DL CHATBOT SEMINAR
Day O3

SEQ2SEQ / ATTENTION



HELLO!

| am Jaemin Cho
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Tobay WE WILL COVER

RNN Encoder-Decoder for Sequence Generation (Seq2Seq)
Advanced Seq2Seq Architectures

Attention Mechanism
o PyTorch Demo

Advanced Attention architectures
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RNN ENCODER—DECODER
FOR SEQUENCE (GENERATION

RNN Encoder-Decoder
Neural Conversation Model
Alternative Objective: MMI



SEQUENCE—TO—SEQUENCE

X  Goadl
o Source SentenceE 21 Target SentenceE £ Ol Cl2g JoH

Ol Ml Source Sentence2! & 0| & Wt CH!
00| §I 2 &8 = Target Sentence!

“Sequence to Sequence Learning with Neural Networks” (2014)
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“Sequence to Sequence Learning with Neural Networks” (2014)
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“Sequence to Sequence Learning with Neural Networks” (2014)
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“Sequence to Sequence Learning with Neural Networks” (2014)
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NEuURAL CONVERSATION MODEL

X  First Seq2Seq Chatbot

B

Context

(Previous Sentences) Reply

Figure 1. Using the segZseq framework for modeling conversa-
tions.

“A Neural Conversational Model” (2015)

IT Helpdesk Troubleshooting dataset

Machine: /i
Human: /ello
Machine: could you please let me know what are

the operating : ms you are using ?

Human: i am using lin

Machine: ok it was in the ssl vpn on which you
stated it was broken

Machine: please check if you are logged in to
corp network

Machine: what is the error that you are running
please

Human: i/ am seeing an error related to vpn
Machine: what is the error message that you are
getting when connecting to vpn using network
connect ?

Human: connection refused or something like
that

Machine: may i know the version of network
connect yot

Human: i am not sure i know that




DRAWBACKS OF SEQZ2SEQ FOR CHATBOT

Too generic Response

Source constraint on generation process
o Only source of variation is at the output

No persona

Cannot capture ‘higher-level representations



Too GENERIC RESPONSE

5 . S 0OH Y]} OF
X  Standard Seq2Seq Objective Pl
2\ ~[F : Input: What are you doing?
2 Maximize |09 likelihood (MLE) —0.86 Idon’t know. —1.09 Get out of here.
—1.03 Idon’t know! —1.09 I'm going home.
—1.06 Nothing. —1.09 Oh my god!
—1.09 Get out of the way. —1.10 I'm talking to you.

Input: what is your name?

—0.91 Idon’t know. y

—0.92 Idon’t know! —1.55 My name is Robert.
—0.92 Idon’tknow,sir. —1.58 My name is John.
—0.97 Oh, my god! —1.59 My name’s John.

Input: How old are you?

—0.79 Idon’t know. :

—1.06 I'm fine. —1.64 Twenty-five.
—1.17 ’m all right. —1.66 Five.

—1.17 I’m not sure. —1.71 FEight.

What one asks

Table 1: Responses generated by a 4-layer SEQ2SEQ
neural model trained on 20 million conversation pairs
take from the OpenSubtitles dataset. Decoding is imple-
mented with beam size set to 200. The top examples are
the responses with the highest average probability log-
likelihoods in the N-best list. Lower-ranked, less-generic

X  Does not capture actual objective in human communication e A

“l don’t know” What one asks

“A Diversity-Promoting Objective Function for Neural Conversation Models” (2015)



MaxiMmum MutuaL INFORMATION (MMI)

X  Alternative objective
o  Maximum Mutual Information (MMI)

rg max { log p(T'|S) —|log p(T')|} Prior It =2 (X LI =) T & S0l penalty 5 ot
i

% O Hyperparameter A Avoid too generic response

=> Anti-Language Model (MMI-antiLM)

X With Bayes Theorem = log p(f_TIS'f) +1logp(S) — log p(S
o  Weighted MMl is rewritten as below

= arg max (1 — X)) log p(T5)

T)

+ Alog p(S|T) — Alog p(S)} => MMI-bidi

= argmax { (1 — A) log p(T'|S) + Alog p(S|T)}
T

“A Diversity-Promoting Objective Function for Neural Conversation Models” (2015)



MaxiMmum MutuaL INFORMATION (MMI)

X  Generated more diverse response

Input: What are you doing?

