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Chatbots like ChatGPT rely on LLMs

Q

Research  Products  Safety  Company

@ openal

ChatGPT

Overview  Team  Enterprise  Education  Pricing

ChatGPT

Get answers. Find inspiration.
Be more productive.

Free to use. Easy to try. Just ask and ChatGPT can
help with writing, learning, brainstorming, and more.

<D

Help me stuc

Give me ideas for what to do with my kids'
entrance exz

Improve my essay writing ask me to outline Tell me a fun fact about the Roman Empire Write a text inviting my neighbors toa
barbecue 7 art»

Write a text asking a friend to be my plus-
my thoughts

one atawedding 7
Give me ideas about how to pla

Plan a'mental health day' to help me relax »
Years resolutions 7

Create amorning routine to boost my

Create a personal webpage for me after
productivity »

Write a Python script to automate sending
‘asking me three questions 7

eacharter tostartafilm club »
daily email reports »

Make up a story about Sharky, a tooth- Explain nostalg

Design a programming game teach basics in
brushing shark superhero 2

Quiz me on world capitals to enhance my

geography skills 7 afunway »

Make a sandwich using ingredients from my

Suggest fun activities to help me make
kitchen »

friends in a new city »
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Tona
Language Modeling

p(z|START) p(x|START D)p(x| - - - went) p(z|---to) p(x|---the) p(z|---park) p(xz|START I went to the park.)

The 3% think 11 % to 35 % the 29 % [ | bathroom 3 % and 14 % I 21 %
When 2,5% was 5% back 8 % a 9% doctor 2% with 9 It 6
They 2% went 2% into 5% see 5% hospital 2 % , 8 % The 3%
.. am 1% through 4 % my 3% store 1,5% to 7% There 3%
| 1% will 1% out 3% bed 2%
. like 0,5 % on 2% school 1% park 0,5 % . 6 % STOP 1%
Banana 0,1 % .. %

How to model this?

aivancity
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o
vO: sliding window

e Sliding window of size N, like CBOW or n-grams:
(N — 1)th-order Markov assumption (prediction only depends on N-1 last)

Paul Lerner — November 2025 (Bengio et a|_’ 2000) alvanc lty
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p(z|the park.)

p(z|I went to)

p(x|START I went) Perceptron

Perceptron




s
vl: Recurrent Neural Networks (RNN)

One RNN is applied recursively to the sequence

Inputs: previous hidden state h_t-1, observation x_t

Outputs: next hidden state h_t, (optionally) output y_t

Memory about history is passed through hidden states

p(z|START) p(x|START I) - p(x|START I went to the park.)

RN -

Paul Lerner — November 2025 aivanc ilvy
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v1l: Recurrent Neural Networks

p(z|START 1)

p(z|START)

ho

Embedding

Paul Lerner — November 2025

Variables:

Zt: input (embedding) vector
Yt: output vector (logits)

Dt: probability over tokens
hi-1: previous hidden vector
ht: next hidden vector

Oh: activation function for
hidden state

Ty: output activation function
Equations:
hy == o, (Whay + Uphi—1 + by)
oy(Wyht + by)

exp(yr,)
i exp(ue,)

Yt -

P, =

(RNN)

avancity
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L paria ]
Generation as a Sequence of Classifications

2. Run model on (batch of) x's from
data D to get probability
distributions.

3. Calculate loss compared to true
0] Y's (Cross Entropy Loss)

SiciciE:

- o~ oo

Y Yr

N ot

Ler(y, ) Zy log(#:)

J——
a-u-B-B-B-B-B-

Paul Lerner — November 2025 alvanc lty
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N
Teacher Forcing

The 3% think 11 % to 35 % the 29 % [ | bathroom 3 % and 14 % I 21 %
When 2,5% was 5% back 8 % a 9% doctor 2% with 9 It 6
They 2% went 2% into 5% see 5% hospital 2 % , 8 % The 3%
.. am 1% through 4 % my 3% store 1,5% to 7% There 3%
I 1% will 1% out 3% bed 2%
like 0,5 % on 2% school 1% park 0,5 % 6 % STOP 1%
Banana 0,1 % .. %

Paul Lerner — November 2025
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Train-test mismatch: exposure bias

The 3 % think 11 % the 29 % [ | bathroom 3 % and 14 % I 21 %
When 2,5% was 5% a 9% with 9 It 6
They 2% went 2% see 5% , 8 % The 3%
am 1% my 3% to 7% There 3%
I 1% will 1% bed 2%
like 0,5 % school 1% 6 % STOP 1%
Banana 0,1 %

