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Topics

1. Word embeddings (5 min)

. Neural Networks for NLP (feedforward) (5 min)
. Sequence Models (HMMs) (5 min)

. RNNs/LSTMs (15 min)

. Encoder/decoder models + Attention (10 min)
. Transformers (10 min)

. Pretraining (ElImo, GPT, BERT) (10 min)
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Basics: Probability

Pr[A] = P(all outcomes in A) Bayes rule:
Al =1 — Pr|B|A|Pr|A
Pr[A] = 1 — Pr[A] Pr{A|B] = [B|A|PT[A]
Pr|B]
Addition rule:
Pr|A U B| = Pr|A]| + Pr[B| — Pr[A N B] Law of total Probability:
Chain rule: Pr|B| = X.Pr|B|A;|Pr|A;]

Pr[AB] = Pr[B] Pr[A | B] £ YPr[A] = 1

For k events:
Pr[AlAz. . Ak] — PI‘[AI] Pl‘[A2 ‘Al] PI‘[A3 \AlAz] L PI‘[Ak |A1A2 . ‘Ak—l]

“vents A, B are independent if Pr|A N B] = Pr[A] - Pr|B]

Independence also implies Pr[A | B] = Pr[A] and Pr[B|A] = Pr[B] Slides from
Midterm
Review sp24



Basics: Exponents, Logs and Sums

Exponential Laws

Logarithm Laws
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Word Embeddings



Skip-gram
For each position t = 1,2,...7, predict context words within context size m, given center word

W all the parameters to
t-l

I be optimized
coO)=11 |l Pl ws6)
t=1

—m<j<m,j#0

It is equivalent to minimizing the (average) negative log likelihood:

T
1 1
J(0) = — 7 log L(0) = — > ). log P(wyj | wy;6)

t=1 —m<j<m,j#0



Skip-gram

How to define P(w,,; | w;; 6)?

- Use two sets of vectors for each word in the vocabulary

u, € R? : vector for center word a,Va € V
v, € R? : vector for context word b, Vb € V

- Use inner product u , - v, to measure how likely word a appears with context word b

CXp (uwt ' th+j) Does this term

seem familiar?
2oy EXD (uwt : Vk)

£ (Wt+j |wy) =



word2vec

1 ] CXP(Um VwH,J)
J(0) = — Z > log

i § T e ZAGV exp(Wy, - Vi)

Q: Why do we need two vectors for each word?

- Because one word is not likely to appear in its own context window, e.g., P(dog | dog)

should be low. If we use one set of vectors only, it essentially needs to minimize ugqq * Ugog

Q: Which set of vectors are used as word embeddings?

- This is an empirical question. Typically just u,, but you can also concatenate the two vectors..



Skip-gram w/ negative sampling (SGNS)

Problem: every time you get one pair of (t, c), you need to update v, with all the words in the

vocabulary! This is very expensive computationally.

ou, ovy

keV

Q=—VC+ZP(k\t)vk ; ﬂ={

(Pklt)—1)u, k=c
P(k|t) ua, k # c

Negative sampling: instead of considering all the words in V, let’s randomly sample K (5-20)

negative examples.

exp (u, - v,)

Softmax: y = — log (

K
Negative sampling: y = — log (o(u, ' Vc)) - Z

=1

PIS (- vi) )

—jNP(W) 10g (O'(—ut y V])) |

o(z)

1

" 1+ exp(—z)

0 54




Neural Networks for NLP
(feedforward)



Feed forward neural networks (FFNNs)

e The units are connected with no cycles

e The outputs from units in each layer are passed to units in the next higher layer

* No outputs are passed back to lower layers

iInput layer

hidden layer 1 hidden layer 2

Fully-connected (FC) layers:

All the units from one layer
are fully connected to
every unit of the next layer.



Feed forward neural networks (FFNNs)

Activation functions

Rel,U

sigmoid tanh (rectified linear unit)
1 e -1 f(2) = max(0, 2)
fz) = 1+e~> &) =&

3 .