—0.86 Tdon’t know. —1.09 Get out of here.
—1.03 I don’t know! —1.09 I'm going home.
—1.06 Nothing. .09 Oh my god!
—1.09 Get out of the way. —1.10 I'm talking to you.

1. I’'ve been looking for you. 4. 1 told you to shut up.

2. [ want to talk to you. 5. Get out of here.
3. Just making sure you’re OK. 6. I'm looking for a doctor.
Input: What is y

1. Blue! 4. Daniel.
2. Peter. >. My name is John.
3. Tyler. 5. My name is Robert.
Input: How old are you?

. Twenty-eight. 4. Five.

. Twenty-four. ). 135.

. Long. . Eight.

Input:

—091 1

—0.92 I don’t know .55 My name is Robert.
-0.92 ’t know, sir. .58 My name is John.
—0.97 .59 My name’s John.
lnput: How old are you?

—0.79 Idon’t know.

—1.06 I'm fine. .64 Twenty-five.
—1.17 I’'m all right. .66 Five.

—1.17 I’m not sure. .71 Eight.

“A Diversity-Promoting Objective Function for Neural Conversation Models” (2015)
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ADVANCED SEQ2SEQ ARCHITECTURES

Image Captioning: Show and Tell
Hierarchical Seq2Seq: HRED / VHRED
Personalized embedding: Persona-Based Neural Conversation Model
Learning in Translation: CoVe



SHow AND TELL

A person riding a
motorcycle on a dirt road.
f_. VA .

A group of young people
playing a game of frisbee.

s

“Show and Tell: A Neural Image Caption Generator” (2015)



HiIERARCHICAL RECURRENT ENCcODER—DECODER (HRED)

lake erie cleveland indian art

prediction —
decoder 8
initial recurrent state
_ generated

session-level

recurrent state !ake erie context-aware cleveland |nd|an
suggestion

8
query-level @
recurrent state

111 rriid

cleveland gallery O lake erie

“A Hierarchical Recurrent Encoder-Decoder for Generative Context-Aware Query Suggestion” (2015)




VARIATIONAL AUTOENCODER (VAE)

mean vector

sampled
latent vector

- Y
Encoder Decoder
Network Network
N -
(conv) (deconv)

standard deviation
vector

“Auto-Encoding Varational Bayes” (2014)



LATENT VAaRIABLE HRED (VHRED)

decoder initial hidden state

latent variable == A
atent variable \, "\

S

prior parameterization =7

el " ape 1 ) 5 al
encoder hidden state —

= W e hidden state
(@) O
B8 g
90 (o] )
wy, | “oee "N L

Figure 1: Computational graph for VHRED model. Rounded boxes represent (deterministic) real-
valued vectors. Variables z represent latent stochastic variables.

“A Hierarchical Latent Variable Encoder-Decoder Model for Generating Dialogues” (2016)



PErsoNA—BASED CONVERSATION MODEL

X  Speaker embedding i england
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Speaker embeddings (70k)
Word embeddings (50k)

“A Persona-Based Neural Conversation Model” (2016)



CoVE (CONTEXT VECTOR)

X  Transfer Learning

o UWEZF UOIHUA Stsct 242 LE 220 et HES 8 dEE = UL
o  Pretraining / Fine-tuning
X MT-LSTM
o Seq2Seq+Attention H S ZE =2 J2|° EAES E2 distribution2] HIEHE &
210ICt

o 8 Y ) HA QDEO| EncoderES Feature Extractor £ A 6HAH

Translation

T

Glove

: |
Word i Word Word
Vectors H Vectors Vectors

1: A general overview of how we a) train an encoder and b) reuse it as part of a new model.

“Learned in Translation: Contextualized Word Vectors” (2017)

Glove



CoVE (CONTEXT VECTOR)

Task Prior State of the Art
SST-2

SST-5

IMDb

TREC-6

TREC-50

SNLI

SQuUAD

Table 2: Test performance comparison to other machine learning approaches at time of testing (7/12/17).

“Learned in Translation: Contextualized Word Vectors” (2017)



3.

