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Transformersg
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Attention <
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RNNs
B
Neural Networks

self-attention
multi-headed attention
positional embeddings
residual links

intuition from translation
key, queries, values
similarity score



Attention: Motivated from Translation



Machine Translation

As an optimization problem (Eisenstein, 2018):
"
w' = argmax ¥(w'®, w)
w(t)



Machine Translation

Why?

e $40billion/year industry
e A center piece of many genres of science fiction
e Afairly "universal” problem:
o Language understanding
o Language generation
e Societal benefits of inter-
cultural communication



Machine Translation
Why?

$40billion/year industry

A center piece of many genres of science fiction
A fairly “universal” problem:

DIGESTIVE NERVE CHORD
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o Language understanding =~ S-—— Y/
o Language generation
Societal benefits of inter-
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IT FEEDS ON BRAIN WAVE ENERGY, ABSORBING A



Machine Translation

Why?

e $40billion/year industry

e A center piece of many genres of science fiction

e Afairly "universal” problem: BABEL FISH
o Language understanding
o Language generation

e Societal benefits of inter- 8P N\
cultural communication T e el

AND PROBABLY THE ODDEST THING IN THE UNIVERSE.

IT FEEDS ON BRAIN WAVE ENERGY, ABSORBING A.

ENERGY ABSORPTION FILTE

(Douglas Adams)



Machine Translation

Why Neural Network Approach works? (Manning, 2018)

Joint end-to-end training: learning all parameters at once.
Exploiting distributed representations (embeddings)
Exploiting variable-length context

High quality generation from deep decoders - stronger

language models (even when wrong, make sense)



Recurrent Neural Network
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Recurrent Neural Network
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RNN: Encoder
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Encoder-Decoder (Simplified Representation)
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Encoder-Decoder (Simplified Representation)

essentially a language model conditioned on
the final state from the encoder.



Encoder-Decoder (Simplified Representation)

o4

Embeddmg Iookup

essentially a language model conditioned on
the final state from the encoder.



Encoder-Decoder (Simplified Representation)

Language 2: (e.g. English)

(o) Y Y2) Ve3) Vg
A A A A A
A— A— A —M— AH— AH— AH— A M— A~
&S & & . w
(x5 <§0> Xw) Xa) Vi)
| |

Embedding lookup

Language 1: (e.g. Chinese)



Encoder-Decoder

Challenge: The ball was kicked by kayla.

e Long distance dependency when translating:

Y10 Y Y )ﬂ@ (4
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Kayla kicked the ball.




Encoder-Decoder

Challenge: The ball was kicked by kayla.

e Long distance dependency when translating:

Y10 Y Y ,‘ﬂ@ (4
A A

A
‘Is _— : : : —
Y

A lot of responsibility put fixed-size hidden
state passed from encoder to decoder

Kayla kicked the b
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A lot of responsibility put fixed-size hidden
state passed from encoder to decoder.
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Attention

Analogy: random access memory
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Yi3)

Y2)

Attention

attention layer
(in reality)




Weighted sum of other hidden states
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Attention

S S
Iﬁ‘[; = —[; <go>

C = Weighted sum of other hidden states (S):

b, b b ., I: current token of output
N: tokens of input
hn—] hn : hn+1 ISI
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Attention

?/)muu(hzt, 3) = STth'.

ap,—s = softmax(v(h;, s))
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Attention




Attention




Attention

Score function:

?/)muu(hzt, 3) = STth'.

ap,—s = softmax(v(h;, s))

|s|

Ch.z' — E thi—)snsn
n=1



Attention

Alternative Scoring Functions

Vaaa(hi, s) = v tanh(Wyh; + Wis))

Vap(hi, ) = s h;

wmult(hia 3) — STWhZ'




Attention

If variables are
standardized,
matrix multiply

produces a
similarity score.

Alternative Scoring Funct;

Yadaa(hi, s) = vlts n(Wihi + Wis|)

Q,de(hi, 8) — SThi

Umut(hi,8) = st Wh;




Attention

Score function:

?/)muu(hzt, 3) = STth'.

ap,—s = softmax(v(h;, s))

|s|

Ch.z' — E thi—)snsn
n=1



Attention
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A useful abstraction is to make the
vector attended to (the “value
vector”, Z) separate than the “key
vector” (s).

