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Transformers as (Conditional) Language Models Basic n-gram models

Language models: probabilistic models for sequences

The simplest model for sequences over a finite alphabet: n-gram

L
P(wi...w.) = ]P(wilwi...wiz1) (1)
i=1
L
= HP(Wi|Wi—n+l cWisl) (2)
i=1
(1) is always true. (2) makes a Markovian assumption: given short term history
h = Wi_pt1 ... wi—1, words further away do not matter.
v
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Transformers as (Conditional) Language Models Basic n-gram models

Language models: probabilistic models for sequences

The simplest model for sequences over a finite alphabet: n-gram

L
P(wi...we) = [[P(wilwi...wior) (1)
i=1
L
= H P(Wi |Wi—n+l .. -Wi—l) 2)
i=1
(1) is always true. (2) makes a Markovian assumption: given short term history
h = Wi_nt1...wi—1, words further away do not matter.
v
n-gram text generation with [ancestral] sampling
wp ~ Unif(Wl);Wz ~ P(W2 |W1);W3 ~ P(W3 |W2W1) -
No length model: make sure to know when to stop
v
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Transformers as (Conditional) Language Models Basic n-gram models

Language models: probabilistic models for sequences

The simplest model for sequences over a finite alphabet: n-gram

L
P(wi...w.) =]P(wilwi...wi1) (1)
=1
L
= [TPwi|wicner ... wizt) )

(1) is always true. (2) makes a Markovian assumption: given short term history
h = Wi_pt1 ... w1, words further away do not matter.

n-gram language Id with Bayes rule

P(Wl...WL;Ll) ZP(W[...WL;LQ) =>P(L1|W1...WL) ZP(L2|W1...WL) (3)
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Transformers as (Conditional) Language Models Basic n-gram models

n-gram models are so simple, yet so difficult

Learning with cheap / free supervision

Parameter estimation just needs data

Maximum likelihood estimates (with 2-word histories: trigrams)

c(uvw)

P(w|uv) = D)

“

¢() is the count function, & = uv is the history
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Transformers as (Conditional) Language Models Basic n-gram models

n-gram models are so simple, yet so difficult

Learning with cheap / free supervision

Parameter estimation just needs data

Maximum likelihood estimates (with 2-word histories: trigrams)

c(uvw)

P(w|uv) = D)

“

¢() is the count function, & = uv is the history

The art of language modeling

@ with 100, 000 words, 100, 000? 3-gram counts, most of them 0
@ build history classes (uv — h(uw)) to keep models small
@ building history classes ? the science of count smoothing [1992-2012]
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Transformers as (Conditional) Language Models Neural language models

Feed-forward language models [Bengio et al., 2003]

w. e prediction space . T T T

i-1 P i3 i =[wi_ iR, wi_oR, w;_3R]
output layer
(softmax)

h =i Wiy + b,
o =tanh(h)" Wy, + by,

expo[w;
P(wi| Wiz, wi2, wi1) = polwi]

:\\
Wi-zﬂ;%i Y.expo[w]

@ encodes context as ¢(wi—3, wi—2, wi—1)

I / @ compares ¢(w;-3, wi—2, wi—1) and R(w;)

M. Evrard, C. Guinaudeau, F. Yvon (LISN) Transformers in HLT 2020-2021 5/23




Transformers as (Conditional) Language Models Neural language models

Feed-forward language models [Bengio et al., 2003]

Training FFLMs - maximize log-likelihood [aka cross-entropy]

expo[wi]
X, expo[w]
= argmaxZo wi] —log(> expo[w])

w

0" = [R7 Wihzbizwhmbo] = argmaleog

jointly learns representations / word embeddings (R)) and decision rule

@ optimize through stochastic gradient and back propagation (chain rule)

expx
S expx[k]

@ also influencial log-bilinear model [Mnih and Hinton, 2007]: history words are summed,
no hidden layer

@ softmax(x) =

computes dense distributions

@ computationally demanding (softmax layer)

