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Issues with RNINsLinear Interaction Distance

O(sequence length) steps for distant word pairs to interact means:
e Hard to learn long-distance dependencies (because gradient problems!)
 Linear order of words is “baked in”; we already know linear order isn’t the

right way to think about sentences...

Info of chef has gone through
O(sequence length) many layers!
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nodes In blue are ready
to be executed
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nodes In red will be executed
using batch operations
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RNN not efficiently parallelizable




Issues with RNNsLack of Parallelizability

Forward and backward passes have O(sequence length)
unparallelizable operations
* GPUs can perform a bunch of independent computations at once!

e But future RNN hidden states can’t be computed in full before past RNN
hidden states have been computed

* Inhibits training on very large datasets!
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Numbers indicate min # of steps before a state can be computed




Attention




Sentence Representation

AEncoding a single vector is too restrictive.
Instead of producing a single vector for the sentence,
produceone vectorfor each word

ABut, eventually need 1 vector.
Multiple vectorsA Single vector
Sum/Avg operators give equal importance to each inp

AWe dynamically decide which input is more/less
Important for a task.

. 2dz OFyQi ONIY A%rﬁagze aQNgiph&egi >§~u.:t|‘n tQ, r;flect this variatigsitention
the whole *%#@hg sentence Aquery (q):decides importance of each input

in a single *%#@g vector. attention weights I(;): normalized importance of input
unnormalized attention weightd'(): intermediate step to
computeh.

attended summaryweighted avg of input with weights
.




LSTM Encoder
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Building Block: Attention = Weighted Sum
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Building Block: Attention = Weighted Sum




Building Block: Attention = Weighted Sum




Attention: Encoding

Q | 8Q
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%00 nhQ
what i1S%o0 ? what is q?




Attention Function$so

ABahadanawttention: % (NHQ G8C7 N 7 E A /lgis nonlinearity

ALuong Attention%. (NHQ N&E

A Scaled Dot Product Attentiofo (hQ %

ABilinear Attention%. (NHQ EA N

AReduced Rank Multiplicative Attentionl{)(Vq)
AU has dim gxk,V has dim kxg k << ¢, d,




Additive vs Multiplicative

- While the two are similar in theoretical complexity, dot-product attention 1s
much faster and more space-efficient in practice, since it can be implemented using highly optimized
matrix multiplication code.

While for small values of d;. the two mechanisms perform similarly, additive attention outperforms
dot product attention without scaling for larger values of dj. [3]. We suspect that for large values of
dy., the dot products grow large in magnitude, pushing the softmax function into reolons where it has
extremely small gradients *. To counteract this effect, we scale the dot products by \/K

t I LISNXQa Wdza A FAOL
d Is the dimensionality of g and | % To illustrate why the dot products get
large, assume that the components of
and h are independent random
variables with mean 0 and variancé1
Then their dot product, g - h has mear
and variance d




Attention: Encoding
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Attention and/vs Interpretation

(A) Gro u_ncl truth: Statemgni(-opinion
Predict: Statement-opinion
And if you try to do anything, uh, like, uh,
not identify yourself to the government, they
know who you are.

(B) Ground truth : Statement-non-opinion
Predict : Statement-non-opinion
I, uh, ride bicycles, uh, fifteen, twenty miles
, I don'tknow, maybe three times, maybe four

(C) Ground truth : i0s, facebook
5-best predict : ios, facebook-graph-api, facebook, objective-c, iphone

I have an i0S"application that already using some
methods of Facebook Graph API, but I need to
implement sending private message to friend by
Facebook from my application.

As I know, there 1s no way to Sending private
messages by Graph API, but it maybe possible by
help Facebook Chat API.

I already read documentation but 1t do not help me.
If anybody has some kind of example or tutorial,
how to implement Facebook Chat API in i0S
application, how sending requests or something, 1t
will be very helpfull. Thanks.

times a week.