Score function:

wmult(hi) 8) — STth'.

ap,—s = softmax(v(h;, s))



Attention

Score function:

wmult(hi) 8) — STth'.

ap,—s = softmax(v(h;, s))

A useful abstraction is to make the ||
vector attended to (the “value o — 2 : o .
vector”, Z) separate than the “key hi hi=sn<n

vector” (s).



Attention

(Eisenstein, 2018)

Attention as weighting a value
based on a query and key:

|%| Output

activation —: : &

[1 Query Va

Key Value



Attention as weighting a value
based on a query and key:

|%| Output

activation —% : &

0 Query —{1 v,

Key Value

(Eisenstein, 2018)



Attention

Je suis étudiant </s>

4 3 Attention as weighting a value
attentio] i i I based on a query and key:

vector
context il A R A Y ° Output
vector

activation —i : «

attention "
weights A% 5;5

5, fos7 fod: dod

..'::;é:'.r.-'::::::::::E};gﬁ";:::::::;: A, [] Query Va

T ' Key Value

(“synced”, 2017)
I am a student <s> Je suis étudiant



Attention

Is| Je suis étudiant </s>
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Attention

context
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weights .

Je
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(Bahdanau et al., 2015)
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Je suis étudiant
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Attention

|s| Je
Ch; = E Oh;—s,5n |
n=1 - attention
e vector
context
vector
attention - B e i ;

weights .

.
’
.
“

|.
20
lllllll

(Bahdanau et al., 2015)
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(“synced”, 2017)



Attention: Summary

2




Attention: Summary
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Attention: Summary
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ko= J “2

all equations with dot-product score:

wdp (q7 k) — qkt
Qg = softmax(Yap(gi, k))
K|

— § :aqz'_>kjvj
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Output
actixc?,tion —>i T‘ o}
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Attention:
In the context of

multiple layers of
RNNs

Do we even need all these
RNNs?

(Vaswani et al., 2017: Attention is all you need)



Evolution of Sequence Modeling

RNVN¢
-> G,QU/KST/MC—/Q/VN
-> (STMS with Attention
-> Attention withovt RVN
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Neural Networks

self-attention
multi-headed attention
positional embeddings
residual links

intuition from translation
key, queries, values
similarity score



Self-Attention
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Self-Attention

)
T
Output
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Attend to all other words in
, the sequence




Self-Attention

Attend to all other words in
the sequence

b b b

-1 i i+1

’nl
! ! ! !
I'm feeling very  elated.



Self-Attention

yi
T " " .
Output A weighted f:omblnatlon of
other words' vectors.
oL
Y
b

| ) P\ "

I'm feeling very  elated.



Self-Attention




The Transformer's Heart: Self-Attention

h, b, b,
| ) P\ "

I'm feeling very  elated.



Self-Attention




Self-Attention

scaling
parameter
Output Vap (k) = (qk')c
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RNN Limitation:
Losing Track of Long Distance Dependencies

RN

The horse which was raced past the barn tripped .
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RNN Limitation:
Losing Track of Long Distance Dependencies

RN

The horse which was raced past the barn tripped .




RNN: Limitation: Not parallelizable

&LJ[J&J

N

p\z
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4

)

Language modeling
with an RNN



Contextual Word Vectors

Person A

How are you? [ feel fine —even great!

What is going on? Earlier, I played the game
Yahtzee with my partner. 1
could not get that die to roll
a 1! Now I’'m lying on my
bed for a rest.

(Kjell, Kjell, and Schwartz, 2023)

Person B

My life is a great mess! I'm
having a very hard time being

happy.

My business partner was lying
to me. He was trying to game
the system and played me. |
think I am going to die —he left
and now I have to pay the rest
of his fine.



RNN: Limitation: Not parallelizable

&LJ[J&J

N

p\z

lﬂﬂﬂﬂ
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Language modeling
with an RNN



The Transformer: Motivation

Capture long-distance dependencies
Preserving sequential distances / periodicity
Capture multiple relationships

Easy to parallelize -- don’t need sequential processing.