@ superior to discrete (n-gram) LMs across the board [Schwenk, 2007, Le et al., 2012]
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Transformers as (Conditional) Language Models Neural language models

Feed-forward language models [Bengio et al., 2003]

FFLMs induce similarities between histories and between words (from [Le et al., 2010])

word (freq.) model 5 nearest neighbors

is standard was are were been remains

900, 350 1 vector init. | was are be were been

conducted standard undertaken launched $270,900 Mufamadi 6.44-km-long
18,388 1 vector init. | pursued conducts commissioned initiated executed
Cambodian standard Shyorongi $3,192,700 Zairian depreciations teachers’
2,381 1 vector init. | Danish Latvian Estonian Belarussian Bangladeshi
automatically standard MSSD Sarvodaya $676,603,059 Kissana 2,652,627
1,528 1 vector init. | routinely occasionally invariably inadvertently seldom
Tosevski standard $12.3 Action,3 Kassouma 3536 Applique

34 1 vector init. | Shafei Garvalov Dostiev Bourloyannis-Vrailas Grandi
October-12 standard 39,572 anti-Hutu $12,852,200 non-contracting Party’s
8 1 vector init. | March-26 April-11 October-1 June-30 August4
3727th standard Raqu Tatsei Ayatallah Mesyats Langlois

1 1 vector init. | 4160th 3651st 3487th 3378th 3558th

1 vector init: share parameters R and W, during init.
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Transformers as (Conditional) Language Models Neural language models

Computational complexity of FFLM

Speeding up the softmax computation

Training objective computes a large sum

0= argmax Zo[w,v] —log(> expo[w])

i w’

Shortlist-based models [Schwenk, 2007] combine discrete and continuous LMs

_ | Pan(w|h) if w € shorlist
POwlh) = { a(h) Pxy(w | h) if w € otherwise

a(h) rescales Pgy(|) for normalization
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(Conditional) Language Models Neural language models

Computational complexity of FFLM

Speeding up the softmax computation

Training objective computes a large sum

L= arggnax Zo[w,-] - log(Zexpo[w])

w

Hierarchical models [Mnih and Teh, 2012, Le et al., 2013] compute a hierarchical softmax

The associated clustering tree

o)

Wil short list
olo
olo
HEX | top classes
olo
olo
=
0[O
i|o
olo
ool L SN . R
ofo Sub-class
olo

w ol layers

. o :
2702

J
0[]
1o
ofo
olo

Wi3—>o|e
ofo Word layers
olo ’
olo
olo
J
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Transformers as (Conditional) Language Models Neural language models

Recurrent Neural Networks as LMs [Mikolov et al., 2010]

From finite to infinite contexts P (w; | w<,)

words: w;, 1= 1...T,€ {0, 1}V @ Wy Wit

Voo

embeddings: i, = 1...T, e R? io e ir i1t

SR

hidden states: h;,t = 1...T, e R? hy » - > h—» hy >

Do

output: 0., ¢t =1...T, ¢ RIVI R Ot 0141

ir =[w/ R]
h; =tanh(i] Wi, + b, Wy, + bay)

0; :hTWhg + b depends on all past time steps ¢
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Transformers as (Conditional) Language Models Neural language models

Recurrent Neural Networks as LMs [Mikolov et al., 2010]

From finite to infinite contexts P (w; | w<,)

words: w;, 1= 1...T,€ {0, 1}V @ Wy Wikl oo wr

Voo

embeddings: i, = 1...T, e R? io e ir . e ir
hidden states: h;,t = 1...T, e R? hy » - > h—>»hy > > hr

output: 0., ¢t =1...T, ¢ RIVI R Ot 0141 e

0" =argmax »_ logo[wi] —log(}  expo[w])
‘] t w

P(wes1 = k|we; Om) =softmax (o, = w"n, +b°)[k]
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Transformers as (Conditional) Language Models Neural language models

Recurrent Neural Networks as LMs [Mikolov et al., 2010]

