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Attention-based architectures:
recurrent encoder-decoder

Generative and Deep Learning (GDL)
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Objectives

® Advanced sequential tasks

<& Sequence-to-sequence
<& Dealing with compound output data

& Encoder-decoder recurrent architectures
® Cross-attention mechanism

q‘*'“‘& A
1 ;/ UNIVERSITA 1)\ ipE BACCIU - GDL COURSE

2G5 p1 Prsa



Sequence-to-sequence



Graphical Notation for Compositionality

(== =N
LTI R =

4 )

N Use a simplified (and overloaded)
\ CELL > graphical notation to represent
GRNN layers and stacks of GRNN
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Dealing with Compound Data

& GRNN are excellent to handle size/topology varying data in input
& How can we handle size/topology varying outputs?
& Sequence-to-sequence

& Structured data is compound information

& Efficient processing needs the ability to focus on certain parts of such
information

& Cross-attention mechanism
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Sequence

ransduction

% Input and output are both sequences
& They may have different lengths

& Example: machine translation

How do we model the context here?

The cat is on the table
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> || gatto é sul tavolo
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Learning to Output Variable Length Sequences

The idea of an unfolded RNN with
blank inputs-outputs does not really

work well
N Yi Y2 Y3 Ym
TR RS R
' ' ' l l N B
\xl Xy X3 xnj

e A working approach is based on
Input sequence an encoder-decoder scheme

Output sequence
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Encoder-Decoder

Architecture features Outputs
| T
4 N 4
Encoder —»| Decoder
. / -
|
Inputs
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Encoder

Produce a compressed and fixed length representation c of all the
Input sequence x4, ..., X,

>D Originally ¢ = h,,

C
r N
m Activations of an
D @ @ LSTM/GRU layer of K
T T T cells
X3 Xn
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Decoder

Y1 Y2 Y3 Ym
A LSTM/GRU layer of K
cells seeded by the
5 1S {S3| - Sy context vector ¢
N J
Y
/'ﬂ

Different approaches to
__________ realize this in practice
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Decoder

YT
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V1

V2 Y3 Ym

We risk to lose memory
r'j of ¢ soon
:[EJ > S‘3 see Sn

If we share the parameters between encoder
and decoder we cantakes; = c¢

Or, at least, assume c and s; have compatible size
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si = f(¢,8i-1,Yi-1)

wW. Vi Y2 Ym-1

D It is better to work on an autoregressive scheme

Remember teacher forcing (only) at training time
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Sequence-To-5equence Learning

Encoder-Decoder can share parameters V1

(but it is uncommon)
Encoder-Decoder can be trained end- ‘ I

to-end or independently

h j;] Jhd... Rever;ing the input sequence in
! 2 i ¢ encoding typically resulted in increased
performance (?!)
X1 X9 X3 Xn
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A Motivating Example

The cat is on the table

Il gatto ¢ sul tavolo
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Soft-Attention



On the Need of Paying Attention

& Encoder-Decoder scheme assumes the hidden activation of the last input
element summarizes sufficient information to generate the output

& Bias toward most recent past

& Other parts of the input sequence might be very informative for the task
& Possibly elements appearing very far from sequence end
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On the Need of Paying Attention

Attention mechanisms select which part of the sequence to focus on to
obtain a good ¢
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Attention Mechanisms — Blackbox View

Aggregated seed ¢

Attention Module

Context info

Encodings
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\WWhat's inside of the box?
The Revenge of the Gates!
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Opening the Box

SOFTMAX
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Opening the Box — Relevance/score

Tanh layer fusing each encoding with C € = VTnetw(S; hi)
current context s

vand W are
learned
parameters
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Opening the Box — Softmax

A differentiable max selector C Yo exp(e;)
operator 2. exp(e;)
S
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Opening the Box — Voting

Aggregated seed by (soft) attention
voting
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Soft-Attention - Equations

& Score: e; = vtnety (s, h;)

exp(e;)
Zj exp(ej)

& Aggregation: ¢ = ); a;h;

& Normalization: a; =

Attention module
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Cross-Attention in Seq25eq

Context is past output state Y1 Y2 V3

Seed considers (subset of) the

INnput states Sa| -

L SOFTMAX \\a“ z
888 s
X; Xy X3 Xy,

% A
St ?/ UNIVERSITA 1 \v/ipg BACCIU - GDL COURSE

%273 p1 Prsa

Ym

26



Learning to Translate with Attention

e w
o S 2 2 2
0]
E @ E 4 A Q QL
= n
o 2w o S o ° E E
U = v =~ O w wn c o o = o v e} c o A
£ oc 3 0 cC T O S o @ 5 T £ c o = ST
F o 6 s Www< =2%mn E g \' o] 3 Jr_ul " E S o 8 3 S 5
v O c C c
L' 2 G ocSESS5EovSs595%5 v
accord o
sur convient
de
la noter
zone gue
économique I
européenne environnement

marin

est

le

moins

connu

de

II
environnement

a
été
signé
en
aodt
1992

<end> <end>

Bahdanau et al, Show, Neural machine translation by jointly learning to align and translate, ICLR 2015
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Hard-Attention