ATTENTION MECHANISM

Attention Mechanism
Different attention scoring
Global / Local attention



ATTENTION
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http://distill.pub/2016/augmented-rnns/

ATTENTION

Encoder

“Learned in Translation: Contextualized Word Vectors” (2017)



ATTENTION

Encoder

“Learned in Translation: Contextualized Word Vectors” (2017)
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“Sequence to Sequence Learning with Neural Networks” (2014)
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“Effective Approaches to Attention-based Neural Machine Translation” (2015)
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“Effective Approaches to Attention-based Neural Machine Translation” (2015)

Batch x Vocab

Batch x hidden

Batch x embed

Batch x Vocab



Seqlﬁec{ W ith Attentfon
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“Effective Approaches to Attention-based Neural Machine Translation” (2015)
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“Effective Approaches to Attention-based Neural Machine Translation” (2015)



gec{lg@( W ith Attentfon
2 2 e E @ CWGI,L'L«I encodev outputs ) N"-
]mt Lln.t L‘l L“* ontext with, Cq = LE
‘ ‘ A‘t;tent:’m
L‘:_ le,_ L\:_ L\;_ ©® Bitentionnl vecter ,\,
@ §Core @ = tOMLl

@ S'ff-""x ”
Batch x Seq (imrortaue) gn_ §LL SJ?_ 4"'1 Normalize

(oot V3= 50’&&:\; Wsh)
W W " W v Se tmmc . I
12, P3N 3 %)
Batch x hidden

“—fﬁ“ecow[‘if QF
Batch x embed T
g D D D U 8

tnCodeV D&COC{QV
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BAaHWDANAU ATTENTION

Softmax p(yilsi, Yi-1,¢i) \t'x]){y{. Wot;)

It
Context Ci L il

7=]

exp (€ 1] )

T
\__“ | exp €ix)

Weight of h

( i) a

v, tanh (W,s;_1 + Ush;)

“Neural machine translation by jointly learning to align and translate” (2015)



DIFFERENT SCORING METHODS

I- h..;r h. dot okt -
] -, = . Targert stare
X  Luong scorelhe, hs) = h..;r Wahs general Y 9
i - - X  h_sourcestates
v, tanh (Wqlh¢: hs] } concat
T tarh (T o. 'l N X s:target state
X  Bahdanau v, tanh (Wys,_1 + Ugh;) B e

“Effective Approaches to Attention-based Neural Machine Translation” (2015)



GLoBAL AND LocaL ATTENTION

Context vector Context vector

am a student _ Je

Global: all source states. Local: subset of source states.

“Effective Approaches to Attention-based Neural Machine Translation” (2015)



4.

ADVANCED ATTENTION MECHANISM

Image Captioning: Show, Attend and Tell
Pointing Attention: Pointer Networks
Copying Mechanism: CopyNet
Bidirectional Attention: Bidirectional Attention Flow (BIDAF)
Self-Attention: Transformer



Suow, ATTEND AND TELL

Distribution Over  Distribution
L locations over vocab

Image:

Hx W x 3 | Weighted
features: D

Weighted

fuss S s combination First word TR ———Y
ca ittle girl sitting on a bed wi
Attention”, ICML 2015 of features a teddy bear.

“Show, Attend and Tell: Neural Image Caption Generation with Visual Attention” (2015)



PoINTING ATTENTION (POINTER NETWORKS)

Seq2Seq + Attention Pointer Networks

" tanh(Wye; + Wad;) : ; vT tanh(Wyie; + Wad;)

softmax (u})

n
E ;€
=1

softmax (")

“Pointer Networks” (2016)



CoprYiING MEcHANISM (CoPYNET)

(b) Generate-Mode & Copy-Mode
Prob(*Jebara”)=Prob(*Jebara”, g) + Prob(*Jebara”, c)

Vocabular}?