Introducing the Transformer

Output
Probabilities

Add & Norm
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Attention Is All You Need

g AT \
Illia Polosukhin Add & Norm

illia.polosukhin@gmail.com ,—>| Add & Norm |
Masked

Multi-Head Multi-Head
Attention Attention

Abstract 1 7 1 7

~— \_ _J)

The dominant sequence transduction models are based on complex recurrent or \.
convolutional neural networks that include an encoder and a decoder. The best Paositional g

» ) -
performing models also connect the encoder and decoder through an attention > @ j Oélrtlo,”c}l
mechanism. We propose a new simple network architecture, the Transformer, Encoding
based solely on attention mechanisms, dispensing with recurrence and convolutions Input Output
entirely. Experiments on two machine translation tasks show these models to Embedding Embedding
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English- t T
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task, o S o
our model establishes a new single-model state-of-the-art BLEU score of 41.0 after (shifted right)
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. Figure 1: The Transformer - model architecture.

Encoding

Inputs Outputs




Add & Norm
Feed
Forward

Add & Norm
Multi-Head
Attention

Paositional e

Encoding
Input
Embedding

Inputs

Introducing the Transformer

Probabilities

Linear
Add & Norm
Feed
Forward

Add & Norm

Multi-Head
Attention

Add & Norm

Masked
Multi-Head
Attention

A‘ Positional

D t Encoding
Qutput

Embedding

Outputs
{shifted right)

Figure 1: The Transformer - model architecture.
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Encoder: Input Embedding

Add & Norm
Feed
Forward

Add & Norm
Multi-Head
Attention

b J

Input
Embedding

Inputs




Input Embedding

Original Sentence
Tokenization

Input IDs
(embedding lookup: position in the vocab -
FIXED)

Embeddings
(vector of size d
LEARNED)

=512 0r 1024 or ...

model



Encoder: Positional Encoding




Positional Encoding

Original Sentence
(tokens)

Embeddings

(vector of size d
Learned)

model

Positional Embedding

(vector of sized . =512 0r 1024 or ...

Can be Learned or Fixed)

=512 0r 1024 or ...

e.g.

PE(pos.Zi) — S'i?l(pOS/1()()002i/dnxml)
PE(pos,2i+1) = COS (1)0‘9/100002‘5/(1,,“].:])



Encoder: Multi-Head Attention




Specs for Transformer's Self-Attention

Two Additions:
V.4 )T’l- Vivi Jir2 1. Linearly parameterized
i f T Q,K,and V:




Specs for Transformer's Self-Attention

Two Additions:
i1 % ir1 Jir2 1. Linearly parameterized
Q,K,and V:

® = Wthl.
® k= Wk:rr hl.
wv=W_"h,

2. Scaling parameter for score

\

¢dp (Q7 k) — (qkt)07

where o =

Lt
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Specs for Transformer's Self-Attention

Two Additions:
1. Linearly parameterized

Q,K,and V:

® = Wthl.
@ k=W Thl.

AT
attn_head = attn (W h, W} h, W} h) = v=W'h
> 2. Scaling parameter for score

v

gk’

\
A

Yap(q, k) = (qk*)o,

where o =

attn(q, k, v) = softmax (

Lt
¢dp(q7 k) — )




Self-Attention in PyTorch

I import nn.functional as f

I class SelfAttention(nn.Module):

def init_ (self, h_dim:int):
nn.Linear(h_dim, h _dim) #1 head

self.Q = 'l.ii”dp (q)k) — (qkt)a
self.K = nn.Linear(h_dim, h_dim)
self.V = nn.Linear(h_dim, h_dim)

Linear layer:

v = self.V(hidden_states)
k = self.K(hidden_states)
g = self.Q(hidden_states)
attn_scores = torch.matmul(qg, k.T)
attn_probs = f.Softmax(attn_scores)

One set of weights
for each of K, Q,
and V

context = torch.matmul(attn_probs, v)

|
|
|
|
I
I
|
|
|
|
def forward(hidden states:torch.Tensor): | wix
|
I
I
|
|
|
|
|
|
return context I



Self-Attention in PyTorch

I import nn.functional as f
I class SelfAttention(nn.Module):

def _init_ (self, h dim:int):
nn.Linear(h_dim, h_dim) #1 head

self.Q
self.K = nn.Linear(h_dim, h_dim)
self.V = nn.Linear(h_dim, h_dim)
self.dropout = nn.dropout(p=0.1)

def forward(hidden_states:torch.Tensor):

v = self.V(hidden_states)

k = self.K(hidden_states)

g = self.Q(hidden_states)

attn_scores = torch.matmul(qg, k.T)
attn_probs = f.Softmax(attn_scores)
attn_probs = self.dropout(attn_probs)
context = torch.matmul(attn_probs, v)
return context