Feed forward neural networks (FFNNs)

e |nput layer: x ¢ R

* Hidden layer 1:
hl — f(W(l)X = b(l)) = Rdl
W) g Rérxd pH(1) ¢ R

iInput layer

* Hidden layer 2:
h, = f(W(Q)hl - b(z)) = R

hidden layer 1 hidden layer 2

* f is applied element-wise W®) ¢ Réz2xd1 p(2) ¢ R
f([zla 22 23]) — [f(zl)a f(z2)7 f(Zg)] ® Output |ayer:

C: number of classes

— (O) (0) C xdo
d: input dimension, d,, d,: hidden dimensions y = WHhy, Wi e R



Feed forward neural networks (FFNNs)

Forward propagation:

from input to output layer  |Forward step 1: | |Forward step 2:

Compute hl(l)’ hz(l) Compute h1(2)’ h2(2) Forward step 3:
Compute yy, ¥,, y; and

(Y1, Y2, Y3] = softmax[y,, y,, y;]

Given: x{, X,, X3
and the class

(a S'nlglbee’lé'n'ng PR -
| ini | :
example) }D Forward step 4:
LT e I Ll , Compute loss
& ww w®) W(0< @ L=—-logy,
Goal: @ @ Back propagation:
oL @ Back step 2: from output to input layer
’ Back step 3: '
(1) . Compute .
oW Back step 4: | |compute 3 Lp T Al Back step 1:
oL Compute ol. oL oL Compute
: oL , ] oh@’ oh®’ oW) oL oL oL
oW ohD’ opD’” oW ! 2 » T
3L oW() 1 2 dy; 0y, 0dys
W)




Sequence Models (HMMs)



Named Entity Recognition (NERs)

- Tag each word in a sentence with its part of speech

- Disambiguation task: each word might have different functions in different
contexts

» The/DT man/NN bought/VBD a/DT boat/NN ™~ g5me word
+ The/DT old/NN man/VBP the/DT boat/NN . different tags

earnings growth took a back/JJ seat
a small building in the back/NN

a clear majority of senators back/VBP the bill
Dave began to back/VB toward the door Some words have

enable the country to buy back/RP about debt many functions!
[ was twenty-one back/RB then

JJ: adjective, NN: single or mass noun, VBP: Verb, non-3rd person singular present
VB: Verb, base form, RP: particle, RB: adverb



Hidden Markov Models (HMMs)

- Each state can take one of K values
(can assume {1, 2, ..., K} for simplicity)
- Markov assumption:
PUS, | BB o 5 5 Besi) 3 PLE| 8 1)
- A Markov chain is specified by
» |nitial probability distribution
n(s),Vs € {1,..., K}
- Transition probability matrix (K X K)




Hidden Markov Models (HMMs)

TagS @ﬁ@_’®_’. Markov assumption:
P(s,| s15...,8,_1) =~ P(s,|s,_1)
Output independence:
Words . . . . P(o,|sy,...,s) = P(o,|s,)

1. Set of states S = {1, 2, ..., K} and set of observations O = {0], o on} 0,€V

Initial state probability distribution 7(s,) P(S, O) = P(5;, 85, «..s S, 01 0, 0,)
3 9 9 oo ’ 2% X2 =N

= n(s)p(o; | Sl)HP (s; | s;_)P(0; | s,)

=2 transition  emission
probability probability

Transition probabilities P(s,. ;| s,)

=~ @

Emission probabilities P(o, | s,)

If we add a dummy state s, = @ at the beginning,

P(S,0) = | | P(s; | si.)P(o; | 5) 1ts) = Pis; | )
i=1



Hidden Markov Models (HMMs)

Maximum likelihood estimates:

1. The/DT cat/NN sat/VBD on/IN the/DT mat/NN

2. Princeton/NNP is/VBZ in/IN New/NNP Jersey/NNP Count(s., s;)
J>

3. The/DT old/NN man/VBP the/DT boat/NN P(s:|s)) =
. Count(s;)
Count(s, o
Count(s)

2(DT) = P(DT | @) = 2/3

P(NN|DT)=4/4  P(DT|IN) = 1/2 |
(assuming we

P(cat|NN) =1/4  P(the|DT) = 2/4 differentiate
cased vs
uncased words)



Decoding HMMs

Task: Find the most probable sequence of states § = s, 5,, ..., s, given the
observations O = 0,0, ...,0,
. P(O|S)P
S =argmax P(S|O0) = arg maxM [Bayes’ rule]
S S P(O)

= arg max P(O|S)P(S) [P(O) doesn’t depend on ']

How can we maximize this? = arg max I IP(O | 5;)P(s;|s;_1) [Markov assumption]
Search over all state sequences? 19299751



Decoding

Greedy search Viterbi decoding

* |dea: Decode one state at at time

Use dynamic programming!