3 Embedding
for “Tony"

Selective Read
for “Tony"

E.

hello > my name 1is Tony Jebara

(a) Attention-based Encoder-Decoder (RNNSearch)

(c) State Update

“Incorporating Copying Mechanism in Sequence-to-Sequence Learning” (2016)




Bi—DIRECTIONAL ATTENTION FLow (BRIDAF)

Question Answering

o 2016 Z SQUAD SOTA
o HEE=2XZ 50 U= sub-phrase
o ‘AL ESZHOAEE XD
Bi-attention a8
o BN Y= NEY SHOiSUIFE
02 =Mk Eoi=
o BN SAH=E2HAHAHSH IHE
I SN
Embedding

o  Word-embedding

o Char-embedding

o Highway Network
Decoder

o Pointer-like Network

Figure 1:

“Bi-Directional Attention Flow for Machine Comprehension” (2016)

BiDirectional Attention Flow Model (best viewed in color)




Bi—DIRECTIONAL ATTENTION FLow (BRIDAF)

CNN DailyMail

val test val test

‘ Attentive Reader (Hermann etal.] 2015)  61.6 63.0 705 69.0
Single Model ~ Ensemble MemNN (Hill et ' 634 68 )
L N AS Reader (Kadlec et al] 2016} 686 695 750
* - Nocharembedding 630 754 Stanford AR (Chen et 68.6 69.5 750

K Reac ) - - No word embedding 555 66.8 : . 713 729
Fine-Grained Gating” NoC2Qatiention 577 69.0 7.76 7 B
Match LSTM! 0 Q2C attention ~ 63.6 737 e a
Multi-Perspective Matching” Vi tention 635 736 134 H'lﬁ} i
Dynamic Coattention Networks®  66.2  75.¢ BIDAF (single) 680 713 ; gra etal., 2010) 730 738 6.7
R-Net” 684 715 T2, BIDAF (ensemble) 733 8.1 i etal [ 2016] B 44 -
BIDAF (Ours) 68.0 773 R A h e i 12016 729 747 716

(b) Ablations on the SQuAD dev set 63 769 803
66.2 694 -
739 754 8.7
; 745 157 -
GA Reader* (Dhingraetal,2016) 764 774 79.1

(a) Results on the SQuAD test set

“Bi-Directional Attention Flow for Machine Comprehension” (2016)



TRANSFORMER

Machine Translation

Self-attention Encoder-Decoder

Multi-layer “Scaled Dot-product Multi-head” attention
Positional Embeddings

Residual Connection

Byte-pair Encoding (BPE)

X X X X X X

BLEU (difference from baseline)
3 days on 8 GPU 28.4 (+7.8)
6 days on 32 GPUs 26.1 (+5.5)

1 day on 64 GPUs 26.0 (+5.4)
18 days on 1 GPU 25.1 (+4.5)
1 day on 96 GPUs 24.6 (+4.0)

23.8 (+3.2)

Training time

man trans ask

L3
8 days on 32 GPUs
WMT Engl

“Attention is All You need” (2017)

I Add & Norm

Add & Norm

Multi-Head
Attention

Positional
Encoding

Input
Embedding

Inputs

Output
Prc iti

0 ities

| Add & Norm |
Feed
Forward

Add & Norm

Multi-Head
Attention

Masked
Multi-Head
Attention

Positional
D e Encoding

Qutput
Embedding

Outputs
(shifted right)




TRANSFORMER

X  JIZE2 CNN/RNN J| 8 Language Understanding2| =& o output
o Path-length Ot & C} =
m UIERD HUHA 8 EtAH Lt THE X node AHOI S| HH 2l
m 2= Long-Term dependency & OtLHJ| & 5 (200% Nom
o Dilated Convolution, Attention S 2 £ pathlengthE = 23S
X  Transformer Rl
o self-attention2t2 2 0| 2 { &l encoder-decoder ‘
o  F0{Zl token Jif %22 hidden representation A4 A ‘tenion tenton

Positional

Positional
Encoding ‘r D e Encoding
Input Qutput
Embedding Embedding

Inputs Outputs
(shifted right)

“Attention is All You need” (2017)



TRANSFORMER
PE(pOS 21) S"i'Tl.-(gjos / 1000021’:/ model )
Yig1) = COS (pos/10000%!/ dnoce)

A 01|

X  Positional Encoding
EZ9 =ANE

©) =
EEHCe E HHH &

X X

“Attention is All You need” (2017)


https://github.com/OpenNMT/OpenNMT-py/blob/master/onmt/modules/Embeddings.py#L7
https://github.com/j-min/fastcampus_dl_nlp_chatbot/blob/master/Day_04/positional%20encoding.ipynb