"l.*"',"’dp (k) = (qkt)U

Linear layer:
wix

One set of weights
for each of K, Q,
and V



Self-Attention in PyTorch

I import nn.functional as f '
I class SelfAttention(nn.Module):

def forward(h
v = self.
k = self.

q = self. L) | @N of for K,

- a) Standard Neural Net
attn_prob (»)

attn:probs = self.dropout(aztn_probs)
context = torch.matmul(attn_probs, v)
return context



Multi-headed Attention

Single-headed (standard self-attention)

Limitation (thus far): Can’t capture multiple types of dependencies between words.

| kicked the ball

Who Did what? To whom?

. .

| kicked the ball



Multi-headed Attention

Limitation (thus far): Can’t capture multiple types of dependencies between words.

Solution: Multi-head attention

| kicked the ball

[ ] {
@ OO0 @ O 0

Who ' d ' To whom?

Did what?

| kicked the ball



The Transformer: Multi-headed Attention

----------------------------------

: Scaled Dot-Product

Attention e
Linear




Transformer's Multi-headed Attention

MHALttn (h) = Concat(attn_head, (h[: d|, attn_head, (h[(d + 1) : 2d)),...,attn_head, (h[—d :])) W,

Builds on weighted, scaled dot-product d = dims/num_bhs

1. Linearly parameterized Q, K, and V:
® = Wthl.
® k= Wk:rrbz‘

»v=W, b,

z

t

attn(q, k, v) = softmax < i ) v

Vx
attn_head(h) = attn(W}h, W;h, W}h)

2. Scaling parameterf\or score
¢dp (Q7 k) — (th)()',

where o =

update "h"

it
wdp(% k) — )




Transformer's Residual Links

Q)

D
Input
Embedding

Inputs




Transformer's Residual Links

Heat matrix of attention weights from one layer (rows) to the next (cols).

without residuals with residuals




Detailed Overview of (HuggingFace) Transformer Matrices and Computation

&

positional
encoding




Detailed Overview of (HuggingFace) Transformer Matrices and Computation

positional

For K, Q, and V, these can
calculated on a per-head b
can be lumped into as few
operation for all 3 matrices




Detailed Overview of (HuggingFace) Transformer Matrices and Computation

Input embeddings [ :
(nxd) S#If Attention Mechanism

} softmax

positional
encoding

For K, Q, and V, these can be
calculated on a per-head basis or it
can be lumped into as few as 1
operation for all 3 matrices




Detailed Overview of (HuggingFace) Transformer Matrices and Computation

(n x [ah*heads]

Input embeddings [ :
(nxd) S#If Attention Mechanism

full
' softmax y

(ah*heads
xd)

positional
encoding

For K, Q, and V, these can be
calculated on a per-head basis or it
can be lumped into as few as 1
operation for all 3 matrices




Detailed Overview of (HuggingFace) Transformer Matrices and Computation

(nxn)

Input embeddings L :
(nxd) S#If Attention Mechanism

[ \ full
¢ softmax itk

(ah*heads
xd)

positional
encoding

For K, Q, and V, these can be : A _
: y Since ah*heads = d, t
calculated on a per-head basis or it :
FC layer doesn't chan

can be lumped into as few as 1
operation for all 3 matrices

dimensions




(n x ah) x heads

(nxd)

Detailed Overview of (HuggingFace) Transformer Matrices and Computation

(n x fc)

l‘t,' (n x ah) (n x [ah*heads])
T l‘j“‘ ,"'L\ “‘.
\ I .
Input embeddings ! ] ; ¥
(nxd) | Mlecharjom |
f
> ully
: @L conn.
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BERT: Pre-training of Deep Bidirectional Transformers for
Language Understanding

Jacob Devlin  Ming-We

hang Kenton Lee Kristina Toutanova

Google Al Language

Abstract

We introduce a new language representa-
tion model called BERT, which stands for
Bidirectional coder Representations from
Transformers. Unlike recent language repre-
sentation models (Peters et al., 2018a; Rad-
ford et al., 2018), BERT is designed to pre-
train deep bidirectional rep:
unlabeled text by jointly conditioning on both

ntations from

left and right context in all layers. As a re-
sult, the pre-trained BERT model can be fine-
tuned with just one additional output layer
to create state-of-the-art models for a wide

