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It is all about sequences


[It, is, all, about, sequences]


[s, e, q, u, e, n, c, e, s]


https://blog.algorithmia.com/wp-content/uploads/2018/03/word-image-11.png

https://towardsdatascience.com/beginners-guide-to-speech-
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MotivationUnderstanding supply and demand is easy. What is difficult to 
comprehend is what makes people like a particular stock and 

dislike another stock. This comes down to figuring out what news is 
positive for a company and what news is negative. There are many 

answers to this problem and just about any investor you ask has 
their own ideas and strategies. 

Read more: Stocks Basics: What Causes Stock Prices To Change? 
| Investopedia http://www.investopedia.com/university/stocks/

stocks4.asp#ixzz47UcBJeMH 
Follow us: Investopedia on Facebook 

The only other Republican governor in a 
competitive re-election race this year, 

according to Cook Political Report’s ratings, 
is Pat McCrory of North Carolina, who hasn’t 

made a presidential endorsement. 
However, there are 11 Republican senators 
and 34 Republican members of the House 
who face competitive races, according to 

Cook. The only one to have endorsed 
Trump is Tom Reed, the incumbent from 

New York’s 23rd Congressional District, a 
Republican-leaning swing district that 

covers much of the rural, western part of the 

Understanding supply and demand is easy. What is 
difficult to comprehend is what makes people like a 

particular stock and dislike another stock. This 
comes down to figuring out what news is positive 
for a company and what news is negative. There 
are many answers to this problem and just about 

any investor you ask has their own ideas and 
strategies. 

Read more: Stocks Basics: What Causes Stock 
Prices To Change? | Investopedia http://
www.investopedia.com/university/stocks/

Egg futures have surged by as much as one-
third since March, the sort of move that 
would be justified if investors believed 

China’s chicken flocks were headed for an 
unfortunate fate. 

But the market’s usual participants say the 
flocks are fine. In fact, the actual price of eggs 

in the country’s markets has fallen from a 
year ago, according to government statistics.

Egg futures have surged by as much as one-
third since March, the sort of move that 
would be justified if investors believed 

China’s chicken flocks were headed for an 
unfortunate fate. 

But the market’s usual participants say the 
flocks are fine. In fact, the actual price of eggs 

in the country’s markets has fallen from a 
year ago, according to government statistics.

Understanding supply and demand is easy. What is 
difficult to comprehend is what makes people like a 
particular stock and dislike another stock. This comes 
down to figuring out what news is positive for a company 
and what news is negative. There are many answers to 
this problem and just about any investor you ask has 
their own ideas and strategies. 
Read more: Stocks Basics: What Causes Stock Prices To 
Change? | Investopedia http://www.investopedia.com/
university/stocks/stocks4.asp#ixzz47UcBJeMH 
Follow us: Investopedia on Facebook 
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(most?!) interesting data is 

 

sequential in nature

Inspired by slides from S.Gouws & D. Hovy.

https://towardsdatascience.com/beginners-guide-to-speech-analysis-4690ca7a7c05


‣ Lecture 1: ML Fundamentals 

‣ Linear Classifiers 

‣ Non-Linear Classifiers 

‣ Feedforward Neural Network 

‣ CNN 

‣ Feature Representations 

‣ Sparse binary features 

‣ Continuous dense features  
(word2vec, embedding layers)
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What you have heard so far:



How to deal with 
sequences? 



‣ Part I: Fundamentals  

‣ Intro, Motivation & Short History 

‣ Language Models (n-grams, FFNN-LM, Recap: FFNN) 

‣ Part II: Representations & Beyond FFNN 

‣ RNNs (GRU/LSTMs), Attention 

‣ Contextualised Representations (ELMo)  

‣ Part III: Transformer & LLMs 

‣ The Transformer, Masked LMs (BERT), Pre-training & Fine-tuning 

‣ Prompting, LLMs & Caution
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Today’s roadmap

… …

w1 w2 w3 … Wt



Before we start
www.menti.com - Code 2727 6277

http://www.menti.com


Fundamentals
Part I



NLP today: LLMs everywhere!

8Src: DALL-E3



LLMs: In Recent NLP Research
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47%

19%
11%7%

Proportion of ACL conference paper titles with 
“language model | llm | prompting | instruction”



general family of models


10

Encoder-decoder models

input

output

ENCODER

DECODER

input representation 
/ encoding



A step back…  
How did the field evolve?
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NLP   ♥    Machine Learning

approx. 1980s

Symbolic  
Processing

Statistical 
NLP

Deep Learning  
for NLP

Epoch 1 Epoch 2

from  
hand-crafted 
rules to ML

x: the dog barks
if prev_w = DET and ..  

tag=NOUN

x: 1 0 0 1 0

w_i=dog w_i-1=the

..

e.g. Brill’s  
 rule-based  

tagger (1992)  

ELIZA  
(1966)

e.g. Collin’s  
structured  

perceptron (2002)

classic sparse n-hot encodings



The emergence of  
deep learning (in NLP)
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In Speech Recognition

2010 🗓

RNNs

(Source: The Economist)
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In Computer Vision

2012 🗓(src: slide by Fei-Fei Li)



161960 1970 1980 1990 2000 2010 2020

1st “AI winter”

1980s: knowledge 
representation, data & 
corpora, statistical NLP

1995-2005: progress 
in data, hand-crafted 
features and ML

2007-2017: representation 
learning & DL: word2vec, NNs 
from RNN/CNN to Transformer

2022: ChatGPT 
to the public

2nd “AI winter”

Epoch 2: Statistical Processing Epoch 3: Deep Learning (DL) for NLP

2018-today: Pre-training - from BERTs to GPTs

2023-today: 💥 Explosion of LLMs

2015: DL 
"Tsunami hit NLP"

2018: “Multi-task 
learning wave”2018: 

"3rd time NNs have 
threatened a revolution 

but only the 1st time 
they have delivered”

1966: Weizenbaum 
develops ELIZA at 
MIT

Epoch 1: Symbolic Processing

Golden Years for MT 
(Georgetown Exp.)
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NLP ♥ Deep Learning

17
approx. 1980s

Symbolic  
Processing

Statistical 
NLP

Deep Learning  
for NLP

2015

Epoch 1 Epoch 2 Epoch 3

dog: 0.2 0.1 0.3 0.10.2

barks: 0.1 0.3 0.1 0.20.3
from  

hand-crafted 
rules to ML

representation 
learning



Back to the roots: 
(traditional)  

Language Models (LMs)



‣ www.mentimeter.com 
Room: (see code)
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Predicting the next word:  
A Simple (?) Exercise

* (title inspired by Graham Neubig)

http://www.mentimeter.com
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You probably use a LM every day…

 

http://www.personal.psu.edu/ejp10/blogs/tlt/2011/09/understanding-speech-recogniti.html
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More examples

https://books.google.com/

‣ .. is perhaps the best ___ ?

https://books.google.com/ngrams


So let’s look deeper at LMs: from 
traditional LMs over neural LMs 
to contextualized embeddings



‣ A computational model that can be used for either of the following two tasks is called a 
Language Model (LM): 

‣ to compute the probability of a text*  
 

‣ to compute the probability of the next word 
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What is a Language Model (LM)?

* (can be a text, sentence, phrase,…)

P(today is a great day) = ??

P(day | today is a great) = ??