Paul Lerner — November 2025
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e
Train-test mismatch: exposure bias

The 3 % man 11 % to 35 % the 29 % . . . . ..
’ ° e Keep in mind: with RNN its trivial to
When 2,5% was 5% back 8 % a 9% . . .
. train the model with its own
They 2 % went 2% into 5% see 5% t_ ) t d ft h f .
T | fren A w80 generation instead of teacher forcing
! Tl wn 1% out 3% ] bed 2% e reduces exposure bias
like 0,5 % on 2% school 1%
Banana 0,1 % .. %

awvancity
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s
RNN limit 1: vanishing gradients

e What word is likely to come next for this sequence?

Anne said, “Hi! My name is

p(z|START Anne said, “Hi! My name is)

e Need relevant information to flow across many time steps

e When we backpropagate, we want to allow the relevant information to flow

Paul Lerner — November 2025 aivanc il«y
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o
RNN limit 1: vanishing gradients

p(z|START Anne said, “Hi! My name is) =g

5 = 0L

\8_:&

Backprop steps
5h8 = (5QW5 ® O'Iy(Wyhg —+ by)

(5;“ = 5ht+1UIT ® U;;(Whl't+1 + Uphy + bh) oiee (5h7 = 5thiT ® O';L(thg + Uphy + bh)

However, when we backprop, it involves
multiplying a chain of computations from If any of the terms are close to zero, the
time to tfpe t7 whole gradient goes to zero (vanishes!)

Paul Lerner — November 2025 aivanc il«y
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RNN limit 1: vanishing gradients

5ht = 5ht+1 (]],";[1 ®.(tht—|—l -+ Uhh’t -+ bh)

If any of the terms are close to zero, the
whole gradient goes to zero (vanishes!)

This happens often for many activation
functions... the gradient is close to zero
when outputs get very large or small

The more time steps back, the more
chances for a vanishing gradient

Paul Lerner — November 2025
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s
vl.1l: Long-Short Term Memory (LSTM)

® ® &
| |

'
4 h 4 N
—»>— @ —>
Gnb>
A (Mag A
(o] [fnh] [0]
B —>
- 4 >

Neural Network Pointwise  Vector o ionate

Paul Lerner — November 2025 (Hochreiter & Schmidhuber, 1997) awvaince l[y y
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vl.1l: Long-Short Term Memory (LSTM)

Write some new cell content |

Forget some
cell content

Compute the
forget gate

Compute the
input gate

T/ The + sign is the secret!

®

g = softmax(Uh + by) € RV

> C

Output some cell content
to the hidden state

—p h

@ Compute the
new cell content

Compute the
output gate

]

Neural Network
Layer

o

Pointwise
Operation

—_ > <]

Vector
Transfer

Concatenate Copy

Paul Lerner — November 2025

(Hochreiter & Schmidhuber, 1997)
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vl.1l: Long-Short Term Memory (LSTM)

Cell state (long-term memory): allows information to
flow with only small, linear interactions (good for
gradients!)

ey ﬁ

®
ﬁ+)

3 O — > <

Neural Network Pointwise Vector

Layer Operation Transfer Concatenate Copy

fe=04(Wysxy + Ushy—1 + by)
it = og(Wize + Uihe—1 + b;)
or = 0g(Wozy + Ughi—1 + bo)
¢ = o0c(Wexy + Uchi—1 + be)
ct=ftOci_1+1i: Oct

hy = 0, ® on(cy)

z; € R?: input vector to the LSTM unit

f: € (0,1)": forget gate’s activation vector

i; € (0,1)": input/update gate’s activation vector
o € (0,1)": output gate’s activation vector

hs € (—1,1)": hidden state vector also known as output
vector of the LSTM unit

& € (—1,1)": cell input activation vector

¢; € R™: cell state vector

Paul Lerner — November 2025 (Hochreiter & Schmidhuber, 1997) awvaince l[y
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vl.1l: Long-Short Term Memory (LSTM)