Decoded tag—— _.@_.©_.® .. * Maintain some extra data structures
' ! ! o

Probability lattice, M|T, K| and backtracking matrix, B[7, K]
° ~+ T : Number of time steps

- K : Number of states
. Ingeneral, §, = argmax p(s | §,_)p(o, | s)

: - M][1, ] stores joint probability of most probable sequence of states ending

- Very efficient, but not guaranteed to be optimum! with state ) at time |,

 BJi,j] is the tag at time i-1 in the most probable sequence ending with tag j

3. The/DT old/NN man/VBP the/DT boat/NN . .
at time i

Refer to Precept 3 slides for a
concrete example!



Decoding

 If K (number of possible hidden
states) is too large, Viterbi is too
expensive!

- Observation: Many paths have
very low likelihood!

- Keep a fixed number of hypotheses
at each point

- Beam width = f

Pick max M|n, k] from
k

within beam and backtrack

AN



Viterbi Decoding

. Complexity: O(nK?)
» Very expensive if K is large

« Beam search: tradeoff between accuracy and efficiency

» Set K = [ fixed (beam width): only keep track a few best sequences
so far instead of exploring the entire space

» Complexity: O(nKp)



RNNs/LSTMs



Recurrent neural networks (RNNs)

- Handles variable length inputs

A function: y = RNN(X{, X,, ..., X ) € R" where x;, ..., X, € R?



Recurrent neural networks (RNNs)

A function: y = RNN(X, X,, ...,X ) € R" where x,, ...,x € R?

h, € R" is an initial state

h, = f(h,_;,x,) € R"

h, : hidden states which store information from X; to X,

Simple RNNs:

. Wh_+ Us.+ by € R* g: nonlinearity (e.g. tanh, RelLU),
t = 8 t—1 X,

We R™ UeR™ peR”

This model contains & X (h + d + 1) parameters, and
optionally h for h, (a common way is just to set h, as 0)



Recurrent neural language models (RNNLMs)

n % A A X - h
Do 7 5 P 9 h =g(Wh_,+Ux,+b)eR
w,otw, Tw, Iw, .
"o_l, "i o g | hzi | y, = softmax(W h,)
O O O O O
® 2 < = © > © > o >
O O O @) @)
bd » ® i O Training loss:
9 E LB LE o
“|8| =|8| =|3| =|8 L(O) = —;Elogy,_l(wt)
T T Tz e -
the students  opened their exams
Wy Wy Wy Wy

Trainable parameters:

0={W,Ub W, E}



Recurrent neural language models (RNNLMs)

e Forward pass + backward pass (compute gradients)
* Forward pass:

Fort=1,2,...,n
y = — log softmax(W _h,_,)(w,)

X, = e(w,)

ht — g(Wht—l i Uxt 5 & b)
1

L=L4+—y
n

/

accumulate loss



Backprop through time (BPTT)

h] — g 0 -+ UX] - b)
h2 — & 1 T UX2 -+ b)
h, = g(Wh,+Ux;+b) §; = softmax(W h,)

L; = —log y3(wy)

oL,

First, compute gradient with respect to hidden vector of last time step: —

oL, L, oh,

OW  oh, oW

More generally,

oh;

L, oh; oh, OL; oh, oh, oh,

- +
oh, oh, OW  oh, oh, oh, oW

oW~ n&&on | 21 oh | oW

If kK and t are far away, the gradients can grow/shrink exponentially
(called the gradient exploding or gradient vanishing problem)



Backprop through time (BPTT)

One solution for gradient exploding is called gradient clipping — if the norm of the
gradient is greater than some threshold, scale it down before applying SGD update.

Algorithm 1 Pseudo-code for norm clipping
A OE
AT
if ||g|| > threshold then

A threshold ~
«— -
5 gl &

end if

Intuition: take a step in the same direction but a smaller step!

Gradient vanishing is a harder problem to solve:

As the proctor started the clock, the students opened their




Backprop through time (BPTT)

e Backpropagation is very expensive if you handle long sequences

t t+ ¢t ¢t ¢t ¢t ¢+ ¢ ¢+ t ¢t t;/¢t ¢+ ¢+ ¢+ % 1

* Run forward and backward through chunks of the sequence instead of whole sequence

e (Carry hidden states forward in time forever, but only back-propagate for some smaller number of s



Recurrent neural networks (RNNs)

Multi-layer
S mEE A
O . |
RNN layer 3 o | lel e 'l @ ’l @ 1@
O @] O @) O O
e - o e g e =
. W | .
o] (o (@ o] (o] (e
RNN layer 2 : rm— : ‘ : > : ' > : > :
e @ @ @ @& ©®  The hidden states from RNN layer i
el [ P el [ @ are the inputs to RNN layer i + 1
RNN layer 1 : > : N : N : : :
tERCENCRNOR R
T T T T
the movie was terribly  exciting !