From finite to infinite contexts P (w; | w<,)

words: wy,r = 1...T,€ {0, 1}V! Q? W Wisl . wr

embeddings: ir,t= 1. T.€RY i - i i ir
hidden states: .1 = L.T.€R?  hy ==+ b by —> hyo > -+ > by

output: 0,1 = 1...T,e RV o o1 . é

train with word prediction objective and cross-entropy loss
generate through ancestral sampling, one word at a time
more complex cells ((w:, h;) - hi+1): GRUs, LSTMs

same issues with softmax; same solutions apply

stack several hidden layers hf = f(h* | hF™"): biRNNs, etc.
backwards processing computes f_

[h:, h,] represents word w; and its context

[hr, h_, ] a better representation: text classification, etc.
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Transformers as (Conditional) Language Models Neural language models

Memory cells in RNNs

Mitigating vanishing / exploding gradient

Vanilla RNNs update hidden cells with:

h, = tanh(l, i+ h, \Win +bi)
= tanh(l, in + tanh(l, Win + h, o Whi + b,h) Whn + b,},)

Sh
= =1~ tanh(h,)’ )50(” Win + bl Wi, + bi)

(5[1, 1 T 5Whh

=(1 - tanh(h,)*)((--.)

@ Gradient wrt Wy, and Wj,;, used multiple times;
@ Information squashing through tanh()
= Unstable results, hardly better than very long range FFLMs
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Transformers as (Conditional) Language Models Neural language models

Memory cells in RNNs

Mitigating vanishing / exploding gradient

The Gated Recurrent Unit of [Cho et al., 2014b] learn to manipulate hidden states [vectors]:
which part should be copied forward? which part should be forgotten?
u; =0 (Wids + Wiihi_1) € [0;1]°
v =0 (Wirdy + Wishy_1) € [0;1]°
h, :tanh(i,TW,-h +(h-1 0 rt)TWhh +bin)
hio=(1-u)oh +u,0h,

o() : sigmoid function, acts as a soft gate:
@ r; resets components of previous state;

@ u, selects new or past hidden state without squashing.

Transformers in HLT 2020-2021 8/23



Transformers as (Conditional) Language Models Neural language models

Memory cells in RNNs

Mitigating vanishing / exploding gradient

LSTMs cells [Hochreiter and Schmidhuber, 1997] implement a richer update mechanism as:

£, =0 (Wil + Wigh,_y +by) € [0; 1] forget gate
e: =0 (Wiei; + Wichi_y +b,) € [0; 1]¢ input gate
¢ = tanh(e,TW,«c +h", Whe)

¢ =f,0c1+i0¢

0: =0 (Wiol; + Wiohi_1 +b,) € [0; 1] output gate
h; =0, © tanh(c,)

@ h;, represents the hidden state;

@ ¢ is the memory cell, part of which is copied forward (no squashing)
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Transformers as (Conditional) Language Models Neural language models

Memory cells in RNNs

Mitigating vanishing / exploding gradient

Some lessons learned

Gated units much better than Vanilla RNN

GRUs simpler (and faster) than LSTMs

GRUs and LSTMs equivalent (performance-wise)
Multiple layers help

Good implementations are tricky [Merity et al., 2018]: require dropout, improved
optimizer, parameter sharing, etc.

Hyper-parameter search is essential [Melis et al., 2018]

Guinaudeau, Transformers in HLT 2020-2021

8/23



Transformers as (Conditional) Language Models Neural language models

RNNs encode words, RNNs also encode sentences

Solving sentence classification

hr = RNN(w; ...wr) encodes a variable-length sentence in a fixed-length vector.
Decision rule for sentiment analysis, mapping sentences to polarity value (positive, negative,
neutral): wy...wr -y

P(y=1|wi...wr;0)=c(W hr +b) sigmoid, again
09" = argmaXZlog P(y(i) \ wf') . W;f()i))

@ improves classification results with multiple layers,
@ works for all sentence-level classification (textual entailment, stance classification, etc)

@ even better: use [hr,h_1]

How about Machine Translation?