(D) Ground truth : python, numpy, matrix
5-bhest predict: python, numpy, arrays, matrix, indexing

I have a huge matrixX that I saved with savetxt with
numpy Library. Now I want to read a single cell
from that mafrix;e.qg.,

cell = getCell (i, j); print cell

return the value 10 for example.
I tried this:

x = np. loadtxt( "fname .m", dtype = "int", usecols=([i]))

cell=x[7]
but 1t 1s really slow because I 1Toop over many

index. Is there a way to do that without reading
useless lines 7

Published in INTERSPEECH 2016
Neural Attention Models for Sequence Classification: Analysis and Application to Key Term Extraction and Dialogue

Act Detection




Multi-head Keyalue Self Attention



Selfattention (singlehead, higHevel)

£€The animal didn't cross the street because it was too tired £

Layer:| 5 3 Attention:| Input - Input =

B There Is no external query q.

he. The. The input is also the query.
animal_ animal_
didn_ didn._ Many approaches:
t'- ;— https://ruder.io/deep-learningnlp-bestpractices/
n::mss: c_rﬂss_
the_ the_ . ' r, alt(y y
e e Transformers: query q IS anothrel_r (xJ,xl)
because because
it |
Was Wdas
too_ oo
tire tire

d d
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Attention: Encoding (A X)
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Attention: Encoding

% A
Each vector (x)
Ol AEQi Be ) playing two roles
(1) computing
Importance

o 80 (2) weighted sum




Attention Is a continuous way to do lookups

Attention is just a weighted average — this is very powerful if the weights are learned!

In attention, the

matches all keys softly,

to a weight between 0 and 1. The keys’ values
are multiplied by the weights and summed.

keys values Weighted

ki
k2

query
q k3
k4

k5

Sum
vl
V2
output
o >3
v4
v5

In a lookup table, we have a table of keys
that map to values. The matches
one of the keys, returning its value.

keys values

a vl
b V2
query
d C V3
output
d v4 % v4
e v5




KeyValue Attention

AProject an input vector, into two vectors
k: key vector &xWK
v: value vector ¥xWV

AUse key vector for computing attention

| att(g,x)=. att(q,lq):% /iscaled multiplicative
AUse value vector for computing attended summary

a -y



KeyValueSelfAttention

AProject an input vector lintolthree!vectors
k: key vector:  FRWK
v: value vector: ;wxW
g:@Query; vector: exWX

AUse key and query vectors for computing attentiontofvord at word |

et (h;h)=— /iscaled multiplicative

AUse value vector for computing attended summary ( g 8



KeyValue Singleélead Self Attention
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KeyValue Singlélead Self Attention

Input Creation of query, key and

Embedding value vectors by
multiplying bytrained
weight matrices

Queries d+ q:z waQ
Separatiorof Value and
Key and Query

Keys
Matrix multiplications
are guiteefficientand
can be done In

values aggregated manner

Images from https://jalammar.github.io/illustratettansformer/



Input

Embedding

Queries

Keys

Values

Score

Divide by 8 (Vd; )

Softmax

Softmax
X

Value

Sum

Thinking
X1
d1
V1
q-1 . —
V1
Z1

Machines

X2

Va

V2

Z2

Images from https://jalammar.github.io/illustratettansformer/

KeyValue Singlélead
Self Attention




KeyValue Singitlead Self Attention (Parallel View) =

X We Q

X —

Q T
V
X
’ Softmax( )
Vi

X —
) TAY Vv
X —

Images from https://jalammar.github.io/illustratettansformer/



Self Attention Is Parallelizable & solves linear distance Issue

Attention treats each word’s representation as a query to access and
incorporate information from a set of values.

Number of unparallelizable operations does not increase with sequence length.
Maximum interaction distance: O(1), since all words interact at every layer!

All words attend
attention to all words in
attention previous layer;
most arrows here

embedding . . . . . . . are omitted

X1 %o

T



Single Attention Hea#§ Multiple Heads

A Instead of one attention head, we'll have lots of them!

A Intuition: each head might be attending to the context for different purposes
A Different linguistic relationships or patterns in the context

| | {1 X Cﬂ
[Ad, x d]
. . . WO
Project to final representation usually d,=d/A, hence [d x d]
Concatenate Outputs | | | [1xAd,] here A=4

I [1xd,] [23[1xd,] C[1xd,]

Each head
attends differently Head 1 Head 2 Head 3 Head 4
to context Twvtww WHe Wve wez WHS WS W3/ WRe WY e
Xjig3 Ko Xt X;




KeyValueMulti-Head Self Attention

X
Thinking
Machines
ATTENTION HEAD #0 ATTENTION HEAD #1
QG Q1
W@ W, Q
Vo Vi
WoV W,V

Images from https://jalammar.github.io/illustratettansformer/



Multi-Head Attention

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

Images from https://jalammar.github.io/illustratettansformer/



Multi-Head Attended Vectds Output

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

One for each word X

|

One for each attention head

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

Images from https://jalammar.github.io/illustratettansformer/



KeyValue MultiHead Self Attention (summary)

Images from https://jalammar.github.io/illustratettansformer/