e |n practice, using 2 to 4 layers is common (usually better than 1 layer)
e Transformer networks can be up to 24 layers with lots of skip-connections



Recurrent neural networks (RNNs)

Bi-directional
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Long short term memory (LSTMs)

T

Simple RNN A A |

\I =

&)

6.

f '
LSTM A A
Two recurrent ) o
values! &)

(hidden and cell \
states)

Slides from
Precept 6, sp23



Long short term memory (LSTMs)

LSTMs Broken Down

Gates (i.e. sigmoid followed by multiplication)

e Outputs value in range (0, 1)

e |ntuitive meaning:

o Close to 0 => “forget this value”
o Close to 1 => "keep this value”

sigmoid function Exam ple:

[1, 2, 3, 4] em(X)====(Approximately)
[0, 1, 3, 4]

0

-2 0 . 10

-10, 0, 5, 10]




Long short term memory (LSTMs)

Suppose we are predicting the sentence “Jon is a boy. Sally is a girl.”

Step 1 (Forget gate): Discard information.
“Given the current input and the previous hidden state, how much should | discard from uie cen swae r

f’T f{ —e 3 (VV/ . []L/__l : .’I;'f,] -+ I)f)

O

he—1 '
At

e.g. When | see the word “Sally”, | may want to discard existing information associated with the gender of the subject in the
cell state (which may be carried over from the first half of the sentence)




Long short term memory (LSTMs)

Suppose we are predicting the sentence “Jon is a boy. Sally is a girl.”

Step 2 (Input gate): Add new information.
“Given the current input and the previous hidden state, what should | add to the cell state?”

1{ — O (‘,"'l : [h'{.— 1 "I".f.] 5 b'i)
Cy = tanh(We - |hy—1, 2] + be)

e.g. When | see the word "“Sally”, | may want to add information to the cell state indicating that the subject is female



Long short term memory (LSTMs)

Suppose we are predicting the sentence “Jon is a boy. Sally is a girl.”

Step 3 (Output gate): Compute the output.
“Given the current input, previous hidden state, and updated cell state, what should | output?”

op =0 (W, [hi—1,2¢] + b)

h; = oy * tanh (C})

e.g. Predicting the word “girl” given that your cell state should contain gender information from when it saw Sally



Bi-Directional LMs



Autoregressive / left-to-right Bidirectional

Self-Attention Self-Attention

Layer Layer
computation for input x,, ..., X3 blind to x, and x computation for input xy, ..., X3 sees x, and X
Y5 Is embedding for input xy, ..., Xs Y., ...,¥s s embedding for input x, ..., Xs

Ys is a ‘left-contextual embedding” y; are bidirectional "contextual embeddings”



maxgupta
Highlight

maxgupta
Highlight


Reading Bidirectionally

hi by hy o hy
<IN NN
I—Iiddeﬂlayer O O O O
O O O O
O O O O

rr 1t

Input layer



Reading Bidirectionally

hi by hy o hy
<IN NN
I—Iiddeﬂlayer O O O O
O O O O
O O O O

rr 1t

Input layer




Reading Bidirectionally

hR O hR LR LR
Concatenate the hidden layers : 8 2 3 4
L L L L
hl O h2 h3 h4
R

ht ht ht h-
5 | 5 | 5 | 5
Hidden layer O O o o
O O O O
O O O O

rr 1t

0000
0000

O
O
O
hR

hi

Input layer




Reading Bidirectionally

Output layer

9—

hy' h;
Concatenate the hidden layers

ht ht o

1 3 |O

Hidden layer |_> _’ 8 _> 8
O O
O O
Input layer x1 x2 X3 Xy



Bi-directional LMs

Strengths

» Usually performs at least as well as uni-directional RNNs/LSTMs

» More encompassing (left & right) contextualized embeddings

Weaknesses

» Slower to train
» Only possible if access to full data is allowed

» Less suitable for (autoregressive) language generation






ELMo

General |dea:
* (Goalistoobtain highly rich embeddings for each word (unique type)

* Use both directions of context (bi-directional), with increasing abstractions

(stacked)

* Linearly combine all abstract representations (hidden layers) and optimize w.r.t. a

particular task (e.g., sentiment classification)

ELMo Slides: https://www.slideshare.net/shuntaroy/a-review-of-deep-contextualized-word-representations-peters-2018



https://www.slideshare.net/shuntaroy/a-review-of-deep-contextualized-word-representations-peters-2018

ELMo

Forward Language Model Backward Language Model
LSTM
Layer #2
e o
LSTM 0
Layer #11 w
Embedding

Illustration: http://jalammar.github.io/illustrated-bert/



http://jalammar.github.io/illustrated-bert/

Embedding of “stick” in “Let’s stick to” - Step #2

1- Concatenate hidden layers Forward Language Model Backward Language Moaqe!