Input Gate Layer: Decide what information to “forget”

fe

Tt

Paul Lerner — November 2025 (Gers et a|_’ 2000)

fo = 0g(Wyms + Ught 1 4 by)
it = 0g(Wizy + Uihs—1 + b;)
o = 0g(Woxt + Uoht—1 + o)
¢ = oc(Wexy + Uchs—1 + be)
¢t =ftOc—1+it O

hy = ot © on(ce)

z; € R%: input vector to the LSTM unit

fr € (0,1)": forget gate’s activation vector

iz € (0,1)": input/update gate’s activation vector
o; € (0, l)h: output gate’s activation vector

hy € (—1, l)h : hidden state vector also known as output
vector of the LSTM unit

& € (—1,1)": cell input activation vector

¢ € R": cell state vector

atvancuy
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s
vl.1l: Long-Short Term Memory (LSTM)

- - - - fi=0(Wysxy +Ushi_1 + by)
Candidate state values: Extract candidate information iy = 0g(Wiwy + Uihe_1 + b;)

to put into the cell vector: "remember" 01 = 0g(Womy + Uoht—1 + b,)
¢ = oc(Wexy + Uchi—q + be)
ct=ftOci—1+1it OC
hy = oy © op(ce)

z; € R%: input vector to the LSTM unit

fr € (0,1)": forget gate’s activation vector

iy € (0,1)": input/update gate’s activation vector
it

c ot € (0, 1)h: output gate’s activation vector
t
hs € (—1,1)": hidden state vector also known as output

hi—1 vector of the LSTM unit
& € (—1,1)": cell input activation vector
7 ¢t € R cell state vector

Paul Lerner — November 2025 aivanc ity
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vl.1l: Long-Short Term Memory (LSTM)

Update cell: “Forget” the information we decided to
forget and update with new candidate information

Ci_1

=
q
i9)

Paul Lerner — November 2025

If f_tis:

e High: we
remember
more
previous
info

e Low: we
“forget”
more info

fe=o0g(Wszi +Uphi—1 + by)
it = og(Wizy + Ushi—1 + b;)
oy = 0g(Woxs + Ushy—1 + bo) e High: we
¢ = oc(Wezy + Ushi_1 + b,) add more
ct=fr ®ci_1 +1: © & new info
ht = 0s ©® op(ct)

Ifi_tis:

e Low: we
add less

z: € R%: input vector to the LSTM unit new info

f: € (0,1)": forget gate’s activation vector

i; € (0,1)": input/update gate’s activation vector

ot € (0, l)h: output gate’s activation vector

hs € (—1,1)": hidden state vector also known as output

vector of the LSTM unit

& € (—1,1)": cell input activation vector

¢ € R™: cell state vector

aivancity
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vl.1l: Long-Short Term Memory (LSTM)

fi = Ug(Wf.’Et + Ufht_l + bf)

Output/Short-term Memory (as in RNN): ir = og(Wixe + Uihy—1 + b;)
Pass information onto the next state/for use in output 01 = 0g(Wots + Ushy_1 + by)

(e.g., probabilities)

ht—1

ét == O—C(cht + Ucht—l + bc)
ct=ftOci—1+1% OC¢

he A hy = 0 © op(cy)
z; € R%: input vector to the LSTM unit
f: € (0,1)": forget gate’s activation vector
@nid iy € (0,1)": input/update gate’s activation vector
. & o; € (0,1)": output gate’s activation vector
O | hy hi € (—1,1)": hidden state vector also known as output

vector of the LSTM unit

I

Paul Lerner — November 2025

¢ € (—=1,1)": cell input activation vector
ct € R”: cell state vector
® @ e
awancuy
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LSTM for Machine Translation

| Type

Sentence

Our model

Ulrich UNK , membre du conseil d’ administration du constructeur automobile Audi ,
affirme qu’ il s” agit d’ une pratique courante depuis des années pour que les téléphones
portables puissent étre collectés avant les réunions du conseil d” administration afin qu’ ils
ne soient pas utilisés comme appareils d’ écoute a distance .

Truth

Ulrich Hackenberg , membre du conseil d” administration du constructeur automobile Audi ,
déclare que la collecte des téléphones portables avant les réunions du conseil , afin qu’ ils

ne puissent pas étre utilis€s comme appareils d’ écoute a distance , est une pratique courante
depuis des années .

Our model

“Les téléphones cellulaires , qui sont vraiment une question , non seulement parce qu’ ils
pourraient potentiellement causer des interférences avec les appareils de navigation , mais
nous savons , selon la FCC, qu’ ils pourraient interférer avec les tours de téléphone cellulaire
lorsqu’ ils sont dans 1" air ” , dit UNK .