C. Guinaudeau, Transformers in HLT 2020-2021
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Encoder-Decoder approaches for Machine Translation

Recurrent Neural Networks for Machine Translation

A simple bilingual conditional Langage Model [Cho et al., 2014a]

source: ffy..1 € {0, I}M I ol f
embeddings: i[;..;) € RY io i i i

SR

encoder states: k. € R h)y - e h <>h, & <k

decoder states: s;..;) € R S0 ‘»4 sy

output: of;__;; € R . o 0141 . @

target: ef;.. s € {0, 1}Ivl e €11

P(esr1 = kle, £ Onur) = [softmax (0,11 = Ws1 + +We + b°) e
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Encoder-Decoder approaches for Machine Translation

Recurrent Neural Networks for Machine Translation

Attentional NMT: better know what to translate [Bahdanau et al., 2015]

source: ff;. € {0, I}M

embeddings: ;... € R?

encoder states: Ay j € R
s attention: ¢py.. ) € R?

decoder states: s(;...; € R

output: opy._ ) € RV

target: ef;.. s € {0, I}M

1, C. Guinaudeau, on (LISN)

f/ f/+l fl
iO i' it+l il

h)y - - «<>h«<— > hy <> - @ |
Qp, [ c=a’h

So —» 0 S —— P S1 —P - P Sy

L4

L

e; (7281

Transformers in HLT 2020-2021

10/23



Encoder-Decoder approaches for Machine Translation

Recurrent Neural Networks for Machine Translation

Equations of the RNN + attention

couree: £y {0, 1) QP o, for
embeddings: i), € RY iy i i1 i

LV
hi =p(fishie1)  Vie[l...1]
o =softmax(h's,-1) Vee[l...J],ie[l...1]

Ct :Zaﬁhi Vit e [] ]]
t
Ws + W + Wer1 +b°) 1k

target: ¢

kle<, £; Onmr) =[softmax (o,
Vie[l...J]

P(er =
Sta1 =¢(Cry 81)

2020-2021
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Encoder-Decoder approaches for Machine Translation

Recurrent Neural Networks for Machine Translation
Equations of the RNN + attention

e B0, QP 7, i Cn
i i i

e I

coder sates: by SR o @ e bl 4 h b 2y
—
T~ \4 / -
J o
50

S0 = - »s‘4> — s

L
hi =¢(fi,hic1) Vie[l...I]
oy =softmax(h’s,_) Vie[l...J],ie[l...1]
=y aghi Vie[l...J]
t

target: eqy__y) € {0, 1}"

P(et = k|e<,,f; GNMT) =[SOftmaX(0t =Ws, + W, + W¥e1 + b")]k
St+1 =¢(Ct,st) Vte [1 .. AJ]

@ ¢()=LSTMorGRU or ...
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slation

Faster, Better Encoder-Decoder + Attention : Transformer
Images (C) [Vaswani et al., 2017]

Output
Probabilities

Add & Norm

Scaled Dot-Product
Attention
J
Add & Norm
(Add s Nom ] Mathiul
) | | | i (v ]
Attention
Nx
Add & Norm Mask (opt)
Add & Norm MacKked
Multi-Head Multi-Head
Attention Attention
A > MatMul
—)
.
Positional S d Positional Q K Vv
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
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Encoder-Decoder approaches for Machine Translation

Faster, Better Encoder-Decoder + Attention : Transformer

Heads in Multi-Head Attention
The query: H, € R xR?
The key: Hy € R x R?
The value: H, ¢ R’ x R?

Heads linearly transform matrices I € RY x R” into matrices O in R® x R”
transform input matrix for words: Q = H, xI € R' x R"
transform input matrix for contexts: K = Hy x I € R x R"
transform input matrix for outputs: V = H, x I ¢ R’ x R’

compute similarities words/context: D = Q x K'eR' xR"

. . ~ D .
compute linear weights: D = softmax(—=) € R” x R” columnwise

Vd

linear combination of cols: O =D x V e R” x R°

Transformersin HLT ~ 2020-2021

M. Evrard, C. Guinaudeau,
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Encoder-Decoder approaches for Machine Translation