6'

[TTTT1] T
2- Multiply each vector by
a weight based on the task

I ¢ S 1
BT T T x s

S S S S S T I

3- Sum the (now weighted)
vectors

ELMo embedding of “stick” for this task in this context

lllustration: http://jalammar.github.io/illustrated-bert/



http://jalammar.github.io/illustrated-bert/

Transformer Architecture

I Output
Probabilities

Add & Norm

Feed
Forward

Add & Norm
Ladd & o Multi-Head
Feed Attention

Forward T 7 Nx
Encoder \ . —] m%: T Decoder

Add & Norm Masked

Multi-Head Multi-Head
Attention Attention
A y) A g
] J " L —)
Positional ® I @ Positional
Encoding Encoding
Input QOutput
Embedding I Embedding
Inputs I Outputs
7 (shifted right)
Source | Taré\et Sequence (i.e. current

Sequence Input progress generating words)



Transformer Encoder

Output
Probabilities

Add & Norm
Feed
Forward

Add & Norm

Add & Norm Mufti-Head )
Feed Attention
Forward Nx
Nix Add & Norm
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
A ) A 7S
\_ J . —)
Positional ® @ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)
Source
sequence

(X5 .ry X))



Transformer Encoder: Positional + Word Embedding

Input and Positional Embedding

EMBEDDING
WITH TIME ‘
SIGNAL  xi[ |

[ [
POSITIONAL ] W[ T « I

EMBEDDINGS  x¢ [ [ [ | ][] [ [T 1]

INPUT Je suis étudiant

Embedded source sequence Positional
Encoding e D

nx d1
R Input
Embedding

Inputs

Source
sequence

(Xg5 oo X)



Transformer Encoder: Multi-Head Self Attention

Self-Attention: /@ ¢ Réixda K ¢ Rérxde WV ¢ RAxdv

Step 1: Step 2:
wae Q Q T
B [ -
X
: softmax
B - - [ Ji
After Multi-Head Attenti uft-Hea
er Multi e:qu ention m
o ) = =
Embedded source sequence Positional ®
Encoding
RnXdl Input
Embedding . .
MultiHead Attention: o c gaxd
Inputs
MultiHead(Q, K, V) = Concat (heady, ..., heady,) W
Source head; = Attention(XW2, XWX XWY)
sequence
(Xg5 oo X)




Transformer Encoder: Multi-Head Self Attention

Self-Attention: /@ ¢ Réixda K ¢ Rérxde WV ¢ RAxdv

Step 1: Step 2:
X wea Q Q T
HE - - HH
X
. softmax
In practice, d,=d, B - - BR Jas
After Multi-Head Attention I Mult-Head I X
R H s \ ) . B “Self’ attention means Q, K, V are
Embedded source sequence Positional & all Compmed from a Smgle
nxdy Encoding sequence
R Input
Embedding . .
MultiHead Attention: o c gaxd
Inputs
MultiHead(Q, K, V) = Concat (heady, ..., heady,) W
Source head; = Attention(XW<, XWX, XW))
sequence

(Xg5 oo X)



Transformer Encoder: Add & Norm

Add & Norm:

LayerNorm(z + Sublayer(z))

After Add & Norm
RTL Xdl

i LayerNorm
After Multi-Head Attention Mult-Head
RnXdl Attention
z — E[z]

Embedded source sequence Positional o) Y =
v/ Var|z] + €

7+ p

Encoding

nx d1
R Input
Embedding

Inputs

Source
sequence

(x1, ...,xn)



Layer normalization

» The layer-normalization function LayerNorm: R — R s included for training
efficiency and defined as:

X — u(X
LayerNorm(x)(“F) = ~(66) o X — p(x) 1 Bk
a(x)
where:
: ( ) =g Z, 1 X is the mean of the values in the embedding,

\/ Z, 1(X; — p1(x))? + € is the standard deviation with a small constant ¢ > 0
for numerlcal stablllty,
- AR 3K e RIM gre learned parameters (scale and shift), one for each layer ¢ and
occurrence Kk of the layer-normalization operation in the transformer block, and
- @ denotes elementwise multiplication.