‣ Given a sequence of words:  

‣ An LM models the probability:  

‣ Without loss of generality (Chain Rule):

24

A Language Model - Formally

P(w1, …, wd)

(w1, …, wd)

P(w1, …, wd) = P(w1)P(w2 |w1)P(w3 |w1, w2)…

= P(w1)
d

∏
i=2

P(wi |w1, …, wi−1)

w1 w2 w3 w4 … wd

P(Athens|an awesome summer school this year is in)

conditioned on full history



‣ However, finding good estimates for the probabilities of longer sequences is a problem 

‣ Therefore, a common assumption in a traditional LM is to make the Markov assumption: 
 
 

25

Markov assumption 

Adapted from Chris Dyer

P(x1, . . . , xd) =
d

∏
i=1

P(xi |x1, . . . , xi−1) ≈
d

∏
i=1

P(xi |xi−(n−1), . . . , xi−1)

Markov: forget “distant” past

Valid for language?  No… 
Is it practical? Often.

n-th order Markov assumption:  
Only look at history of most recent n-1 words 

-> n-grams



‣ (Pre-deep learning LMs): Learn a count-based n-gram (traditional) Language Model by 
collecting statistics of n-grams from a corpus to estimate the parameters of the model 
(maximum likelihood) 

‣ n-gram: a chunk of consecutive words 

‣ Example: n=2 (bigram):  
 
Collect statistics for “to buy”, “buy a”, “a house”…. with C=count(): 
 
 

‣ Higher order n-grams, e.g. trigram LM: P(xi |xi−2, xi−1)
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How to learn the parameters of an n-gram LM?

P(w | to) =
C(to w)
C(to)

P(xi |xi−1)



‣ n=1, 1st order Markov assumption, history (n-1): 0
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Unigram LM (1st order)

unigram LM

P(w1, …, wd) = P(w1)P(w2)P(w3)…

=
d

∏
i=1

P(wi)

w1 w2 w3 w4 … wd

0

1

network cat beer weather city water

P(w)

 
repeat 

 
 

until  
return 

i = 0

i + +
xi ∼ p(x)

xi = STOP
⟨x1, …, xi⟩

Sampling from the unigram LM:



‣ n=2, 2nd order Markov assumption, history (n-1): 1
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 Bigram Language Model

P(center |city) bigram LM

P(w1, …, wd) = P(w1)P(w2 |w1)P(w3 |w2)…

= P(w1)
d

∏
i=2

P(wi |wi−1)

w1 w2 w3 w4 … wd

0

1

network cat beer weather city water

P(w|w-1)

0

1

network cat beer weather city water

P(w|w-1)
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Sparsity problems with n-gram LMs

P(w | its water is so) =
C(its water is so w)
C(its water is so)

See for more details chapter 3 of Jurafsky & Martin’s textbook. Adapted from Abigail See

Sparsity problem 2: If “its water is so” 
never occurred: prob for any w is is 0.

Sparsity problem 1: If “its water is so w” 
never occurred in the corpus: prob for w 

(and entire sequence) is 0!

What can we do? Smoothing  
(add small count to estimates)

What can we do? Backoff  
(condition on lower-level n-grams)

In general: Increasing n-gram size makes sparsity problem worse. C=count()

http://web.stanford.edu/class/cs224n/slides/cs224n-2019-lecture06-rnnlm.pdf


• Estimating statistics from 
sparse data


• Smoothing relocates 
probability mass to make 
generalization better

Intuition
Smoothing

P(w | denied the)

  3 allegations


  2 reports


  1 claims


  1 request


  7 total 

P(w | denied the)

  2.5 allegations


  1.5 reports


  0.5 claims


  0.5 request

  2 other


  7 total

Smoothing

Adapted from Yoav Artzi



• Pretend we saw each word one more time than we did


• So, just add one to all counts


- And don’t forget to adjust normalization properly 





• Also called Laplace smoothing

pMLE(xi |xi−1) =
c(xi−1, xi)

c(xi−1)
⟶ pAdd−1(xi |xi−1) =

c(xi−1, xi) + 1
c(xi−1) + |𝒱 |

Add-one Estimation
Smoothing

Adapted from Yoav Artzi



Evaluating a LM



• How good is our LM?


• We must test the model on data it hasn’t seen during learning


- Otherwise — overfitting! 😱


• We need an evaluation metric — two options:


- Extrinsic: focused on however the model will be used — for 
example, can it improve a transcription system?


- Intrinsic: focused on the language model task — how good can 
the model assign probabilities to real unseen data?


• Ideally, the two correlate, but reality is more complex

Testing
Evaluation

Adapted from Yoav Artzi



• How well can we predict the next word? 


When I eat pizza, I wipe of the ____


Many children are allergic to ____


I saw a ____


• Unigrams are terrible at this game (why?) 

• A better model of text is one which assigns a higher probability to 
the word that actually occurs

The Shannon Game
Intrinsic Evaluation

grease 0,5
sauce 0,4
dust 0,05
…
mice 0,0001
…
the 1E-100

Adapted from Yoav Artzi



• The best language model is the one the is best at predicting the test set → 
will give test sentences the highest probability 


• Perplexity is the inverse probability of the test set, normalized by the 
number of words:


- Given a set of test sentences  with a total of  words:





- In practice, we work in log space:





• Lower perplexity is better

D′ m

PP(D′ ) = p(D′ )−1/m = ( ∏̄
x∈D′ 

p(x̄))−1/m

PP(D′ ) = 2− 1
m ∑x̄∈D′ log2 p(x̄)

Perplexity
Evaluation

Adapted from Yoav Artzi



• Under a uniform distribution perplexity will be the vocabulary size


• Assume  sentences consisting of  random digits, 


• What is the perplexity of this data for a model that assigns 
 to each digit





• Perplexity is weighted equivalent branching factor

M m |𝒱 | = 10

p( ⋅ ) = 1
10

PP = 2− 1
m ∑M

i=1 log2( 1
10 )|x̄(i)|

= 2− 1
m ∑M

i=1 |x̄(i)|log2
1

10

= 2−log2
1

10 = 2−log2 10−1 = 10

Perplexity of a Uniform Model
Evaluation

Adapted from Yoav Artzi



Perplexities of Contemporary Models
Evaluation

https://paperswithcode.com/sota/language-modelling-on-penn-treebank-word Adapted from Yoav Artzi

https://paperswithcode.com/sota/language-modelling-on-penn-treebank-word
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Further issues with n-gram LMs

Adapted from Graham Neubig

‣ What about similar words? 

‣ she bought a bicycle 

‣ she purchased a bicycle 

‣ Long-distance dependencies? 

‣ for programming she yesterday purchased her own 
brand new laptop 

‣ for running she yesterday purchased her brand new 
sportswatch

cannot share strength 
among similar words

cannot handle long-distance 
dependencies



Neural LMs



• LMs so far: count-based estimates of probabilities


- Counts are brittle and generalize poorly, so we added 
smoothing


• The quantity that we are focused on estimating (e.g., for tri-gram 
model):





• Can we use neural networks for this task? What would it give us?

p(x̄) =
n

∏
i=1

p(xi |xi−1, xi−2)

Neural Language Models

40 Adapted from Yoav Artzi



• Instead of having count-based distributions, we parameterize them 





• How would we model this with a neural network?