Truth

“Les téléphones portables sont véritablement un probleme , non seulement parce qu’ ils
pourraient éventuellement créer des interférences avec les instruments de navigation , mais
parce que nous savons , d” apres la FCC , qu’ ils pourraient perturber les antennes-relais de
téléphonie mobile s’ ils sont utilisés a bord ”, a déclaré Rosenker .

Paul Lerner — November 2025

Sutskever et al. (2014)

aivancity
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L paria ]
Gated Recurrent Units (GRU)

hy
hii \L ze =0 (W, - [hi—1, 7))
ry = U(Wr : [ht—laﬂft])

r 2t ht ~
ol ol = hy = tanh (W - [ry % hy_1, 2¢])
) ht:(l—zt)*ht_1+2t*ht
Tt
Paul Lerner — November 2025 Cho et al. (2014) aivaHCily 29

https://colah.qgithub.io/posts/2015-08-Understanding-LSTMs/



https://colah.github.io/posts/2015-08-Understanding-LSTMs/

<
RNN limit 2: Linear Interaction Distance

RNNs are unrolled left-to-right.
Linear locality is a useful heuristic: nearby
words often affect each other’s meaning!

Steve  Jobs

0(sequence length)

Better with LSTM then RNN, but still:

o Failing to capture long-term - co0—
dependencies = = = = =:=
000 —>
o Vanishing gradient

Steve Jobs wh Apple

avanc tty
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Why Attention?

Encoding of the
source sentence.
This needs to capture all

Target sentence (output)

; : A

information about the r

source sentence. he hit me  with a pie <END>

Information bottleneck!
Z \
=
o (o} o} o
= (6} 0 o o o
S o o e} o o
S (6} (6} (6} o (6}
=
(NN}

il a m’  entarté <START> he hit me  with a pie
N\ J
Y

Source sentence (input)

Paul Lerner — November 2025

NNY 42p02aqg

aivancity
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<
LSTM with Attention

On this decoder timestep, we're

mostly focusing on the first
/ encoder hidden state (”he”)

Attention
distribution
~—

Take softmax to turn the scores
into a probability distribution

Attention
scores
~—

Encoder
RNN
K_H

il a m’  entarté <START>

\ J
Y

Source sentence (input)

Paul Lerner — November 2025

NNY 42p02aq

On each step of the
decoder, use direct
connection to the
encoder to focus on
a particular part of
the source sequence

avancity

PARIS-CACHAN
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<
LSTM with Attention

Attention e———— |jse the attention distribution to take a
output

The attention output mostly contains
information from the hidden states that
received high attention.

Attention
distribution

weighted sum of the encoder hidden states.

Attention
scores

Encoder
RNN

il a m’  entarté <START>

\ J
Y

Source sentence (input)

Paul Lerner — November 2025

NNY 492p02aQg

On each step of the
decoder, use direct
connection to the
encoder to focus on
a particular part of
the source sequence

avancity

PARIS-CACHAN
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<
LSTM with Attention

Attention

Concatenate attention output
g S with decoder hidden state, then
b= g use to compute P, as before
Q) =
g3
©

Attention
scores

Encoder
RNN

il a m’  entarté <START>

\ J
Y

Source sentence (input)

Paul Lerner — November 2025

H_j

NNY J2p023Q

On each step of the
decoder, use direct
connection to the
encoder to focus on
a particular part of
the source sequence

avancity
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<
LSTM with Attention

Attention pie
output T

Attention
distribution

Attention
scores

Encoder
RNN

il a m’  entarté <START> he hit me  with a

N J
Y

Source sentence (input)

Paul Lerner — November 2025

H_}

NNY J2p023(Q

On each step of the
decoder, use direct
connection to the
encoder to focus on
a particular part of
the source sequence

avancity

PARIS-CACHAN
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<
GRU+Attention for Machine Translation

Source: An admitting privilege is the right of a doctor to admit a patient to a hospital or a
medical centre to carry out a diagnosis or a procedure, based on his status as a health care
worker at a hospital.

Reference: Le privilége d’admission est le droit d’'un médecin, en vertu de son statut de
membre soignant d’un hépital, d’admettre un patient dans un hépital ou un centre médical
afin d’y délivrer un diagnostic ou un traitement.

RNNenc-50: Un privilége d’admission est le droit d'un médecin de reconnaitre un patient a
I'hdpital ou un centre médical d’'un diagnostic ou de prendre un diagnostic en fonction de son
état de santé.

RNNsearch-50: Un privilege d’admission est le droit d'un médecin d’admettre un patient a un
hopital ou un centre médical pour effectuer un diagnostic ou une procédure, selon son statut
de travailleur des soins de santé a I'hdpital.