Transformer Encoder: Feed Forward

Feed Forward

After Feed Forward FFN(XZ) - RGLU(X1W1 + bl)W2 g b2
Rnxdl
AfterAdd&ggirgl W, ¢ Rdxdff’bl c Rdj-f

Nx

After Multi-Head Attention
Rn Xd1

Multi-Head
Attention

W, € RdffXd,bg = R

Embedded source sequence Positional ®
Encoding

R E?:' Compute transformation over each value in the
Embedding

sequence independently

Inputs

Source
sequence

(x1, ...,xn)



Transformer Encoder: Final Add & Norm

After Final Add & Norm

Rxd: Add & Norm:
After Feed Forward LayerNorm(z + Sublayer(z))
Rnxdl
After Add & Norm
Rnxdl
Nx LayerNorm
After Multi-Head Attention Mult-Head
RnXdl Attention
— X — E[CE] n 5
Embedded source sequence Positional ® Y = * oy
Rnxd1 Encoding ‘j?u:' \/Va.r[:l:] 1 g
Embedding
Inputs
Source
sequence

(Xg5 oo X)



Transformer Decoder:

Embedded target sequence SR Positional
Rmxdl t Encoding

QOutput

Embedding

Outputs
(shifted right)

Target sequence
(<bos>, x, ..., X )

Output and Positional Embedding

EMBEDDING
WITH TIME
SIGNAL

POSITIONAL
ENCODING

EMBEDDINGS

x [T 1]
L[]
x [T T]

e[ T 1]

X3 *]ﬁili



Transformer Decoder: Masked Multi-Head Attention

Masked Self-Attention: W,° € RT >4 Wk ¢ Rérxde 1V ¢ Rixds

Mgsked
Masked Multi-Head Attention il
Rm X d1 L_}

Embedded target sequence @ Positional

mxd; Encoding
R “ Output
| Embedding J
Outputs
(shifted right)
Target sequence
(<bos>, x, ..., X )

Step 1: Step 2:

X wa Q
S - - BE Q

X

X

B - - EE

X wv ' \/a
B - - [
Step 3: v

softmax( . )

MultiHead Attention: W° eR™"
MultiHead(Q, K, V) = Concat(heads, ..., head,, ) W©°
head; = Attention(XW®, XWX, XWV)

Elementwise Multiply by
Mask

(equivalent to setting
masked indices to -«)

0] 1.:

11




Transformer Decoder:

Add & Norm:
LayerNorm(z + Sublayer(z))

After Add & Norm

Rmd: LayerNorm
Masked Multi-Head Attention il
Rmxd] At
z — E[z]
Embedded target sequence @ Positional Yy = * + /B
w Encodi
Rm 4 Output = \/V&I' [w] + €
| Embedding |
Outputs
(shifted right)

Target sequence
(<bos>, x, ..., X )



Transformer Decoder: Multi-Head (Cross) Attention

Masked Multi-Head Attention
Rmxdl

After Add & Norm
Rde1

Masked Multi-Head Attention
Rdel

Embedded target sequence
Rdel

Multi-Head

Attention
Nx

Add & Norm

Masked
Multi-Head
Attention

—t

)

Positional
G_

Encoding
Output
Embedding

Outputs
(shifted right)

Target sequence
(<bos>, x, ..., X )

Cross-Attention: 79 ¢ R4 x4 WK ¢ Rixdr 7V ¢ R xdv

Step 1: Step 2:
X wa Q Q T
B - -
X softmax ( )
’ “Cross” attention means

Q, K, V are computed
from separate sequences

MultiHead Attention: o o gixa

MultiHead(Q, K, V) = Concat (heady, ..., heady,)W©°
head; = Attention(X LVLQ ,XWE XwY)



Transformer Decoder: Multi-Head (Cross) Attention

Cross-Attention: ¢ ¢ R4 *da WK ¢ Rdixde jyV ¢ Rdrxdv

Masked Multi-Head Attention
Rmxd]

After Add & Norm
Rmxdl

Masked Multi-Head Attention
Rdel

Embedded target sequence
Rdel

Step 1: Step 2:
Decoder X wa Q Q T
state
TR - B
X
iy - softmax
Nx
i B - - BE vV
k
Masked Encoder
M/_L\Jtltt;:?s: state X B ., .
T === . HE Cross” attention means
— o Q, K, V are computed
Positional
@) Encoding Eﬁoder from separate sequences
Err%gggitng state .
MultiHead Attention: o c gaxd
Qutpu.ts
(biect ngt) MultiHead(Q, K, V) = Concat (heady, ..., heady,)W©°