- Hint: so far, only learned about MLPs

p(xi |xi−1, xi−2; θ)

A Very Simple Approach

Neural Language Models

41 Adapted from Yoav Artzi



‣ An early solution: a neural probabilistic language model (Bengio et al., 2000)

Early Neural LMs (1/2)

feed-forward neural network, n-grams with distributed representations



• A simple FFNN-ish model





where  is an embedding function, and 


• The parameters  are estimated by maximizing the log probability 
of the data


• During inference, you compute the neural network every time you 
need a value from the probability distribution

p(xi = w |xi−1, xi−2; θ) = softmax(y)w

y = U tanh(We + b1) + b2)
e = [ϕ(xi−1); ϕ(xi−2)]

ϕ θ = (b, d, W, U, H, C, ϕ)

θ

43
[Bengio et al. 2000]

Neural Language Models
A Very Simple Approach



‣ Another early solution: word2vec (Mikolov et al., 2013) models the probability of a word 
given a context [See Ryan’s lecture 1 yesterday for details]; is a family of methods. Learn a 
word embedding directly. Example: Skip-gram:

Early Neural LMs (2/2)

feed-forward neural network, skip-grams



Recap: Feed-forward 
Neural Networks



Recap: A Feed-Forward Neural Network (FFNN) - Graphical View

Adapted from E. Bassignana

fully-connected/dense
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hi = σi(Wihi−1 + bi)

Wi ∈ ℝDi×Di−1

bi ∈ ℝDi

σi Layer’s non-linear activation function

Hidden layer with Di dimensions, e.g.hi ∈ ℝDi
fi : ℝ7 → ℝ9

ℝ9

Hidden Layer Connections - Notation
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x
<latexit sha1_base64="IS0GhkO40ydFyu/g3xHsuJFF+Ho="></latexit>

h1
<latexit sha1_base64="joq1NtUf7702dBvvaxZX4ikFWYM="></latexit>

y
<latexit sha1_base64="1yU1oEN0+fRWeutDbwMLwaIqGFc="></latexit>

W2
<latexit sha1_base64="ZqENc/4lKAsHKDREKpu56iP23mU="></latexit>

W1
<latexit sha1_base64="PLDg5+rLcG0lHoUECncfJO6MgKo="></latexit>

̂y = f2( f1(x))

f2

f1

Feed-Forward Neural Network - Functional Application View
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x
<latexit sha1_base64="IS0GhkO40ydFyu/g3xHsuJFF+Ho="></latexit>

h1
<latexit sha1_base64="joq1NtUf7702dBvvaxZX4ikFWYM="></latexit>

y
<latexit sha1_base64="1yU1oEN0+fRWeutDbwMLwaIqGFc="></latexit>

W2
<latexit sha1_base64="ZqENc/4lKAsHKDREKpu56iP23mU="></latexit>

W1
<latexit sha1_base64="PLDg5+rLcG0lHoUECncfJO6MgKo="></latexit>

̂y = f2( f1(x))
= σ2(W2(σ1(W1x + b1)) + b2)

f2

f1

Feed-Forward Neural Network - Algebraic View
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x W1

MULT b1

ADD

σ1

MULT

W2

ADD

b2

σ2

parameters

functions

What is x?

Feed-Forward Neural Network - Computational Graph View

σ2(W2(σ1(W1x + b1)) + b2)
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Recap: Input layer as Embedding Layer

http://web.stanford.edu/class/cs224n/slides/cs224n-2019-lecture06-rnnlm.pdf


‣ Sparse high-dimensional vector of dimension |V| (=size of vocabulary)

52

Recap: One-hot encoding

…
1x|V|

Symbol (word, char,..)

one-hot vector
(length V, one entry is 1)

yellow

…
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Lookup: Representing a symbol

 http://web.stanford.edu/class/cs224n/slides/cs224n-2019-lecture06-rnnlm.pdfAdapted from Lecture 5 (Riedel)

E
<latexit sha1_base64="UcLQQkZ/ucg95j/emm+9is4DsWY=">AAAB6HicbZDJSgNBEIZr4hbHLerRS2MQPIWZeNCLGBTBYwJmgWQIPZ2apE3PQnePEEKewIsHRbzqw3j3Ir6NneWgiT80fPx/FV1VfiK40o7zbWWWlldW17Lr9sbm1vZObnevpuJUMqyyWMSy4VOFgkdY1VwLbCQSaegLrPv9q3Fev0epeBzd6kGCXki7EQ84o9pYlet2Lu8UnInIIrgzyF982OfJ+5ddbuc+W52YpSFGmgmqVNN1Eu0NqdScCRzZrVRhQlmfdrFpMKIhKm84GXREjozTIUEszYs0mbi/O4Y0VGoQ+qYypLqn5rOx+V/WTHVw5g15lKQaIzb9KEgF0TEZb006XCLTYmCAMsnNrIT1qKRMm9vY5gju/MqLUCsW3JNCseLkS5cwVRYO4BCOwYVTKMENlKEKDBAe4AmerTvr0XqxXqelGWvWsw9/ZL39APnCkAo=</latexit>

=x..

..

..

book

symbol

sparse binary one-hot,

high-dimensional (V)


embedding matrix

dense, continuous 

representation


low-dimensional (d)

one-hot word embedding
linear projection from V->d

http://web.stanford.edu/class/cs224n/slides/cs224n-2019-lecture06-rnnlm.pdf
http://web.stanford.edu/class/cs224n/slides/cs224n-2019-lecture06-rnnlm.pdf
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Computational Graph View

W1

MULT
b1

ADD

σ1

MULT

W2

ADD

b2

σ2 parameters

functions

loss

cool <3

lookup lookup

concat

E
<latexit sha1_base64="UcLQQkZ/ucg95j/emm+9is4DsWY=">AAAB6HicbZDJSgNBEIZr4hbHLerRS2MQPIWZeNCLGBTBYwJmgWQIPZ2apE3PQnePEEKewIsHRbzqw3j3Ir6NneWgiT80fPx/FV1VfiK40o7zbWWWlldW17Lr9sbm1vZObnevpuJUMqyyWMSy4VOFgkdY1VwLbCQSaegLrPv9q3Fev0epeBzd6kGCXki7EQ84o9pYlet2Lu8UnInIIrgzyF982OfJ+5ddbuc+W52YpSFGmgmqVNN1Eu0NqdScCRzZrVRhQlmfdrFpMKIhKm84GXREjozTIUEszYs0mbi/O4Y0VGoQ+qYypLqn5rOx+V/WTHVw5g15lKQaIzb9KEgF0TEZb006XCLTYmCAMsnNrIT1qKRMm9vY5gju/MqLUCsW3JNCseLkS5cwVRYO4BCOwYVTKMENlKEKDBAe4AmerTvr0XqxXqelGWvWsw9/ZL39APnCkAo=</latexit>

Embedding layer is trained with the network
(model parameters, lookup layer)



55 http://web.stanford.edu/class/cs224n/slides/cs224n-2019-lecture06-rnnlm.pdfAdapted from Abigail See

Putting it all together: A window-based neural LM

E

http://web.stanford.edu/class/cs224n/slides/cs224n-2019-lecture06-rnnlm.pdf
http://web.stanford.edu/class/cs224n/slides/cs224n-2019-lecture06-rnnlm.pdf
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Window-based neural LM via FFNN

As the clock rang the students opened

 

discard
fixed window of n words

the

predict!

predict!

books

http://web.stanford.edu/class/cs224n/slides/cs224n-2019-lecture06-rnnlm.pdf


‣ Iteratively move the n-gram window through a very large corpus to predict the next word at 
each time step 

‣ Cross-entropy loss (negative log-likelihood): 
 
 

‣ Note: typically very large vocabulary (softmax) 

‣ Workaround: negative sampling (lecture 1)

57

Training the Neural FFNN-based LM

L = − logp(wt |wt−1 . . wt−n+1)
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Does a neural FFNN-LM solve these issues?