Faster, Better Encoder-Decoder + Attention : Transformer

The head computation, columnwise

T
1
0, = softmax( 5 [H,,] [Hd,])H.I,

s=1
T 1 7

= Z softmaX(BQ, K.S‘)VS
s=1

1, C. Guinaudeau, on (LISN) Transformers in HLT

LayerNom

XK
Heads

i (i vie S}

2020-2021 12/23



Encoder-Decoder approaches for Machine Translation

Faster, Better Encoder-Decoder + Attention : Transformer

@ oneHead: I(dxT) > O(oxT)

Using multiple heads
@ kHeads: I(dxT) = [Oy,...,0](ko xT) J

ODooooooooo Dl

T FF+ Norm

Transformer
Layer
i

FeedForward

|E-EEEEE--Enm
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Encoder-Decoder approaches for Machine Translation

Faster, Better Encoder-Decoder + Attention : Transformer

Using multiple heads

@ oneHead: I(dxT) - O(oxT)
@ kHeads: I(dxT) - [Oy,...,0](koxT)

Using multiple layers of multiple heads
@ compute withk Heads : I(d xT) - O =[Oy ... O] (ko x T)
enable: residual (direct) connections O’ = O +1
pass O’ through a “linear” layer O” = O’ + W’ x RELU(WO), with O” ¢ R(D
stack multiple layers I} —» I — I3y — I4...

enable: residual (direct) connections Oy = Oy + I

make layers and sublayers comparable through layer normalization (substract mean,
divide by stddev)

Typical values: 8 Heads of output dimension o = 64, 6 — 12 layers of heads of dimension 512.

v
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Encoder-Decoder approaches for Machine Translation

Faster, Better Encoder-Decoder + Attention : Transformer

The initial layer: words and positions
Assuming input w; ... wr each column in Iy combines (sums) word embeddings and
positional encodings in P € RY x R”.

P[2i, 1] = sin(#/10000*/%)
P[2i +1,1] = cos(1/10000%/%)

s https://medium.com/swlh/elegant-intuitions-behind-positional-encodings-dc48b4ad4aSd1
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Encoder-Decoder approaches for Machine Translation

Faster, Better Encoder-Decoder + Attention : Transformer

xN Layers '

4 t r t 4 r r t t 0 4 4

Y e e e e e i e
Moo M oM A A S A A M A A

[ R
Layer ', Sooooooooooo
¥

Transformer ¢
’

Sooooooooooo

'
FeedForward \

Token
embeddings
+

Position

\

RSN RN | N

_,
P
45
p
N
r
4
z
,
Z
-
i
.
5
4
7
g
i
>
5

e

-0
E-E-{
- El-|
E)-E-| [
E-E-{O
[)-E-| [
(- (O
[)-E-{ [
B-E-|O0
E--| O
E-E-|
E-E-| 0

[

embeddings

The encoder side, a complete view
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Encoder-Decoder approaches for Machine Translation

Faster, Better Encoder-Decoder + Attention : Transformer

xN Layers E
4 4 4 4 4 A A 4 4 4 4 A
CODoooooOooooa Do !
o I I S T S S S S
Transformer  ,/ z ’ / # L ! K / / ; "
Layer 1 1 1

+

Feedforward "3 A S A Sh S SE d . . SE A

t

]
Token *
embeddings lil

e +
Z::::;ings lIl
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Encoder-Decoder approaches for Machine Translation

Faster, Better Encoder-Decoder + Attention : Transformer

Transformer Layer
+ FeedForward |:|:|
Head 1 Head 2

In the decoder: cross-attention with respect to the last encoder layer
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Encoder-Decoder approaches for Machine Translation

Faster, Better Encoder-Decoder + Attention : Transformer

Output layer and prediction
e project output of K layer into RV to get logits: g(W,Sk[t] +b,)
@ use softmax to predict next target word e,

@ collect gradients for training

Also:

@ trainable positional encodings

parameter sharing in the decoder
variants of the FF layer
better layer normalisation

computational speed ups for the attention computation

Transformers in HLT 2020-2021 12/23



Encoder-D

Faster, Better Encoder-Decoder + Attention : Transformer

a Encoder Decoder
Input Output
sentence translation
Encoder-decoder
attention Feed-forward
Self-attention
Feed-forward
The # CCCTIITIO# zet!?u
woman # CCCTITITO \zly .
took » IITIITIH i
the » (IO pitole
prazdny

empty ® (ITIIITOI#

representation

Image from [Popel et al., 2020]

Transformers in HLT 2020-2021 12/23



Encoder-Decoder approaches for Machine Translation

Transformers as pure LMs: improving the past context

Tr LMs l:l O —s [—] l:l [
* I

RNN LMs

|
F-E-C | O
|

FF LMs

(4-gram) -

L T T T T & ot ot 4o
e 0] [ (=] (] (5] (o] (5] (] (50 (] i) (5]
N + + + +

emmenings 12 [ [ 50 [ 51 =] L] [ [ []

Also: relax causality, recompute past representations after each new word

Transformers in HLT 2020-2021
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r-Decoder approaches for Mackh

t 1 P ST S SR S
lﬁ::ddmgsmm-m--@
s 0 [ [ 0 [ E] & E E E B E
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Encoder-Decoder approaches for Machine Translation

Computational issues with transformers

Attention is quadratic

T
I'g.
Vije[l...T],qj= softmax(b)

Vd

The X-former family

Compress: Memory-compressed Transformer

Approximate dot product with LSH: Reformer

(]

@ Use hierararchical attention binary-Tree Transformer

@ Use local attention + global (random) states: Sparse Transformer, Longformer, Big Bird
("]

Approximate dot product with low-rank matrices: Linformer

Contexts up to hundreds of past tokens

C. Guinaudeau, F. Yvon (LISN) Transformers in HLT 2020-2021 14/23



Transformers for representation learn pretraining

Pre-training representations for multi-task learning

The overwhelming majority of these state-of-the-art systems address a benchmark task by
applying linear statistical models to adhoc features. In other words, there researchers themselves
discover intermediate representations by engineering task-specific features. (...) Although such
performance improvements can be very useful in practice, they teach us little about the means to
progress toward the broader goals of natural language understanding and the elusive goals of
Artificial Intelligence. In this contribution, we try to excel on multiple benchmarks while
avoiding task-specific enginering. Instead we use a single learning system able to discover
adequate internal representations. [Collobert et al., 2011]

i Image from http:/sesamestreet.org

Guinaudeau, 0 Transformers in HLT 2020-2021 15/23


http://sesamestreet.org

Transformers for representation learning & pretraining

Pre-training representations for multi-task learning

(...) to excel on multiple benchmarks while avoiding task-specific enginering. (...) a single
learning system able to discover adequate internal representations. [Collobert et al., 2011]

A recipe for pre-training
@ (train context-free or context-dependent word embeddings on large “general domain”
corpus in an unsupervised way.
© plug-in embeddings into (domain) specific task
@ resume training with a task-dependent loss
Popular implementations:

@ ELMO [Peters et al., 2018] uses biRNNs at stepl, BERT [Devlin et al., 2019] and
GPT-2/3 [Radford et al., 2019] use Transformer

@ ELMO and GPT-2/3 use half-contexts and a LM objective, BERT uses full context and
two objectives: mask-LM and next sentence prediction
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sformers for representatio

Pre-training representations for multi-task learning

(...) to excel on multiple benchmarks while avoiding task-specific enginering. (...) a single
learning system able to discover adequate internal representations. [Collobert et al., 2011]

cat is happy EOS

f t f t

N - - — [ hz.huppy

I - T - [ - 7
et et —~oft —~of h,
mem-ppg e
C H-D-0i-B
R T T R

The cat is happy

Bottom layer is char n-gram conv. layers + 2 highway layers + linear projection; top layers are bidirectional
LSTMs, training objective predicts next word. All layers linearly combined to yield final representation.

