l¢ > V3 V4
[ Encoder ]
CLS Tokenl Token2 Token3 Token4

Sun, Y., Wang, S., Li, Y., Feng, S., Tian, H., Wu, H., & Wang, H. (2019). Ernie 2.0: A continual
pre-training framework for language understanding. arXiv preprint arXiv:1907.12412.
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Continual Learning
catastrophic forgetting 27| 2|5l =214 22 s+&

Sequence-Level Loss Token-Level Loss

Sequence Sequence Token Token Token Token
loss 1 loss 2 loss 1 loss 2 loss 1 loss 2
< < N P N
Vo N Vi < > V2 « > V3 V4
— ) S - ‘
[ Encoder ]
A 3 A A
CLS Tokenl Token2 Token3 Token4

Sun, Y., Wang, S., Li, Y., Feng, S., Tian, H., Wu, H., & Wang, H. (2019). Ernie 2.0: A continual
pre-training framework for language understanding. arXiv preprint arXiv:1907.12412.
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* Continual Learning

' - o5l 23 Sk
catastrophic forgetting 27| 2|5l &=xtH S 2 SH5
Sequence-Level Loss Token-Level Loss
Sequence Sequence Sequence Token Token Token Token Token Token
loss 1 loss 2 loss 3 loss 1 loss 2 loss 3 loss 1 loss 2 loss 3

/ ( -L J—%v > 3 V4

CLS Tokenl Token2 Token3 Token4

Sun, Y., Wang, S., Li, Y., Feng, S., Tian, H., Wu, H., & Wang, H. (2019). Ernie 2.0: A continual
pre-training framework for language understanding. arXiv preprint arXiv:1907.12412.
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« Word-aware Pre-training task

Knowledge Masking Task

WA (named entity), T+ (phrase) 2| OpAZ! (ERNIE1.0)
continual learning?| 2|2 RE0f &

Capitalization Prediction Task
& T 7t CHEAIRIR| AFZARIR| Of|=

Token-Document Relation Prediction task
oY EZ20| €2 EXM2| CtE segmentO]| LIEILI=A] Of|=
7|HE(SY ZM0| AFF LIELEE BHO) Ofet Vs

Sun, Y., Wang, S., Li, Y., Feng, S., Tian, H., Wu, H., & Wang, H. (2019). Ernie 2.0: A continual
pre-training framework for language understanding. arXiv preprint arXiv:1907.12412.
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» Structure-aware Pre-training task

Sentence Reordering Task
Qe MOAHEEZE 1~mIH2 LD HE HE
=& Z2F 2A| & OfefstA| =

o
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R
\g
1
~

Sentence Distance task
3EF =7 =4
0=5Q S A| O] 22

o =2 = o
=25F = Ot X2t S 24
= ZMO0AM &l & 28

1
2

Sun, Y., Wang, S., Li, Y., Feng, S., Tian, H., Wu, H., & Wang, H. (2019). Ernie 2.0: A continual
pre-training framework for language understanding. arXiv preprint arXiv:1907.12412.
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* Semantic-aware Pre-training task

Discource Relation Task
= 20| 9|0jH o2, HRHOR QIR OfF o2

Sentence Distance task

o BYUES A2/5| BYS TM M ABOZ 2%, 39= 22 o
0=t Bi2IY, W2AS M| A4S T Y 24 H2S 2=
1=0t5t 2214, 3T 22 S HI FAIL E|29t 0|32

2=T3Y A2

Sun, Y., Wang, S., Li, Y., Feng, S., Tian, H., Wu, H., & Wang, H. (2019). Ernie 2.0: A continual
pre-training framework for language understanding. arXiv preprint arXiv:1907.12412.
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Knowledge Graph vs Language Model

Memory Query Answer

(DANTE, born-in, X)