‣ Can it handle similar words? 

‣ she bought a bicycle 

‣ she purchased a bicycle 

‣ Long-distance dependencies? 

‣ for programming she yesterday purchased her own brand new laptop 

‣ for running she yesterday purchased her brand new sportswatch



• Without the Markov assumption, the model is





• We need to model the parameterized distribution 





• How can we do this with the tools we already know?

p(x̄) =
n

∏
i=1

p(xi |x1, …, xi−1)

p(xi+1 |x1, …, xi; θ)

An MLP with No Markov Assumption
Neural Language Models

59



• We need to model the parameterized distribution





• We can just treat the context as a bag of words


- Then it doesn’t matter how long it is


- A very simple example (two layer MLP)


p(xi+1 |x1, …, xi; θ)

h = tanh(W′ 
1
i ∑i

j=1 ϕ(xj) + b′ )
p(xi+1 |x1, …, xi) = softmax(W′ ′ h + b′ ′ )

An MLP with No Markov Assumption
Neural Language Models

60



• Why is this a terrible idea?

- Order matters a lot in language 🤦


‣ “it was not good, it was actually quiet bad"


‣ “It was not bad, it was actually quiet good”

- But it worked so well for text categorization … 😮💨 


- What may work for tasks that just require focusing on salient words (e.g., topic 
categorization), is not sufficient for language models (i.e., next-word prediction)

An MLP with No Markov Assumption
Neural Language Models

61



time

a

big

waste

of

PROBLEM: 
we need fixed input size!

FFNN: Any problems?

Illustration by Elisa Bassignana.



it 
was 
not 
good 
, 
it 
was 

actually 
quite 
bad 

. 

. 

.

PROBLEM: 
it does not consider the order well

FFNN: What is still missing?



‣ Feed-forward neural networks assume fixed-length inputs, but texts are not fixed lengths
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Variable Length Inputs

the cat sits there

the sleepy cat sits there

the sleepy cat which chased the dog sits there



‣ Options (1-3 covered in lecture 1): 

(1) Truncate text length at fixed K 

(2) Average embeddings (pooling)

65

Dealing with Variable Length Inputs



is great
+

Average embedding: Continuous Bag-of-words (CBOW)

CBOW representation

Example input document:

this !
+ +

Average embeddings (Similar to pooling operations in CNNs)



‣ More Options: 

(3) Convolutional neural network (CNN) 
   illustration from last lecture by Ryan: 

(4) Recurrent neural network (RNN) 
   covered next

67

Dealing with Variable Length Inputs



Representations & Beyond 
FFNNs
Part II



‣ Part I: Fundamentals  

‣ Intro, Motivation & Short History 

‣ Language Models (n-grams, FFNN-LM, Recap: FFNN) 

‣ Part II: Representations & Beyond FFNN 

‣ RNNs (GRU/LSTMs), Attention 

‣ Contextualised Representations (ELMo)  

‣ Part III: Transformer & LLMs 

‣ The Transformer, Masked LMs (BERT), Pre-training & Fine-tuning 

‣ Prompting, LLMs & Caution
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Today’s roadmap

… …

w1 w2 w3 … Wt



RNNs



‣ RNNs are a family of neural networks 

‣ Very good at modelling sequential input of variable length  

‣ Unlike CBOW, they model the order in the sequence 

‣ Unlike vanilla CNNs, they can deal with long-distance dependencies (especially the gated 
RNN variants) 

‣ RNNs as LMs do not need to make the Markov assumption
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Recurrent Neural Networks (RNNs)
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Recurrent Neural Networks (RNNs)

“vanilla” Neural Network RNN

RNNs: the hidden state from 
the time step before provides a 

short of “memory" (state)

Key Idea:

h = g(Wx + b)

ŷ = Vh + b

Key difference: 
recurrence link 



X

Y

RNN

‣ We process a sequence x by applying a recurrence 
formula at every time step t 

‣ Critically, the does not impose a fixed-length input!
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A closer look: inside an RNN layer

inputprevious state

new state

function 
parametrized by 𝜃 

ht = fθ(ht−1, xt)
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Recurrent Neural Networks (RNNs)

RNN

= key new set of 
parameters to 

connect hidden 

U

(Graphical illustration on right - from Jurafsky & Martin, SLP3)

̂yt = Vht + b2

h = g(Wxt + Uht−1 + b1)



A family of recurrent NN architectures
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RNN - Step by Step

love New York

Input sequence 
(any length)

Hidden states

Output (sequence) 
(optional)

x2
<latexit sha1_base64="JdW+FYHV+noxUdo2ipyTBEzQKD4=">AAAB83icbVC7TgJBFL2LL8QXamJjM5GYWJFdKLQk2FhCIo+E3ZDZYRYmzM5uZmaNZMNv2FhojC1/4RfY2fgtzgKFgieZ5OSce3PPHD/mTGnb/rJyG5tb2zv53cLe/sHhUfH4pK2iRBLaIhGPZNfHinImaEszzWk3lhSHPqcdf3yb+Z0HKhWLxL2exNQL8VCwgBGsjeS6IdYjP0gf+5Vpv1iyy/YcaJ04S1KqnTW/2az+0egXP91BRJKQCk04Vqrn2LH2Uiw1I5xOC26iaIzJGA9pz1CBQ6q8dJ55ii6NMkBBJM0TGs3V3xspDpWahL6ZzDKqVS8T//N6iQ5uvJSJONFUkMWhIOFIRygrAA2YpETziSGYSGayIjLCEhNtaiqYEpzVL6+TdqXsVMuVpmmjDgvk4Rwu4AocuIYa3EEDWkAghid4gVcrsZ6tN+t9MZqzljun8AfW7AcLcZVi</latexit>

x3
<latexit sha1_base64="2rYADewHesamV2j4Kx7ql5fceuA=">AAAB83icbVC7TgJBFL2LL8QXamJjM5GYWJFdKLQk2FhCIo+E3ZDZYRYmzM5uZmaNZMNv2FhojC1/4RfY2fgtzgKFgieZ5OSce3PPHD/mTGnb/rJyG5tb2zv53cLe/sHhUfH4pK2iRBLaIhGPZNfHinImaEszzWk3lhSHPqcdf3yb+Z0HKhWLxL2exNQL8VCwgBGsjeS6IdYjP0gf+9Vpv1iyy/YcaJ04S1KqnTW/2az+0egXP91BRJKQCk04Vqrn2LH2Uiw1I5xOC26iaIzJGA9pz1CBQ6q8dJ55ii6NMkBBJM0TGs3V3xspDpWahL6ZzDKqVS8T//N6iQ5uvJSJONFUkMWhIOFIRygrAA2YpETziSGYSGayIjLCEhNtaiqYEpzVL6+TdqXsVMuVpmmjDgvk4Rwu4AocuIYa3EEDWkAghid4gVcrsZ6tN+t9MZqzljun8AfW7AcM9pVj</latexit>