s Image from https://www.mihaileric.com/posts/deep-contextualized- word-representations-elmo/
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Transformers for representation learning & pretraining

Pre-training representations for multi-task learning

(...) to excel on multiple benchmarks while avoiding task-specific enginering. (...) a single
learning system able to discover adequate internal representations. [Collobert et al., 2011]

aardvark

improvisation

Use the output of the
masked word'’s position
to predict the masked word

Possible classes:
All English words

zyzzyva

Y
4 24 sb b 5| of 4 e o si2f

BERT

Randoml k
TE A agd o
ttt ittty

(s Lots sik to[mprovemienn e skt

BERT uses a Transformer architecture - Base implementation has 12-24 layers each with 12-16 heads.

= Image from https://jalammar.github.io/illustrated-bert/
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or representation learning

Pre-training representations for multi-task learning

(...) to excel on multiple benchmarks while avoiding task-specific enginering. (...) a single
learning system able to discover adequate internal representations. [Collobert et al., 2011]

Use the output of the aardvark

masked word’s position
to predict the masked word

[CLS] : a global
representation

Possible classes:
All English words

| 10% | improvisation

14 24 4 44 5| of 74 b oot osi2f

BERT

|Hazf sf 4f st of 4 b st
Let's stick. to [MASK) in this. skit

Pttt

[cLs) lets stick to[improvisation|in  this  skit

Local and global representations

s Image from https://jalammar.github.io/illustrated-bert/
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Transformers for representation learning & pretraining

Pre-training representations for multi-task learning

(...) to excel on multiple benchmarks while avoiding task-specific enginering. (...) a single

learning system able to discover adequate internal representations. [Collobert et al., 2011]

xN Layers
t t r t t t t t t t A t
CDooooooooDo o ol
e L S N Y S S S .
Transformer % ’ ’ 2 g K K K / / /
Layer ! ' ' '

FeedForward \
AN |

-
-

N SO A (RN (R N N N SN
e

0 t t t t t t t t t

t
amtangs [061] (1] [oe] (o] [as] [dre] [ae] (] [o] [os] [on] [
o o 1 60 3] 61 60 B [ ] B B0 G G

->

GPT, a Transformer with “causal” self-attention, trained with next word prediction
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Transformers for representation learning & pretraining

Pre-training representations for multi-task learning

(...) to excel on multiple benchmarks while avoiding task-specific enginering. (...) a single
learning system able to discover adequate internal representations. [Collobert et al., 2011]

The many benefits of LM pre-training
@ almost unsupervised learning - leverage huge monolingual corpora
@ solve rare “word” issue
@ mitigate annotation scarcity

@ knowledge transfer between domains or tasks with prompting / priming

= uses LM as _ with appropriate initialization

Improve lexical / phrasal / sentential representations accross the board
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Transformers for representation learning & pretraining

Pre-training representations for multi-task learning

(...) to excel on multiple benchmarks while avoiding task-specific enginering. (...) a single
learning system able to discover adequate internal representations. [Collobert et al., 2011]

Prompt (ANLI) The Gold Coast Hotel & Casino is a hotel and casino located in Paradise,
Nevada. This locals’ casino is owned and operated by Boyd Gaming.
The Gold Coast is located one mile west of the Las Vegas Strip on West
Flamingo Road. It is located across the street from the Palms Casino Resort
and the Rio All Suite Hotel and Casino. Question: The Gold Coast is a
budget-friendly casino. True, False, or Neither?

Answer (OK) Neither

Answer (KO) True

Answer (KO) False

Prompt (PIQA) How to apply sealant to wood.

Answer (OK) Using a brush, brush on sealant onto wood until it is fully saturated with the
sealant.

Answer (KO) Using a brush, drip on sealant onto wood until it is fully saturated with the
sealant.