BERT is conceptually simple and empirically
powerful. It obtains new state-of-the-art re-
sults on eleven natural language processing
tasks, including pushing the GLUE score to
80.5% (7.7% point absolute improvement),
MultiNLI accuracy to 86.7% (4.6% absolute
improvement), SQuAD v1.1 question answer-
ing Test F1 to 93.2 (1.5 point absolute im-
provement) and SQUAD v2.0 Test F1 to 83.1
(5.1 point absolute improvement).

1 Introduction

Language model pre-training has been shown to
be effective for improving many natural languag
processing tasks (Dai and Le, 2015; Peters et al
2018a; Radford et al., 2018; Howard and Ruder,
2018). These include sentence-level tasks such as
natural language inference (Bowman et al., 2015;
Williams et al., 2018) and paraphrasing (Dolan
and Brockett, 2005), which aim to predict the re-
lationships between sentences by analyzing them
holistically, as well as token-level tasks such as
named entity recognition and question answering
where models are required to produce fine-grained
output at the token level (Tjong Kim Sang and
De Meulder, 2003; Rajpurkar et al., 2016).

There are two existing strategies for apply-
pre-trained language representations to down-
am tasks: feature-based and fine-tuning. The

feature-based approach, such as ELMo (Peters

et al., 2018a), uses task-specific architectures that
include the pre-trained representations as addi-
tional features. The fine-tuning approach, such as
the Generative Pre-trained Transformer (OpenAl
GPT) (Radford et al., 2018), introduces minimal
task-specific parameters, and is trained on the
downstream tasks by simply fine-tuning all pre-
trained parameters. The two approaches share the
same objective function during pre-training, where
they use unidirectional language models to learn

representations.

general lan,

We argue that current techniques restrict the
power of the pre-trained representations, espe-
cially for the fine-tuning approaches. The ma-
jor limitation is that standard language models are
unidirectional, and this limits the choice of archi-
tectures that can be used during pre-training. For
example, in OpenAl GPT, the authors use a left-to-
right architecture, where every token can only at-
tend to previous tokens in the self-
of the Transformer (Vaswani et al
strictions are sub-optimal for sentenc
and could be harmful when applying fine-
tuning based approaches to token-level tasks such
as question answering, where it is crucial to incor-
porate context from both direction

In this paper, we improve the fine-tuning based
approaches by proposing BERT: Bidirectional
Encoder Representations from Transformers.
BERT alleviates the previously mentioned unidi-
rectionality constraint by using a “masked lan-
guage model” (MLM) pre-training objective, in-
spired by the Cloze task (Taylor, . The
masked language model randomly masks some of
the tokens from the input, and the objective is to
predict the original vocabulary id of the masked

4171

Proceedings of
Minneapolis, Minnesota, June 2 - June 7, 2019.

m LMs + Vectors
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BERT Rediscovers the Classical NLP Pipeline

and Vector Semantics

'Google Research  ?Brown y W e | or consonant.
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Abstract of the network directly, to assess whether there

. : exist localizable regions associated with distinct
ed text encoders have rapidly ad-

exte otk st SR types of linguistic decisions. Such work has pro- ass_based ngram mOdE/S Of

aiks: We foeis o one sach madel. BERT. duced evidence that deep language models can en-

and aim to quantify where linguistic informa- code a range of syntactic and semantic informa-  fg tura/ /anguage

tion is captured within the network. We find tion (e.g. Shi et al., 2016; Belinkov, 2018; Ten-

that the model represents the steps of the tra- ney et al., 2019), and that more complex structures

ditional NLP pipeline in an interpretable and are represented hierarchically in the higher layers B . .
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sible for each step appear in the expected se- 2018).
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DEVOTED TO RESEARCH STUDIES IN TH

"Cloze Proce

E FIELD OF MASS COMMUNICATIONS

FALL 1953

dure": A New Tool

For Measuring Readability

BY WILSON L. TAYLOR*

Here is the first comprehensive statement of a research method
and its theory which were introduced briefly during a workshop
at the 1953 AEJ convention. Included are findings from three
pilot studies and two experiments in which “cloze procedure”
results are compared with those of two readability formulas.