TRANSFORMER

X  Attention
o  Attention layerE encoder/decoder0il 62 &S Scaled Dot-Product Attention
o= g N
m QK V(Query, Key, Value)
m End-to-End Memory Networks 2+ = At

Attention(Q, K, V') = softmax(

o  Attention Weight
m QK2 dot product & softmax
m d %2 scaling (smoothing)
o XtJ| Xt&IOfl Bt attention £2l= 2 2 X
o VY HZ9 weightedsum &<

“Attention is All You need” (2017)



TRANSFORMER

X Attention & =& i

Probabilities
o Encoder
m QK V25 source sentence
Forward
©  Decoder e
m X dO0lNH
e QK V25 target sentence S i
s 0|3 300 tonion
e (Q:target sentence
ositiona Positional
e K, V:source sentence "coding

Encoding

Input
Embedding

Inputs

“Attention is All You need” (2017)



TRANSFORMER
X  Multi-head Attention

0] Eno o | (6] (7= ==
E QKV

e ) ,
" ool

o hIHS WA W W S 0IZ3cHAl d,d.d Xt 22 projection

Multi-Head Attention

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

where head; = Attention(QWS, KWX vivY)

. Scaled Dot-Product
o i=1h Attention /
- Qi =Q @) Woi (dmodel 3 dk) I I
m K=Ke@ WKi (dmo 4ol = dk)
= Vi =Ve in (dmodel 2 dv)

o hJi2l attention Z 1t £ concatenation (Inceptiondt H| =)
vV

X =20 A= 0teHel 2t Al 1
o h=8 K Q
o d.=d=d . /h=64

“Attention is All You need” (2017)



TRANSFORMER

X e
o Point-wise Feed-Forward
m 2-layer NN +RelLU
o  Layer norm / Residual Connection
m Sublayer(x) = FFN(Multi-head Attention(x) LayerNorm(z + Sublayer(z))
o Embedding

FFN(z) = max(0,zW7 + b1)Ws + by

u dmodel 2 0.5
o  Optimizer
m Adam

o Regularization
m Residual Dropout

e p=01
m Attention DfOpOUT Attention(Q, K, V') = dropout(softmax (= \f ),
vd
m Label smoothing
o e=01

“Attention is All You need” (2017)



TRANSFORMER

X  Complexity / Maximum Path Length
o n:sequence length
o r:restricted size of the neighborhood (local attention)

Layer Type Complexity per Layer  Sequential Maximum Path Length
Operations
Self-Attention O(n? - d) ‘ O(1)

Recurrent O(n - d?) O(n O(n)
Convolutional O(k-n-d?) ' O(logy(n))
Self-Attention (restricted) O(r-n-d) ( O(n/r)

X  BLEU Score on WMT 2014
Training Cost (FLOPs)

EN-DE EN-FR EN-DE EN-FR
ByteNet [16] 23.75
Deep-Att + PosUnk [35] 39.2 1.0-10%°
GNMT + RL [34] 24.6 39.92 2.3-10"  1.4-10%°
ConvS2S [9] 25.16 40.46 9.6-10® 1.5-10%

Model

MoE [29] 26.03 40.56 2.0-10° 1.2.10%
Deep-Att + PosUnk Ensemble [35] 40.4 .0-10%0
GNMT + RL Ensemble [34] 26.30 41.16 1.8.102%0 1-10%1
ConvS2S Ensemble [9] 26.36 41.29 T 2-10%!
Transformer (base model) 27.3 38.1

“Attention is All You need” (2017) Transformer (big) 84 410
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b 4

SEQ2SEQ IMPLEMENTATIONS IN PYTORCH

Also, check out the curated ‘Awesome’ lists.
(@)

(@)


https://github.com/spro/practical-pytorch/tree/master/seq2seq-translation
https://github.com/OpenNMT/OpenNMT-py
https://github.com/eladhoffer/seq2seq.pytorch
https://github.com/IBM/pytorch-seq2seq
https://github.com/allenai/allennlp
https://github.com/ritchieng/the-incredible-pytorch
https://github.com/bharathgs/Awesome-pytorch-list

THANKS!

Any questions?