x4
<latexit sha1_base64="cLB50kQwUqWf4NzMXQSuSHHAOo4=">AAAB83icbVDLSgMxFL1TX7W+qoIbN8EiuCozVdBlqRuXLdgHdIaSSTNtaCYzJBmxDP0NNy4Ucdu/8AvcufFbzLRdaOuBwOGce7knx485U9q2v6zc2vrG5lZ+u7Czu7d/UDw8aqkokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbH91mfvuBSsUica/HMfVCPBAsYARrI7luiPXQD9LH3tWkVyzZZXsGtEqcBSlVTxrfbFr7qPeKn24/IklIhSYcK9V17Fh7KZaaEU4nBTdRNMZkhAe0a6jAIVVeOss8QedG6aMgkuYJjWbq740Uh0qNQ99MZhnVspeJ/3ndRAc3XspEnGgqyPxQkHCkI5QVgPpMUqL52BBMJDNZERliiYk2NRVMCc7yl1dJq1J2LsuVhmmjBnPk4RTO4AIcuIYq3EEdmkAghid4gVcrsZ6tN+t9PpqzFjvH8AfW9AcOe5Vk</latexit>

y4
<latexit sha1_base64="S1Lr4qQEjtImeHckGNXD5vwIfgs=">AAAB83icbVDLSgMxFL1TX7W+qi4VCRbBVZmpgi6Lbly2YB/QKSWTZtrQTGZIMsIwdOkvuHGhiFv3/Q53foM/YabtQlsPBA7n3Ms9OV7EmdK2/WXlVlbX1jfym4Wt7Z3dveL+QVOFsSS0QUIeyraHFeVM0IZmmtN2JCkOPE5b3ug281sPVCoWinudRLQb4IFgPiNYG8l1A6yHnp8mvctxr1iyy/YUaJk4c1KqHk/q348nk1qv+On2QxIHVGjCsVIdx450N8VSM8LpuODGikaYjPCAdgwVOKCqm04zj9GZUfrID6V5QqOp+nsjxYFSSeCZySyjWvQy8T+vE2v/upsyEcWaCjI75Mcc6RBlBaA+k5RonhiCiWQmKyJDLDHRpqaCKcFZ/PIyaVbKzkW5Ujdt3MAMeTiCUzgHB66gCndQgwYQiOAJXuDViq1n6816n43mrPnOIfyB9fEDHlmVbw==</latexit>

y3
<latexit sha1_base64="chlOkCijXIsIoglvh0bLNaHXgQU=">AAAB83icbVC7SgNBFL0bXzG+opaKDAbBKuwmhZZBG8sEzAOyIcxOZpMhs7PLzKywLCn9BRsLRWzt8x12foM/4WySQhMPDBzOuZd75ngRZ0rb9peVW1vf2NzKbxd2dvf2D4qHRy0VxpLQJgl5KDseVpQzQZuaaU47kaQ48Dhte+PbzG8/UKlYKO51EtFegIeC+YxgbSTXDbAeeX6a9KuTfrFkl+0Z0CpxFqRUO502vh/PpvV+8dMdhCQOqNCEY6W6jh3pXoqlZoTTScGNFY0wGeMh7RoqcEBVL51lnqALowyQH0rzhEYz9fdGigOlksAzk1lGtexl4n9eN9b+dS9lIoo1FWR+yI850iHKCkADJinRPDEEE8lMVkRGWGKiTU0FU4Kz/OVV0qqUnWq50jBt3MAceTiBc7gEB66gBndQhyYQiOAJXuDViq1n6816n4/mrMXOMfyB9fEDHNSVbg==</latexit>

y2
<latexit sha1_base64="vz+74HXlsbq+Jd714sYXt83YHJs=">AAAB83icbVDLSsNAFL3xWeur6lKRwSK4Kkld6LLoxmUL9gFNKJPppB06mYSZiRBCl/6CGxeKuHXf73DnN/gTTtoutPXAwOGce7lnjh9zprRtf1krq2vrG5uFreL2zu7efungsKWiRBLaJBGPZMfHinImaFMzzWknlhSHPqdtf3Sb++0HKhWLxL1OY+qFeCBYwAjWRnLdEOuhH2Rprzrulcp2xZ4CLRNnTsq1k0nj+/F0Uu+VPt1+RJKQCk04Vqrr2LH2Miw1I5yOi26iaIzJCA9o11CBQ6q8bJp5jM6N0kdBJM0TGk3V3xsZDpVKQ99M5hnVopeL/3ndRAfXXsZEnGgqyOxQkHCkI5QXgPpMUqJ5aggmkpmsiAyxxESbmoqmBGfxy8ukVa04l5Vqw7RxAzMU4BjO4AIcuIIa3EEdmkAghid4gVcrsZ6tN+t9NrpizXeO4A+sjx8bT5Vt</latexit>

{
<latexit sha1_base64="6ypV9iCvDDWXCEL5HqeRY4msclY=">AAAB+XicbVDLSsNAFL2pr1pfUZduQktBEEpSF7osunFZwT6gCWEynbRDJ5MwMymE0L9w6caFIm79E3f9GydtF9p6YOBwzr0zZ06QMCqVbc+N0tb2zu5eeb9ycHh0fGKennVlnApMOjhmsegHSBJGOekoqhjpJ4KgKGCkF0zuC783JULSmD+pLCFehEachhQjpSXfNOtuhNQ4CPPMd2YVN/fNmt2wF7A2ibMitVbVvXqet7K2b367wxinEeEKMyTlwLET5eVIKIoZ0VemkiQIT9CIDDTlKCLSyxfJZ1ZdK0MrjIU+XFkL9fdGjiIpsyjQk0VMue4V4n/eIFXhrZdTnqSKcLx8KEyZpWKrqMEaUkGwYpkmCAuqs1p4jATCSpdV0SU461/eJN1mw7luNB91G3ewRBkuoAqX4MANtOAB2tABDFN4gTd4N3Lj1fgwPpejJWO1cw5/YHz9APF6li8=</latexit>

{
<latexit sha1_base64="6ypV9iCvDDWXCEL5HqeRY4msclY=">AAAB+XicbVDLSsNAFL2pr1pfUZduQktBEEpSF7osunFZwT6gCWEynbRDJ5MwMymE0L9w6caFIm79E3f9GydtF9p6YOBwzr0zZ06QMCqVbc+N0tb2zu5eeb9ycHh0fGKennVlnApMOjhmsegHSBJGOekoqhjpJ4KgKGCkF0zuC783JULSmD+pLCFehEachhQjpSXfNOtuhNQ4CPPMd2YVN/fNmt2wF7A2ibMitVbVvXqet7K2b367wxinEeEKMyTlwLET5eVIKIoZ0VemkiQIT9CIDDTlKCLSyxfJZ1ZdK0MrjIU+XFkL9fdGjiIpsyjQk0VMue4V4n/eIFXhrZdTnqSKcLx8KEyZpWKrqMEaUkGwYpkmCAuqs1p4jATCSpdV0SU461/eJN1mw7luNB91G3ewRBkuoAqX4MANtOAB2tABDFN4gTd4N3Lj1fgwPpejJWO1cw5/YHz9APF6li8=</latexit>