Y “CLOZE PROCEDURE” IS A NEW PSY-
chological tool for measuring the effec-
tiveness of communication. The meth-
od is straightforward; the data are
easily quantifiable; the findings seem to
stand up.

At the outset, this tool was looked
on as a new approach to “readability.”
It was so used in three pilot studies and
two experiments, the main findings of
which are reported here.

*The writer is particularly obligated to Prof.
Charles E. Osgood, University of Illinois, and
Melvin R. Marks, Personnel Research Section,
A.G.0., Department of the Army, for instigating
and assisting in the series of efforts that yielded
the notion of ‘“cloze procedure.” Both are ex-
perimental psychologists. Among others who have
advised, encouraged or otherwise aided are these
of the University of Illinois: Prof. Lee J. Cron-
bach, educational psychologist and statisticlan;
Dean Wilbur Schramm, Division of Communica-
tions; Prof. Charles E. Swanson, Institute of
Communications Research, and George R. Klare,
psychologist, both of whom have authored arti-
cles on readability; and several journalism teach-
ers who lent their classes. Kalmer E. Stordahl
and Clifford M. Christensen, until recently. re-
search assoclates of the Institute, also contributed.

415

First, the results of the new method
were repeatedly shown to conform with
the results of the Flesch and Dale-Chall
devices for estimating: readability. Then
the scope broadened, and cloze proce-
dure was pitted against those standard
formulas.

If future research substantiates the
results so far, this tool seems likely to
have a variety of applications, both
theoretical and practical, in other fields
involving communication functions.

THE “CLOZE UNIT”

At the heart of the procedure is a
functional unit of measurement tenta-
tively dubbed a “cloze.” It is pro-
nounced Jike the verb “close” and is de-
rived from “closure.” The last term is
one gestalt psychology applies to the
human tendency to complete a familiar
but not-quite-finished pattern—to “see”
a broken circle as a whole one, for ex-
ample, by mentally closing up the gaps.
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Masked
Language Modeling

Task: Estimate P(w,| w ,..w, ,w,, ..w )
:P(masked word given context)
P(with | He ate the cake <M > the fork) = ?
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:P(masked word given context)
P(with | He ate the cake <M > the fork) = ?

with yummy using and by without
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Language Modeling
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Task: Estimate P(w,| w ,..w, ,w, ...w )

Masked :P(masked word given context)
P(with | He ate the cake <M> the fork) = ?

Language Modeling

Sequence Neural What is the masked
Usie, b, g, @rltey ARl ' Network gl \ord in the sequence?

the, fork)

with yummy using and by without




Transformer Language Models: Uses multiple layers of a transformer

layer k:
(used for language modeling)

layer k-1:
(taken as contextual embedding)

layers 1 to k-2:
(compose embeddings with
context)

layer 0:
(input: word-type embeddings)

sentence (sequence) input:

(Kjell, Kjell, and Schwartz, 2023)



Auto-encoder (MLM):

e Connections go both directions.
e Task is predict word in middle:
p(wil ..., pwi-2, wi-1, wi+1, wi+2...)
e Better for:
o embeddings
o fine-tuning (transfer learning)




Auto-encoder (MLM):

e Connections go both directions.
e Task is predict word in middle:
p(wil ..., pwi-2, wi-1, wi+1, wi+2...)
e Better for:
o embeddings
o fine-tuning (transfer learning)

Auto-regressor (generator):

e Connections go forward only

e Task is predict word next word:
p(wil| wi-1, wi-2, ...)

e Better for:
O generating text
o zero-shot learning
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Bert: Attention by Layers

https://colab.research.gooale.com/drive/1viOJ11hdujVifH857hvYKIdKPTD9Kid8

Layer: [2 v |Attention: |
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[SEP]
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[SEP]
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[SEP]



https://colab.research.google.com/drive/1vlOJ1lhdujVjfH857hvYKIdKPTD9Kid8

Hugging Face or AllenNLP

https://qithub.com/hugqgingface/transformers

https://docs.allennip.org/v2.10.1/api/modules/transformer/transformer module/



https://github.com/huggingface/transformers
https://docs.allennlp.org/v2.10.1/api/modules/transformer/transformer_module/