Symbolic

LRSS Daxte Memory Access

born-in

—» F'LORENCE

FLORENCE

“Dante was born in [MASK].”
% A Y 2
Neural LM

Memory Access

» Florence

e.g. ELMo/BERT

Petroni, F., Rocktaschel, T., Lewis, P., Bakhtin, A., Wu, Y., Miller, A. H., & Riedel, S.
(2019). Language Models as Knowledge Bases?. arXiv preprint arXiv.1909.07066.
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Relation Query Answer Generation
P19 Francesco Bartolomeo Conti was bornin __ . Florence Rome [-1.8], Florence [-1.8], Naples [-1.9], Milan [-2.4],, Bologna [-2.5]
P20 Adolphe Adam diedin ____. Paris Paris [-0.5], London [-3.5], Vienna [-3.6], Berlin [-3.8], Brussels [-4.0]
P279 English bulldog is a subclass of __ . dog dogs [-0.3], breeds [-2.2], dog [-2.4], cattle [-4.3], sheep [-4.5]
P37 The official language of Mauritius is . English English [-0.6], French [-0.9], Arabic [-6.2], Tamil [-6.7], Malayalam [-7.0]
P413 Patrick Oboya playsin ____ position. midfielder  centre [-2.0], center [-2.2], midfielder [-2.4], forward [-2.4], midfield [-2.7]
P138 Hamburg Airport is named after . Hamburg Hess [-7.0], Hermann [-7.1], Schmidt [-7.1], Hamburg [-7.5], Ludwig [-7.5]
P364 The original language of Mon oncle Benjaminis ___ . French French [-0.2], Breton [-3.3], English [-3.8], Dutch [-4.2], German [-4.9]
P54 Dani Alves plays with __ . Barcelona  Santos [-2.4], Porto [-2.5], Sporting [-3.1], Brazil [-3.3], Portugal [-3.7]
P106 Paul Tounguiisa_____ by profession . politician lawyer [-1.1], journalist [-2.4], teacher [-2.7], doctor [-3.0], physician [-3.7]
P527 Sodium sulfide consists of ____ . sodium water [-1.2], sulfur [-1.7], sodium [-2.5], zinc [-2.8], salt [-2.9]
« P102 Gordon Scholes is a member of the ____ political party. Labor Labour [-1.3], Conservative [-1.6], Green [-2.4], Liberal [-2.9], Labor [-2.9]
& P530 Kenya maintains diplomatic relations with ___ . Uganda India [-3.0], Uganda [-3.2], Tanzania [-3.5], China [-3.6], Pakistan [-3.6]
B P176 iPod Touch is produced by __ . Apple Apple [-1.6], Nokia [-1.7], Sony [-2.0], Samsung [-2.6], Intel [-3.1]
P30 Bailey Peninsula is located in ____. Antarctica  Antarctica [-1.4], Bermuda [-2.2], Newfoundland [-2.5], Alaska [-2.7], Canada [-3.1]
P178 JDK is developed by ___ . Oracle IBM [-2.0], Intel [-2.3], Microsoft [-2.5], HP [-3.4], Nokia [-3.5]
P1412 Carl III used to communicate in ____. Swedish German [-1.6], Latin [-1.9], French [-2.4], English [-3.0], Spanish [-3.0]
P17 Sunshine Coast, British Columbia is located in ____. Canada Canada [-1.2], Alberta [-2.8], Yukon [-2.9], Labrador [-3.4], Victoria [-3.4]
P39 Pope Clement VII has the positionof __ . pope cardinal [-2.4], Pope [-2.5], pope [-2.6], President [-3.1], Chancellor [-3.2]
P264 Joe Cocker is represented by music label . Capitol EMI [-2.6], BMG [-2.6], Universal [-2.8], Capitol [-3.2], Columbia [-3.3]
P276 London Jazz Festival is located in ____. London London [-0.3], Greenwich [-3.2], Chelsea [-4.0], Camden [-4.6], Stratford [-4.8]
P127 Border TV is owned by . ITV Sky [-3.1], ITV [-3.3], Global [-3.4], Frontier [-4.1], Disney [-4.3]
P103 The native language of Mammootty is _ . Malayalam Malayalam [-0.2], Tamil [-2.1], Telugu [-4.8], English [-5.2], Hindi [-5.6]
P495 The Sharon Cuneta Show was createdin . Philippines Manila [-3.2], Philippines [-3.6], February [-3.7], December [-3.8], Argentina [-4.0]
AtLocation You are likely to find a overflowina . drain sewer [-3.1], canal [-3.2], toilet [-3.3], stream [-3.6], drain [-3.6]
CapableOf Ravenscan . fly fly [-1.5], fight [-1.8], kill [-2.2], die [-3.2], hunt [-3.4]
CausesDesire Joke would make you wantto . laugh cry [-1.7], die [-1.7], laugh [-2.0], vomit [-2.6], scream [-2.6]
3 Causes Sometimes virus causes . infection disease [-1.2], cancer [-2.0], infection [-2.6], plague [-3.3], fever [-3.4]
% HasA Birds have . feathers wings [-1.8], nests [-3.1], feathers [-3.2], died [-3.7], eggs [-3.9]
;‘3 HasPrerequisite Typing requires ____ . speed patience [-3.5], precision [-3.6], registration [-3.8], accuracy [-4.0], speed [-4.1]
6 HasProperty Timeis . finite short [-1.7], passing [-1.8], precious [-2.9], irrelevant [-3.2], gone [-4.0]
MotivatedByGoal ~You would celebrate because you are . alive happy [-2.4], human [-3.3], alive [-3.3], young [-3.6], free [-3.9]
ReceivesAction Skillscanbe . taught acquired [-2.5], useful [-2.5], learned [-2.8], combined [-3.9], varied [-3.9]
UsedFor Apondisfor . fish swimming [-1.3], fishing [-14], bathing [-2.0], fish [-2.8], recreation [-3.1]