{
<latexit sha1_base64="6ypV9iCvDDWXCEL5HqeRY4msclY=">AAAB+XicbVDLSsNAFL2pr1pfUZduQktBEEpSF7osunFZwT6gCWEynbRDJ5MwMymE0L9w6caFIm79E3f9GydtF9p6YOBwzr0zZ06QMCqVbc+N0tb2zu5eeb9ycHh0fGKennVlnApMOjhmsegHSBJGOekoqhjpJ4KgKGCkF0zuC783JULSmD+pLCFehEachhQjpSXfNOtuhNQ4CPPMd2YVN/fNmt2wF7A2ibMitVbVvXqet7K2b367wxinEeEKMyTlwLET5eVIKIoZ0VemkiQIT9CIDDTlKCLSyxfJZ1ZdK0MrjIU+XFkL9fdGjiIpsyjQk0VMue4V4n/eIFXhrZdTnqSKcLx8KEyZpWKrqMEaUkGwYpkmCAuqs1p4jATCSpdV0SU461/eJN1mw7luNB91G3ewRBkuoAqX4MANtOAB2tABDFN4gTd4N3Lj1fgwPpejJWO1cw5/YHz9APF6li8=</latexit>

Core idea:
Parameter

Sharing over  
time  

ht = g(Wxt + Uht−1 + b1)

I

x1
<latexit sha1_base64="jf0czKzVihW3BrQ9e4k5JLYwyoM=">AAAB83icbVC7TgJBFL2LL8QXamJjM5GYWJFdKLQk2FhCIo+E3ZDZYRYmzM5uZmaNZMNv2FhojC1/4RfY2fgtzgKFgieZ5OSce3PPHD/mTGnb/rJyG5tb2zv53cLe/sHhUfH4pK2iRBLaIhGPZNfHinImaEszzWk3lhSHPqcdf3yb+Z0HKhWLxL2exNQL8VCwgBGsjeS6IdYjP0gf+860XyzZZXsOtE6cJSnVzprfbFb/aPSLn+4gIklIhSYcK9Vz7Fh7KZaaEU6nBTdRNMZkjIe0Z6jAIVVeOs88RZdGGaAgkuYJjebq740Uh0pNQt9MZhnVqpeJ/3m9RAc3XspEnGgqyOJQkHCkI5QVgAZMUqL5xBBMJDNZERlhiYk2NRVMCc7ql9dJu1J2quVK07RRhwXycA4XcAUOXEMN7qABLSAQwxO8wKuVWM/Wm/W+GM1Zy51T+ANr9gMJ7JVh</latexit>

y1
<latexit sha1_base64="MHG+XxJG+nl9HfS8PJD3RXLa/6E=">AAAB83icbVDLSsNAFL3xWeur6lKRwSK4Kkld6LLoxmUL9gFNKJPppB06mYSZiRBCl/6CGxeKuHXf73DnN/gTTtoutPXAwOGce7lnjh9zprRtf1krq2vrG5uFreL2zu7efungsKWiRBLaJBGPZMfHinImaFMzzWknlhSHPqdtf3Sb++0HKhWLxL1OY+qFeCBYwAjWRnLdEOuhH2Rpzxn3SmW7Yk+BlokzJ+XayaTx/Xg6qfdKn24/IklIhSYcK9V17Fh7GZaaEU7HRTdRNMZkhAe0a6jAIVVeNs08RudG6aMgkuYJjabq740Mh0qloW8m84xq0cvF/7xuooNrL2MiTjQVZHYoSDjSEcoLQH0mKdE8NQQTyUxWRIZYYqJNTUVTgrP45WXSqlacy0q1Ydq4gRkKcAxncAEOXEEN7qAOTSAQwxO8wKuVWM/Wm/U+G12x5jtH8AfWxw8ZypVs</latexit>

h1 h2 h3 h4

θ

R
<latexit sha1_base64="4nihYO00+1zs3A6JVkc3lXq1vVk=">AAAB+HicbVDLSsNAFL3xWeOjUZduBkvBVUnqQjdi0Y3LKvYBbQiT6aQdOnkwMxFq6Je4EVTErT/h3o34N07aLrT1wMDhnHu5Z46fcCaVbX8bS8srq2vrhQ1zc2t7p2jt7jVlnApCGyTmsWj7WFLOItpQTHHaTgTFoc9pyx9e5n7rjgrJ4uhWjRLqhrgfsYARrLTkWcVyN8Rq4AeZ9OyxeeNZJbtiT4AWiTMjpfMP8yx5+jLrnvXZ7cUkDWmkCMdSdhw7UW6GhWKE07HZTSVNMBniPu1oGuGQSjebBB+jslZ6KIiFfpFCE/X3RoZDKUehryfzlHLey8X/vE6qglM3Y1GSKhqR6aEg5UjFKG8B9ZigRPGRJpgIprMiMsACE6W7MnUJzvyXF0mzWnGOK9Vru1S7gCkKcACHcAQOnEANrqAODSCQwgM8w4txbzwar8bbdHTJmO3swx8Y7z83jpXL</latexit>

O
<latexit sha1_base64="KZgCr0X/R48gwtOcAm5d6WPcq74=">AAAB+HicbVDLSsNAFL3xWeOjUZdugqXgqiR1oRux6MadFewD2hAm00k7dDIJMxOhhn6JG0FF3PoT7t2If+Ok7UJbDwwczrmXe+YECaNSOc63sbS8srq2XtgwN7e2d4rW7l5TxqnApIFjFot2gCRhlJOGooqRdiIIigJGWsHwMvdbd0RIGvNbNUqIF6E+pyHFSGnJt4rlboTUIAgz6Ttj89q3Sk7FmcBeJO6MlM4/zLPk6cus+9ZntxfjNCJcYYak7LhOorwMCUUxI2Ozm0qSIDxEfdLRlKOISC+bBB/bZa307DAW+nFlT9TfGxmKpBxFgZ7MU8p5Lxf/8zqpCk+9jPIkVYTj6aEwZbaK7bwFu0cFwYqNNEFYUJ3VxgMkEFa6K1OX4M5/eZE0qxX3uFK9cUq1C5iiAAdwCEfgwgnU4Arq0AAMKTzAM7wY98aj8Wq8TUeXjNnOPvyB8f4DMwKVyA==</latexit>



‣ Input sequence of vectors:    

‣                                consists of two functions: 

‣ Recurrence function     consumes input and previous state 

‣ Output function     maps states to outputs 

‣ Technically, there is a start  
state: 
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The RNN abstraction

x1:n
<latexit sha1_base64="1Yv7OnqZEENJvk/HhqiGD5GVMnM=">AAAB+XicbVDLSsNAFL3xWesrKrhxEyyCq5LUheKq1I3LFuwD2hAm00k7dDIJM5NiCfkTNy4UEVz5C36BOzd+i5O2C209MHA4517umePHjEpl21/Gyura+sZmYau4vbO7t28eHLZklAhMmjhikej4SBJGOWkqqhjpxIKg0Gek7Y9ucr89JkLSiN+pSUzcEA04DShGSkueafZCpIZ+kN57qXPNs8wzS3bZnsJaJs6clKrHjW/6Vvuoe+Znrx/hJCRcYYak7Dp2rNwUCUUxI1mxl0gSIzxCA9LVlKOQSDedJs+sM630rSAS+nFlTdXfGykKpZyEvp7Mc8pFLxf/87qJCq7clPI4UYTj2aEgYZaKrLwGq08FwYpNNEFYUJ3VwkMkEFa6rKIuwVn88jJpVcrORbnS0G3UYIYCnMApnIMDl1CFW6hDEzCM4QGe4NlIjUfjxXidja4Y850j+APj/Qeh4pda</latexit>