Transformer (as of 2017)

‘“WMT-2014" Data Set. BLEU scores:

EN-DE EN-FR
GNMT (orig) 24.6 39.9
ConvSeg2Seq 25.2 40.5
Transformer® 28.4 41.8




Transformers as of 2024

General Language Understanding Evaluations:

https://gluebenchmark.com/leaderboard

https://super.gluebenchmark.com/leaderboard/

ChatGPT “

ChatGPT is an artificial intelligence chatbot
developed by OpenAl and launched in
November 2022. It is built on top of OpenAl's
GPT-3.5 and GPT-4 families of large
language models and has been fine-tu...



https://gluebenchmark.com/leaderboard
https://super.gluebenchmark.com/leaderboard/

Transformers as of 2023

Machine
Translation

absolutamente
me gustaria ir
de excursion

AT

Soni, N., Matero, M.,
Balasubramanian, N., &
Schwartz, H. (2022, May).
Human Language Modeling. In
Findings of the Association for
Computational Linguistics: ACL
2022 (pp. 622-636).

L

Web Sentiment Document
Search Analysis Classification

arge Transformer Languaage Mode

Language

Assistant,
QA

(NLP System)

Microsoft

Research



BERT Performance: e.g. Question Answering

GLUE scores evolution over 2018-2019

B Single generic models == == 2018 Task-specific-SOTA == Human performance
90 f
85
80
75
70

BILSTM+ELMo GPT BERT BERT Big BigBird

https://rajpurkar.qithub.io/SQuAD-explorer/



https://rajpurkar.github.io/SQuAD-explorer/

The Transformer: Take Away

Challenges to sequential representation learning

e Capture long-distance dependencies
Self-attention treats far away words similar to those close.

® Preserving sequential distances / periodicity
Positional embeddings encode distances/periods.

e Capture multiple relationships
Multi-headed attention enables multiple compositions.

e Easy to parallelize -- don’t need sequential processing.
Entire layer can be computed at once. Is only matrix
multiplications + standardizing.



Part 3: Applying Transformer LMs

Foundational Applied

—



Applying Transformer LMs Unsupervised ML

or Similarity
Supervised ML |
Features

Foundational Applied

Pretraining Task Fine-Tuning Zero-Shot Learning
/ Direct Chat

Fine-Tuning the LM Retrieval-Augmented
(continued pretraining) Generation

Instruction Tuning Few-Shot Learning



Applying Transformer LMs Unsupervised ML
or Similarity ’t‘j” e
T ISuperwsed ML |
”i"ﬁ“ Features

Foundational Applied

Pretraining Task Fine-Tuning Zero-Shot Learning
o i kh-iﬂ / Direct Chat
AE RE8
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Applying Transformer LMs Unsupervised ML
or Similarity i

Supervised ML |
== Features :

AE

Foundational Applied

no change or history

Pretraining Task Fine-Tuning Zero-Shot Learning
4 T i mn / Direct Chat
AR AE AE BEE
iER

Fine-Tuning the LM Retrieval-Augmented
(continued pretraining) Generation

| ;] i ’Hi | I |
iER

AR
Instruction Tuning Few-Shot Learning

T rri

AR




Pretraining; FTing the LM; Instruction Tuning

softmax for LM:

layer k:
(used for language modeling)

layer k-1:
(taken as contextual embedding)

layers 1 to k-2:
(compose embeddings with
context)

layer O:
(input: word-type embeddings)

sentence (sequence) input: Large Training Corpus

(Kjell, Kjell, and Schwartz, 2023)




Pretraining; FTing the LM; Instruction Tuning

softmax for LM:

layer k:

(used for language modeling)

layer k-1:

(taken as contextual embedding)

layers 1 to k-2:
(compose embeddings with
context)

layer O:
(input: word-type embeddings)

sentence (sequence) input:

New Continued Training Corpus




Pretraining; FTing the LM; Instruction Tuning
softmax for LM:

layer k:
(used for language modeling)

layer k-1:
(taken as contextual embedding)

layers 1 to k-2:
(compose embeddings with
context)

layer O:
(input: word-type embeddings)

sentence (sequence) input: Task Prompts

e.g. What topic is this about? "Last night, the
Seawolves won the game." answer: sports
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Applying Transformer LMs Unsupervised ML
or Similarity i