Sample a single encoding using probability «;
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Attention-Based Captioning — Focus Shifting

Soft Attention

il BFF
PEFERREERR

bird flying over body water

Hard Attentmn

Xu et al, Show, Attend and Tell: Neural Image Caption Generation with Visual Attention, ICML 2015
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Local Attention

C
Alignment signal
p(s) predicts
which inputs

participate fo the
p(s)

Making hard-
n n n e R attention
1 2 3 n differentiable
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Wrap-up



Generalizing Attention

MName

Content-base
attention

Additive(*)

Location-Base

General

Different forms depending on how
Alignment score function we score association of inputs with
current context s

score( 8y, h;) = cosine[s;, h;]

score(s;, h;) = v tanh(W ,[s; 1; h;]) Also referred to as concat attention

ay ; = softmax(W ,s,)

Mote: This simplifies the softmax alignment to only depend on the
target position.

score(s;, h;) = 8] W h,

where W, is a trainable weight matrix in the attention layer.

Dot-Product

Scaled
Dot-Product()

score(st, hi) = s/ hi We will see more about

score(se, hy) — sTh; these in the next lecture
y Flj vn

Mote: very similar to the dot-product attention except for a

scaling factor; where n is the dimension of the source hidden

state.
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Attention-Based Captioning - Interpretation
Learns to correlate textual and visual concepts

PR RAEC < 0
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A woman is throwmg a frisbee in a park. A dog is standmg on a hardwood floor. A stop sign is on a road with a
mountain in the background.

Helps understandlng why the model fails

o
<2,
S

2 "
v

A Iarge whlte bird standing in a forest. A woman holding a clock in her hand.

Xu et al, Show, Attend and Tell: Neural Image Caption Generation with Visual Attention, ICML 2015
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Heterogenous Encoder-Decoder Models

: : Y A > LSTM >
Encodings associated to N e i
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layers rather than from = h
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Xu et al, Show, Attend and Tell: Neural Image Caption Generation with Visual Attention, ICML 2015
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Take Home Messages

& Attention.. Attention.. and, again, attention

& Soft attention is nice because makes everything fully differentiable

& Hard attention is stochastic hence cannot Backprop

& Empirical evidences of them being sensitive to different things
& Encoder-Decoder scheme

& A general architecture to compose heterogeneous models and data

& Decoding allows sampling complex predictions from an encoding conditioned distribution
& Setting the ground for a well-known architecture

& The Transformer
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Next Lecture

A particular form of attention which changed the world
& Self-attention

& Transformer

& Inductive bias and gradient propagation

& Self-supervised training

S .
F UNIVERSITA b aviDE BACCIU - GDL COURSE

2575 DI PISA
1343

36



	Diapositiva 1: Attention-based architectures: recurrent encoder-decoder
	Diapositiva 2: Objectives
	Diapositiva 3: Sequence-to-sequence
	Diapositiva 4: Graphical Notation for Compositionality
	Diapositiva 5: Dealing with Compound Data
	Diapositiva 6: Sequence Transduction
	Diapositiva 7: Learning to Output Variable Length Sequences
	Diapositiva 8: Encoder-Decoder Architecture
	Diapositiva 9: Encoder
	Diapositiva 10: Decoder
	Diapositiva 11: Decoder
	Diapositiva 12: Decoder
	Diapositiva 13: Decoder
	Diapositiva 14: Sequence-To-Sequence Learning 
	Diapositiva 15: A Motivating Example
	Diapositiva 16: Soft-Attention
	Diapositiva 17: On the Need of Paying Attention
	Diapositiva 18: On the Need of Paying Attention
	Diapositiva 19: Attention Mechanisms – Blackbox View
	Diapositiva 20: What’s inside of the box?
	Diapositiva 21: Opening the Box
	Diapositiva 22: Opening the Box – Relevance/score
	Diapositiva 23: Opening the Box – Softmax
	Diapositiva 24: Opening the Box – Voting
	Diapositiva 25: Soft-Attention - Equations
	Diapositiva 26: Cross-Attention in Seq2Seq
	Diapositiva 27: Learning to Translate with Attention
	Diapositiva 28: Hard-Attention
	Diapositiva 29: Attention-Based Captioning – Focus Shifting
	Diapositiva 30: Local Attention
	Diapositiva 31: Wrap-up
	Diapositiva 32: Generalizing Attention
	Diapositiva 33: Attention-Based Captioning - Interpretation
	Diapositiva 34: Heterogenous Encoder-Decoder Models
	Diapositiva 35: Take Home Messages 
	Diapositiva 36: Next Lecture