Paul Lerner — November 2025 Bahdanau et al. 2015 alvanc llvy
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s
Why Attention?

Attention significantly improves Translation performance:
It's very useful to allow decoder to focus on certain parts of the source

Attention provides a more “human-like” model of the MT process:
You can look back at the source sentence while translating, rather than needing to
remember it all

Attention solves the bottleneck problem:
allows decoder to look directly at source

Attention helps with the vanishing gradient problem:
Provides shortcut to faraway states

Paul Lerner — November 2025 aiVanC ity
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<
RNN limit 3: Parallelization

Forward and backward passes have O(sequence length) unparallelizable operations
GPUs can perform many independent computations (like addition) at once!

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

Training and inference are slow; inhibits on very large datasets!
——000 o000 —
——000 000 —-

hT

Numbers indicate min # of steps before a state can be computed

h h h

7 2 3

avancity

Paul Lerner — November 2025
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o
Summarizing

e Recurrent Neural Networks allow to process variable-length
input/model language without Markov assumption

e Limited by vanishing gradients — LSTM

e Attention was invented for RNNs and Translation, to focus on parts of
the source sentence: relieves information bottleneck

e Limited by parallelization — Transformers (next class)

avancity

Paul Lerner — November 2025
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[ part1
Next class: Transformers -

Linear

Add & Norm

Feed Forward

Add & Norm

Multi-Head
; ulti-
: —(_Add & Norm Cross-Attention
Concatenate
f xN
c Feed Forward
‘ Scaled Dot-Product Attention Nx
; T I T I ” Add & Norm
o | —1 —1 - Masked
| [ Linear ]_] [ Linear ]_] [ Linear ],] Multi-Head Multi-Head
P V % Self-Attention Self-Attention
i K Vv Q
e J
Positional D @ Positional
Embedding Embedding
| Input Embedding | l Input Embedding l
f t

inputs inputs

Paul Lerner — November 2025 aivanc ity
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{oma
Perplexity

® How "hard” is the task of recognizing digits '0,1,2,..,9" uniformly at random?
d ~ Uniform(0,9)
i 1 N\ — N~ 1 -1
PP(dhadN):p(dla7dN)_ﬁ:<E ) = == =10

* Perplexity: 10
e Using entropy (replacing the estimated distribution with the known true dist.):

H(D,D) = - p(d)logp(d Zp ) log p(7) i 1101 <1_10) — (11())

deD
PP(D) _ eH(D,D) _ e—log(l—lo) _ ( log(lo))—l _ <1i0)—1 1
Same result!
Paul Lerner — March 2025 alvanc ll«y
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o
LSTM with Attention: formally

We have encoder hidden states h1,...,hy € R"
On timestep t, we have decoder hidden state s; € R"
We get the attention scores e' for this step:

e! =[sThy,...,sThy] € RY

We take softmax to get the attention distribution a! for this step (this is a probability distribution and
sums to 1)

af = softmax(e’) € RY

We use o totake a weighted sum of the encoder hidden states to get the attention output a;
N
a; = Z ath; € R"
i=1

Finally we concatenate the attention output a; with the decoder hidden
state St and proceed as in the non-attention seq2seq model

[at; St] S th

Paul Lerner — November 2025 aivanc ily
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L paria ]
Sequence-to-Sequence (Translation)

I'd like a beer stor

[e0o00] [0@00] [00O@O] [0OO@] [000 O]
IIII a, a, a; a,’ a;’

lch mochte ein Bier
Paul Lerner — November 2025 alVaHClty 28
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s
Why Sequence Models? and Attention?

Machine
Learning
omput
cience

Speech
Processing

NLP  Linguistics

mnation
Retrieval

e Close to Speech Processing (Automatic Speech Recognition etc.)
e Close to Information Retrieval (Search engines like Google)

e Driven by Statistical/Machine Learning methods since the 90S swown, ». ¥, velia pictra, s. 4,

Della Pietra, V. J., & Mercer, R. L. (1993). The Mathematics of Statistical Machine Translation : Parameter Estimation. Computational Linguistics, 19(2), 263-311.)

o Driven by Deep Learni ng since 2013 (Mikolov, T., Sutskever, L., Chen, K., Corrado, G. S., & Dean, J. (2013). Distributed

Representations of Words and Phrases and their Compositionality. Advances in Neural Information Processing Systems)

Paul Lerner — November 2025 aivanc ity
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