Supervised ML |
== Features :

AE
Foundational Applied

Pretraining Task Fine-Tuning Zero-Shot Learning
e e = / Direct Chat
AE AE BB
Fine-Tuning the LM Retrieval-Augmented .
(continued pretraining) Generation
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AE
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Task Fine-Tuning

(used for languageTmeaeing)
layer k-1:
(taken as contextual embedding)

layers 1 to k-2:
(compose embeddings with
context)

layer O:
(input: word-type embeddings)

sentence (sequence) input: Large Training Corpus

(Kjell, Kjell, and Schwartz, 2023)




Task Fine-Tuning

classifier or regressor:
(e.g. sentiment, topic classification, etc.)

optional layer(s) for task:

layer k-1:
(taken as contextual embedding)

layers 1 to k-2:
(compose embeddings with
context)

layer O:
(input: word-type embeddings)

sentence (sequence) input: Large Training Corpus

(Kjell, Kjell, and Schwartz, 2023)
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Contextual Embeddings: for Supervised ML; for Similarity (unsup)

softmax for LM:

layer k:
(used for language modeling)

layer k-1:
(taken as contextual embedding)

layers 1 to k-2:
(compose embeddings with
context)

layer O:
(input: word-type embeddings)

sentence (sequence) input

(Kjell, Kjell, and Schwartz, 2023)




Contextual Embeddings: for Supervised ML; for Similarity (unsup)

layer k-1:
(taken as contextual embedding)

layers 1 to k-2:
(compose embeddings with
context)

layer O:
(input: word-type embeddings)

sentence (sequence) input

(Kjell, Kjell, and Schwartz, 2023)




Contextual Embeddings: for Supervised ML
- =

classifier or regressor:
(e.g. sentiment, topic classification, etc.)

- - -

linear, FFN, CNN, Random Forest,
layer(s) for task: or Any ML Model

I R T

v L LI
(taken as contextual embedding) - ___B___ - ____ .

layers 1 to k-2:
(compose embeddings with
context)

-

equivalent to task fine-tuning but with all
frozen layers

layer O:
(input: word-type embeddings)

| R T
sentence (sequence) input: Large Training Corpus

(Kjell, Kjell, and Schwartz, 2023)



Contextual Embeddings: for Similarity (unsup)

classifier or regressor:
(e.g. sentiment, topic classification, etc.)

layer(s) for task:

layer k-1:
(taken as contextual embedding)

layers 1 to k-2:
(compose embeddings with
context)

layer O:
(input: word-type embeddings)

CoFlrlson

Embedding

.-

Optlonal Aggregatlon

e

equivalent to task fine-tuning but with all
frozen layers

sentence (sequence) input: Large Training Corpus

(Kjell, Kjell, and Schwartz, 2023)
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RAG, Few-Shot, Zero-Shot Answer(s)

softmax for LM:

layer k:
(used for language modeling)

ero shot = Prompt has no examples, just
nomptingdirectly for the task, without answer:

T N

(taken as contextual embedding)

with answer, then prompting for the-task-without
answer.

layers 1 to k-2:
(compose embeddings with

context)

|
1
1
|
|
1
1
|
|
1
1
|
layer k-1: i
1
|
|
1
1
|
|
1
! RAG ="Using-other NLP techniques to-retrieve
: relevant infermation to include in the prompt

layer O:
(input: word-type embeddings)

I
I
I
I
I
I
I
I
I
I
I
I
I
I
Few:shot = Prompt has.a few examples.of the task |
I
I
I
I
I
I
I
I
I
I
I
I
]

sentence (sequence) input: Task Prompts
e.g. What topic is this about? "Last night, the

Seawolves won the game." answer: sports
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simpler version

Foundational Change

(modifies the LM weights)

@) 0

Pretraining

Fine-Tuning the LM

(continued pretraining)

Instruction Tuning

Applied

(no change to LM)

Task Fine-Tuning

Retrieval-Augmented
Generation

@)

@)

Zero-Shot Learning
/ Direct Chat

Embeddings

Few-Shot Learning



Pretraining; FTing the LM; Instruction Tuning
softmax for LM: [}

. B I BN N
were 10000
(used for language modeling) —_ , o
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Decoder: Cross Attention
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Decoder: Masked Multi-Head Attention
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