Target sequence
(<bos>, x, ..., X )

head; = Attention(X W, iQ, XWE XwY)



Transformer Decoder: Add & Norm

Add & Norm:

Add & Norm
mxd
R* | T LayerNorm(z + Sublayer(x))
Masked Multi-Head Attention e
R
17 7 Nx
After Add & Norm
Rm*d: LayerNorm
Masked Multi-Head Attention et
R™*d1 O, Y
L= z—Ez
Embedded target sequence @ Positional Yy = * + /B
Encodi
Rdel ‘j}g ncoding \/Var [m] + €
Embedding

Outputs
(shifted right)

Target sequence
(<bos>, x, ..., X )



Transformer Decoder: Feed Forward

Feed Forward
Rmxdl

Add & Norm
Rmxdl

Masked Multi-Head Attention
Rmxdl

After Add & Norm
Rde1

Masked Multi-Head Attention
Rmxd]

Embedded target sequence
Rmxd]

Feed
Forward
Add & Norm

Multi-Head
Attention

Nx

Add & Norm

Masked
Multi-Head
Attention

At
)
@ Positional

Encoding
Output
Embedding

Outputs
(shifted right)

Target sequence
(<bos>, x, ..., X )

Feed Forward

FFN(XZ) = ReLU(xiwl + b1)W2 -+ b2
W, € Rddef,bl < R%s s
W, € RdffXd,bQ c Rd



Transformer Decoder: Add & Norm

Add & Norm
Rmxdl

Feed Forward
Rmxd]

Add & Norm
Rmxd]

Masked Multi-Head Attention
Rmxdl

After Add & Norm
Rde1

Masked Multi-Head Attention
Rmxd]

Embedded target sequence
Rdel

Add & Norm
Feed
Forward
Add & Norm

Multi-Head
Attention

Add & Norm

Masked
Multi-Head

Attention

—t

G_

QOutput
Embedding

Outputs
(shifted right)

— )

Nx

Positional
Encoding

Target sequence

(<bos>, x., .

..,xm)

Add & Norm:

LayerNorm(z + Sublayer(z))

LayerNorm

z — E[z]

v v/ Var(z] + €

v+ B




Transformer: Final output

Output
Probabilities

softmax(W h;)

Add & Norm
Feed
Forward
Add & Norm
@ L) Mult-Head
Feed Attention
Forward Nx
N | Add & Norm
* | —~{(Add & Norm ] Masked
Multi-Head Multi-Head
Attention Attention
L
S 7 —
Positional D @ Positional
Encoding Encoding
Input QOutput
Embedding Embedding
Inputs Outputs

(shifted right)

Compute transformation over
concatenated states



Unembedding and token predictions

» Model predictions for position i are derived by applying the model’s unembedding
matrix U € R™:9M to XE”L) (final layer embedding at position /) to obtain a vector
of output logits logits;(t) € R™:

logits;(t) = U x{")

» Logits are transformed into probabilities using softmax:

exp (logits;(t)ind(s))

>- 1y exp (logits;(t);)

- (autoregressive) next-token prediction models predict the next token at j + 1
- (masked) missing-token prediction models (may) predict the the current token at i




Transformers as Updated Residual Streams

) sequence of additive updates

» old info often more important than new info logits
T
» same function for each token at each layer U"e”jb;d
- only attention module assesses info “laterally” T
(&) Li+2
» final unembedding applicable to each MLP TN
iIntermediate processing stage t ;
« early-decoding / logit lense ® zif1
ho| | b
» ~ ‘internal memory during processing’ .t t |
* a bit like human working memory fil?o
- but "lateral access” to WM @ previous stages ermbed
- “memory of working memory” :
tokens

The final logits are produced by applying the the unembedding.
T(t) — WUiL’_l

An MLP layer, m, is run and added to the residual stream.

Ti+2 — Tj+1 m(ivz'+1)

Each attention head, h, is run and added to the residual stream.

Tit1 = T + ZheH.h(sz‘)

Token embedding.
Ly = WEt

) processing stages similar to human
orocessing in time?
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https://transformer-circuits.pub/2021/framework/index.html

BERT (Devlin et al., 2019)

- Bidirectional Encoder Representations from Transformers
- Key idea: Use a transformer to leverage bidirectional context

- Two objectives/loss optimization
Masked language modeling (MLM)
Next sentence prediction (NSP)

- Impact: one of the first works in NLP showing strong performance using a
pre-trained transformer
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BERT Pre-training

1 - Semi-supervised training on large amounts We first pre-train the model on a lot of
of text (books, wikipedia..etc). . e
data to learn basic language abilities.