Prompt (COPA) | My body cast a shadow over the grass because
Answer (OK) the sun was rising.
Answer (KO) the grass was cut.

i exemples from Radford et al. [2019]
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Transformers for representation learn: pretraining

Towards multilingual —language agnostic — representations

Computing embeddings such that mutual translations are nearest neighbours

Leaning multilingal contextual embeddings - XLLM [Lample and Conneau, 2019]

L (6

| A A A A

.. 5 e En En Ea Eo En E o En B
. o o G B B G
s

@ Train with continuous stream of sentences

@ Do not use “next sentence prediction” objective

@ Train with language agnostic units and multiple languages

= Images © A. Conneau & G. Lample (2018)
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Transformers for representation learn: pretraining

Towards multilingual —language agnostic — representations

Computing embeddings such that mutual translations are nearest neighbours

Leaning contextual multilingal embeddings - TLM

e
A4 A A
| Transformer ‘
R S S S S S S S S S S
Srssdngs
+ + + + + + + + + + + +
aaars 0] [0 [ [ 0] ] [ 5] E] E] B B
+ + + + + + + + + + + +
omsoargs o] [on] [on] [on] fon] [ [« ] [o] [ ] [« ] [e] [n]

@ Learn a shared subword vocabulary

@ Train a single Transformer on MLM+TLM using parallel data (supervision)

= Images © A. Conneau & G. Lample (2018)
v
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Transformers for representation learn etraining

Towards multilingual —language agnostic — representations

Computing embeddings such that mutual translations are nearest neighbours

X-lingual embeddings boost MT and yield unsupervised alignments

284
o> en ro ¢ en + back-translation
m No pretraining W MLM pretraining
v
i Images © A. Conneau (2019)
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Transformers for representation learn: pretraining

Towards multilingual —language agnostic — representations

Computing embeddings such that mutual translations are nearest neighbours

“Zero-shot” X-lingual transfer

Input
(features)

Prediction
(probabilities)

Pour Noél, bénéficiez
d'une remise
exceptionnelle de 15%

Text

Classifier 089 011

Multi-lingual Regular training
Pre-training in English

@ Pretrain with multilingual representations

@ Train with annotated texts in English or high resource languages

@ Make predictions for texts in under resource languages
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Transformers for representation learning & pretraining

Towards multilingual —language agnostic — representations

Computing embeddings such that mutual translations are nearest neighbours

Variants:
@ BART & mBART: multi-lingual (mono-lingual translation with denoising Transformer)
@ smaller models with distillation

@ model specialization / adaptation

@ etcetc
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Unknown words in language models

The infamous < unk >nown word

Closed world assumption

@ The support of LM: a fixed vocab V. Sentences with unknowns have 0 probability.

@ The support of LM: a fixed vocab V U { < unk >}.
Estimation: all words ¢ V are unked [makes < unk > very likely].

@ Variant: consider classes of < unk > (proper names, numbers, etc).
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Unknown words in language models

The infamous < unk >nown word

Closed world assumption

@ The support of LM: a fixed vocab V. Sentences with unknowns have 0 probability.

@ The support of LM: a fixed vocab V U { < unk >}.
Estimation: all words ¢ V are unked [makes < unk > very likely].

@ Variant: consider classes of < unk > (proper names, numbers, etc).

Subword units: morphemes, char ngrams, etc
@ morph-based LM: require morphogical analysis, < unk >still possible
@ letters: no more unknown words - unknown symbols instead ?

@ a mixture of words and letters

Shorter units require longer histories [estimation problems], imply longer sentences
[computational problems].
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Unknown words in language models

Subword units in language models: BPEs, wordpieces, etc

Byte pair encoding: N deterministic merge operations

@ Make symbol map (greedy)
Repeat till done: merge most frequent bigram into a
compound symbol

@ Encode (greedy)
split each word into compound symbols

Example from [Sennrich et al., 2016]

L = { lower, lowest, newer, wider, wide }

i 3 [er#] [lo] w 2 [low]
1 o 2 [lo] w i 2 [wi]

Segmentations: [low]+ [er#], [low]+ e+ s+ [t#], n+ e+ w+ [er#], [wid]+ [er#], [wid]+ [e#]
s https://github.com/rsennrich/subword-nmt

v

Computing P(w|h) requires marginalising (summing) over all segmentations of w
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