Petroni, F., Rocktaschel, T., Lewis, P., Bakhtin, A., Wu, Y., Miller, A. H., & Riedel, S.
(2019). Language Models as Knowledge Bases?. arXiv preprint arXiv.1909.07066.
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Wallace, E., Wang, Y., Li, S., Singh, S., & Gardner, M. (2019). Do NLP Models Know
Numbers? Probing Numeracy in Embeddings. arXiv preprint arXiv. 1909.07940.
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QUH| | Of A 20| LE (random vs pretrained)

Transformer=2Ct CNN A|€0| &6HC} (R ZE Z2F Q2|)
Subword=2Ct Char ©|7t &stCt (BERT vs ELMo/Char-*)

Interpolation List Maximum (5-classes) Decoding (RMSE) Addition (RMSE)
Integer Range [0,99] [0,999] [0,9999] 1[0,99] 1[0,999] 1[0,9999] 1[0,99] [0,999] [0,9999]

Random Vectors 0.16 0.23 0.21 29.86 292.88 2882.62 42.03 410.33 4389.39
Untrained CNN 0.97 0.87 0.84 2.64 9.67 44.40 1.41 14.43 69.14
Untrained LSTM  0.70 0.66 0.55 7.61 46.5 21034 511 4569  510.19
Value Embedding  0.99 0.88 0.68 120 1123 27550 030 1598  654.33

Pre-trained

Word2Vec 0.90 0.78 0.71 2.34 18.77 333.47 0.75 21.23 210.07

GloVe 0.90 0.78 0.72 2.23 13.77 174.21 0.80 16.51 180.31

ELMo 0.98 0.88 0.76 2.35 13.48 62.20 0.94 15.50 45.71

BERT 0.95 0.62 0.52 3.21 29.00  431.78 4.56 67.81 454.78

Learned

Char-CNN 0.97 0.93 0.88 2.50 4.92 11.57 1.19 7.75 15.09

Char-LSTM 0.98 0.92 0.76 2.55 8.65 18.33 1.21 15.11 25.37

DROP-trained

NAQANet 0.91 0.81 0.72 2.99 14.19 62.17 1.11 11.33 90.01
- GloVe 0.88 0.90 0.82 2.87 5.34 35.39 1.45 991 60.70

Wallace, E., Wang, Y., Li, S., Singh, S., & Gardner, M. (2019). Do NLP Models Know
Numbers? Probing Numeracy in Embeddings. arXiv preprint arXiv. 1909.07940.
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« Code

https://qgithub.com/ratsgo/embedding

* Blog

https://ratsgo.github.io/embedding

- B EE Y

git clone https://github.com/ratsgo/embedding.git

cd embedding

docker build -t ratsgo/embedding—gpu -f docker/Dockerfile-GPU .
docker run -it ——rm —--runtime=nvidia ratsgo/embedding—-gpu bash


https://github.com/ratsgo/embedding
https://ratsgo.github.io/embedding
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Beyond Text

* Spoken Language Understanding

» Intent

speech




Beyond Text

* Spoken Language Understanding

speech > SLU > intent

speech
representation




Beyond Text

* Universal Representation?

Embedding

Search
Recommendation

Speech Recognition

Classification

Generation

Summarization