The model is trained on a certain task that enables it to grasp
patterns in language. By the end of the training process,

BERT has language-processing abilities capable of empowering
many models we later need to build and train in a supervised way.

Semi-supervised Learning Step

pomn mmmm s m— — m— m— —

[
I Model:
I
I

N\

C— BERT |

I Dataset: ;
Wlbi('liPEDlA I
| Die freie Enzyblopidie
Objective: Predict the maskgd word l
(langauge modeling)
N\ .

[from Alammar, The lllustrated BERT, http://jalammar.github.io/illustrated-bert/]
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BERT Pre-training

BERT Model Sizes

Key design choice: use a bidirectional Transformer encoder instead of a BERT-Base BERT-Large
left-to-right decoder. Layers 12 24
Why can't we just train a bidirectional LM? Middetishe 768 1024
A standard LM predicts the next token, so it can't look right. BERT's
solution: predict randomly masked tokens using both left and right Attn heads 12 16
context.
Parameters 110M 340M
= Masked LM (MLM): mask 15% of tokens; predict them from
bidirectional context =
80% — [MASK], 10% — random token, 10% — unchanged
Corpus Wikipedia (2.5B) + BooksCorpus (0.8B)

= Next Sentence Prediction (NSP): predict if sentence B follows sentence

A

Max seq len 512 wordpiece tokens

Later ablations (Liu et al., 2019) show NSP often doesn't help — removed in

RoBERTa

Vocab size 30,000 wordpieces

Training 1M steps, batch 128K

Devlin et al., "BERT: Pre-training of Deep Bidirectional Transformers,' NAACL 2019 | Released Oct 2018
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Masked Language Modeling (MLM)

Learn to recover a masked

word using the context

Use the output of the L0 | aravark

masked word’s position
to predict the masked word

Possible classes:
All English words 10%  Improvisation

0% | Zyzzyva

[ FFNN + Softmax ]

BERT

Randomly mask oo

15% of tokens
[CLS] Lets stic [MASK]

Input

[CLS]

[from Alammar, The Illustrated BERT, http://jalammar.github.io/illustrated-bert/]
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MLM- The 80-10-10 Strategy

Of the 15% selected tokens, the corruption applied varies:

% Action Why?
80% Replace with Forces model to infer from
[MASK] context
10% Replace with Prevents over-reliance on
random token [MASK]; model must check all

positions

10% Keep unchanged Biases representation toward
the true token

Train/inference mismatch: [MASK] tokens never appear at
fine-tuning time. The 10/10 mix closes this gap — the model
learns that any position may need correction, not just
[MASK] positions.

Original sentence:

[CLS] the man went to the store [SEP]

After 80/10/10 corruption:

the man to the [runn'ing ][ [SEP] ]

"went" = [MASK] (80%)

"store" = "running" (10%, random word)

Loss computed only at masked positions.

predict: [ "went" ] and [ "store" ]
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Next Sentence Prediction (NSP)

Later works showed that this doesn’t

always help (Liu et al., 2019)!

Predict likelihood
that sentence B
belongs after

1% | IsNext

99%  NotNext

sentence A
[ FFNN + Softmax ]
LR
BERT
Tokenized eoe
Input [CLS] [MASK]
mpUt [CLS] in [MASK] ¢ [MASK]
’ Sentence A ' ' Sentence B

[from Alammar, The Illustrated BERT, http://jalammar.github.io/illustrated-bert/]
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How to use BERT? Fine-tuning

Sentence Classification
(e.g., sentiment, NLI)

Input: [CLS] sentence [SEP]

!

[ BERT encoder

1 hicLs)

Linear: W, e R C*h

!

[ softmax — class label

Token Classification
(e.g., NER, POS tagging)

Input: [CLS] w, ... wn [SEP]

!

[ BERT encoder

All parameters updated. Both the
original BERT weights and the new
task head are trained jointly on
labeled data:

P(y=k) = softmax(Wo-h(cLs))

Vvh ..h,

Linear per token: W, e
rCxh

!

[ label per token (B-PER, O,
)

Why does this work? BERT's pre-
training builds rich contextual
representations. Fine-tuning just
teaches the model which aspects of
those representations are relevant
for the task — requires very little
labeled data.

"Pretrain once,
fine-tune many times."
— A single task head is
added on top of the
frozen-then-updated
BERT encoder.
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