s0
<latexit sha1_base64="A6RWsBRMW2IFwes8+VMPbvldk1I=">AAAB83icbVDLSsNAFL2pr1pfVcGNm8EiuCpJXeiy1I3LFuwDmlAm00k7dDIJMxOhhP6GGxeKuO1f+AXu3PgtTtIutPXAwOGce7lnjh9zprRtf1mFjc2t7Z3ibmlv/+DwqHx80lFRIgltk4hHsudjRTkTtK2Z5rQXS4pDn9OuP7nL/O4jlYpF4kFPY+qFeCRYwAjWRnLdEOuxH6RqYM8G5YpdtXOgdeIsSaV+1vpm88ZHc1D+dIcRSUIqNOFYqb5jx9pLsdSMcDoruYmiMSYTPKJ9QwUOqfLSPPMMXRpliIJImic0ytXfGykOlZqGvpnMMqpVLxP/8/qJDm69lIk40VSQxaEg4UhHKCsADZmkRPOpIZhIZrIiMsYSE21qKpkSnNUvr5NOrepcV2st00YDFijCOVzAFThwA3W4hya0gUAMT/ACr1ZiPVtv1vtitGAtd07hD6z5DwDElVs=</latexit>

R
<latexit sha1_base64="4nihYO00+1zs3A6JVkc3lXq1vVk=">AAAB+HicbVDLSsNAFL3xWeOjUZduBkvBVUnqQjdi0Y3LKvYBbQiT6aQdOnkwMxFq6Je4EVTErT/h3o34N07aLrT1wMDhnHu5Z46fcCaVbX8bS8srq2vrhQ1zc2t7p2jt7jVlnApCGyTmsWj7WFLOItpQTHHaTgTFoc9pyx9e5n7rjgrJ4uhWjRLqhrgfsYARrLTkWcVyN8Rq4AeZ9OyxeeNZJbtiT4AWiTMjpfMP8yx5+jLrnvXZ7cUkDWmkCMdSdhw7UW6GhWKE07HZTSVNMBniPu1oGuGQSjebBB+jslZ6KIiFfpFCE/X3RoZDKUehryfzlHLey8X/vE6qglM3Y1GSKhqR6aEg5UjFKG8B9ZigRPGRJpgIprMiMsACE6W7MnUJzvyXF0mzWnGOK9Vru1S7gCkKcACHcAQOnEANrqAODSCQwgM8w4txbzwar8bbdHTJmO3swx8Y7z83jpXL</latexit>

O
<latexit sha1_base64="KZgCr0X/R48gwtOcAm5d6WPcq74=">AAAB+HicbVDLSsNAFL3xWeOjUZdugqXgqiR1oRux6MadFewD2hAm00k7dDIJMxOhhn6JG0FF3PoT7t2If+Ok7UJbDwwczrmXe+YECaNSOc63sbS8srq2XtgwN7e2d4rW7l5TxqnApIFjFot2gCRhlJOGooqRdiIIigJGWsHwMvdbd0RIGvNbNUqIF6E+pyHFSGnJt4rlboTUIAgz6Ttj89q3Sk7FmcBeJO6MlM4/zLPk6cus+9ZntxfjNCJcYYak7LhOorwMCUUxI2Ozm0qSIDxEfdLRlKOISC+bBB/bZa307DAW+nFlT9TfGxmKpBxFgZ7MU8p5Lxf/8zqpCk+9jPIkVYTj6aEwZbaK7bwFu0cFwYqNNEFYUJ3VxgMkEFa6K1OX4M5/eZE0qxX3uFK9cUq1C5iiAAdwCEfgwgnU4Arq0AAMKTzAM7wY98aj8Wq8TUeXjNnOPvyB8f4DMwKVyA==</latexit>

RNN(s0,x1:n)
<latexit sha1_base64="6BKJAN1Wro0Ab238zVdJq3k0xmU=">AAACDXicbVDLSsNAFJ3UV62vqks3oVWoKCWpC8VV0Y2rUsU+oClhMp20QyeTMDMRQ8gPuHHjh7hxoYhb9+76N07aCtp6YODMOfdy7z1OQImQhjHSMguLS8sr2dXc2vrG5lZ+e6cp/JAj3EA+9XnbgQJTwnBDEklxO+AYeg7FLWd4mfqtO8wF8dmtjALc9WCfEZcgKJVk5/dvarWS5UE5cNxY2EZy/PO5t2PznCXJYS5n54tG2RhDnyfmlBSrBevoaVSN6nb+y+r5KPQwk4hCITqmEchuDLkkiOIkZ4UCBxANYR93FGXQw6Ibj69J9AOl9HTX5+oxqY/V3x0x9ISIPEdVpquKWS8V//M6oXTPujFhQSgxQ5NBbkh16etpNHqPcIwkjRSBiBO1q44GkEMkVYBpCObsyfOkWSmbJ+XKtUrjAkyQBXugAErABKegCq5AHTQAAg/gGbyCN+1Re9HetY9JaUab9uyCP9A+vwEAH53X</latexit>

(Graphical illustration - from Yoav Goldberg’s primer, 2015)

si�1
<latexit sha1_base64="c96LUYM+Zu1bTIkKYnPDJ6NfYJc=">AAAB+nicbVC7TsMwFHXKq5RXCiOLoUIqA1VSBhgrWBiLRB9SE0WO67RWHSeyHVAV8g18AQsDCLHyBXwCGx/CjtN2gJYjWTo6517d4+PHjEplWV9GYWl5ZXWtuF7a2Nza3jHLu20ZJQKTFo5YJLo+koRRTlqKKka6sSAo9Bnp+KPL3O/cEiFpxG/UOCZuiAacBhQjpSXPLDshUkM/SKWX0hM7y0qeWbFq1gRwkdgzUmkcVL8/Hpzjpmd+Ov0IJyHhCjMkZc+2YuWmSCiKGclKTiJJjPAIDUhPU45CIt10Ej2DR1rpwyAS+nEFJ+rvjRSFUo5DX0/mQeW8l4v/eb1EBeduSnmcKMLx9FCQMKgimPcA+1QQrNhYE4QF1VkhHiKBsNJt5SXY819eJO16zT6t1a91GxdgiiLYB4egCmxwBhrgCjRBC2BwBx7BM3gx7o0n49V4m44WjNnOHvgD4/0HU+uXCg==</latexit>
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The RNN abstraction - More formally

θ
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(Graphical illustration - recursive - from Yoav Goldberg’s primer, 2015)

https://arxiv.org/abs/1510.00726
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RNN: Unrolled over time

(Graphical illustration - recursive - from Yoav Goldberg’s primer, 2015)

https://arxiv.org/abs/1510.00726
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Expansion at time step 4

(Graphical illustration - recursive - from Yoav Goldberg’s primer, 2015)

https://arxiv.org/abs/1510.00726
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Training a RNN, parameter tying

x1 x2h0

h1 h2

ŷ1 ŷ2

h3

x3

ŷ3

x4

h4

ŷ4

y1

cost

y2

cost

y2

cost

y4

cost

L

the unrolled graph is 
a DAG computational 

graph, we can 
backprop back

Parameter tying: the 
parameters are shared 

across time steps. 
Derivatives accumulated.

Pros: - reduce #params

- model arbitrary lengths

θ
Inspired by Chris Dyer’s lecture

Backpropagation  
through time (BPTT, Werbos, 1990).

sum loss



is great

CBOW(wi, . . , wn) =
n

∑
i

E[wi]

+

representation

this !

+ +

Lookup & sum

One fixed input, e.g. average or sum:

V

W

Recap: FFNN’s way 



Lookup & process 
each time step

ho

Time step 1:

is greatthis !

Recap: RNN’s way 



Lookup & process 
each time step

ho

V

W

U

Time step 1:

is greatthis !
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Recap: RNN’s way 



Lookup & process 
each time step

ho

Time step 2:

U

is greatthis !
x1 x2 x3 x4

Recap: RNN’s way 
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Lookup & process 
each time step

ho

Time step 3:

U
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Recap: RNN’s way 
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Lookup & process 
each time step

ho

Time step 3:

x1 x2 x3 x4
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Recap: RNN’s way 
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is greatthis !

ho

Unrolled sequence:

x1 x2 x3 x4

U

h1 h2
h3 h4

RNN: shared parameters



RNN: h acting as "memory" 

is greatthis !

ho

Unrolled sequence:

x1 x2 x3 x4

θ

h1 h2
h3 h4

sentence or 
“thought” vector



RNN Language Model



90

Training a RNN LM - Example

Illustration by Jurafsky & Martin
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What about these issues?

‣ Can it handle similar words? 

‣ she bought a bicycle 

‣ she purchased a bicycle 

‣ Long-distance dependencies? 

‣ for programming she yesterday purchased her own brand new laptop 

‣ for running she yesterday purchased her brand new sportswatch

However, in practice the vanilla RNN  
has some trouble.. more soon



‣ LM: a model that predicts the next word 

‣ RNN: a family of neural networks 

‣ to model sequential input of any length 

‣ can optionally produce an output at each time step t (function O) 

‣ RNNs are great as LMs. They can be used for much more:

92

RNNs - Interim summary



Four Common Usage  
Patterns of RNNs



‣ Use average of states to predict y 

‣ Use last state only to predict y

94

An RNN as acceptor

Pooling of hidden states



‣ Use last state as encoding of the information in the sequence; use as “feature” in other NN 

‣ encode, not predict 

‣ E.g. character RNN

95

Example: An RNN as encoder
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RNN as Transducer

many to manyIllustration adapted from Karpathy

‣ predict an output  
for each  
time step t 

‣ E.g. Tagging 
(POS, NER)

loss loss loss

sum

total loss
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RNN as generator

one to many

Illustration adapted from Karpathy

‣ Conditioned generation 

‣ E.g. image 
caption generation, 
speech synthesis
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RNN encoder-decoder (seq2seq)

many to many

Illustration adapted from Karpathy

‣ Both input and output  
are a sequence



Deeper, better models? 
Some more concepts



The person who hunts ducks out on the weekends

100

Only left to right?

… person who hunts ducks out …

… …

Example adapted from Rao & McMahan, 2018 https://en.wikipedia.org/wiki/Garden-path_sentence

https://en.wikipedia.org/wiki/Garden-path_sentence
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Bidirectional RNNs

… person who hunts ducks out …

… …

… …
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‣ Multiple layers of RNNs, e.g., bi-RNNs

102

Stacked RNNs

<w> 

b 

y 

</w>a letter

O TEXT O

~w ~c

by



Subword representations: Characters

(Plank et al., 2016 for POS;  
Ling et al., 2015 for NER)

<w>
c
a
t
s

</w>

Juli loves cats

PROPN VERB NOUN

~w ~c

bi* (85% noun  
in Danish)

*able (98% adj  
in WSJ)



‣ Training deep neural networks is difficult  

‣ Solution: add direct “skip” connections (ResNet, residual connections), 
proposed by He et al., (2015) 

‣ i.e. add F(x) + x, instead of F(x) 

‣ allows for training deeper models (in fact, is used in transformers as we will see)

104

Residual connections

https://arxiv.org/pdf/1512.03385.pdf


Gated RNN 
architectures



‣ RNN = “vanilla” RNN 

‣ RNN flavors (=gated RNNs): 

‣ GRU                  and LSTMs 

‣ Why? Problem of RNNs: Vanishing gradients!

106

A note on terminology



‣ Gradients decrease as they are pushed back 
 
 
 
 
 
 
 
(Illustration by Graham Neubig)
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Vanishing Gradient



Gated RNN architectures: 
RNN flavors with a 
separate memory
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Vanilla RNN unit

tanh

ht−1

xt

softmax

ŷt

ht

At each time step, the 
hidden state is updated:

in a vanilla RNN 
the hidden state is 
constantly being 

rewritten

ht = g(Wxt + Uht−1 + b)
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GRU (Gated recurrent Unit) - simplified

tanh

xt

softmax

ŷt

ct

c̃ = tanh(Ucxt + Wcct−1 + bc)

‣ Cho et al. (2014) - key idea: dynamic memory update c (h=c) 

‣ at every step t, consider overwriting candidate memory 

ct−1
γU = σ(UUxt + WUct−1 + bU)

“update” gate

candidate for overwriting cell

c̃
σ

γU

ct = γU ⊙ c̃ + (1 − γU) ⊙ ct−1

“choose which bits to update”

element-wise multiplication
update if gamma_U > 0

sigmoid gate: values between 0 and 1

use previous state
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GRU (Gated recurrent Unit) - full

c̃ = tanh(Ucxt + Wc(γR ⊙ ct−1) + bc)

ct = γU ⊙ c̃ + (1 − γU) ⊙ ct−1

γR = σ(URxt + WRct−1 + bR)

‣ GRU: the full GRU has two gates:

Update gate: controls what parts 
of the hidden state are updated vs 

preserved

Reset gate: controls what parts of the 
previous hidden state are used to 

compute new content

γU = σ(UUxt + WUct−1 + bU)

How does this help the vanishing gradient problem? 
GRUs make it easier to retain info long-term (e.g. by not updating bits)

"Learning Phrase Representations using RNN Encoder–Decoder for Statistical Machine Translation", Cho et al. 2014, https://arxiv.org/pdf/1406.1078v3.pdf

Slide inspired by Abigail See

all vectors of same size
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LSTM (Long-Short Term Memory)

‣ Introduced by Hochreiter & Schmidhuber 1997 

‣ Separate memory cell c and hidden state h 

‣ Three gates: 

‣ forget gate: controls what is kept and forgotten from previous 
cell state 

‣ input gate: controls what part of the new cell content are written 
to the cell 

‣ output gate: controls what part of the new cell content are 
written to the hidden state



113

LSTM (Long-Short Term Memory)

Slide by Abigail See
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LSTM (Long-Short Term Memory)

Slide by Abigail See



‣ GRU is more efficient to learn (fewer parameters) 

‣ Which is better? 

‣ No conclusive evidence that one is always superior to the other 

‣ LSTM is typically a good starting choice 

‣ Suggestion: switch to GRU if you want a more efficient model
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GRU vs LSTM



‣ RNNs:  

‣ Two fancy variants: LSTM and GRU  
to address the vanishing gradient problem 

‣ Other concepts: 
Bidirectionality, Stacking, Residual connections 

‣ Next concepts to cover: 

‣ beyond static word embeddings 

‣ gluing it all together: attention & contextualised representations

116

Interim summary



‣ Part I: Fundamentals  

‣ Intro, Motivation & Short History 

‣ Language Models (n-grams, FFNN-LM, Recap: FFNN) 

‣ Part II: Representations & Beyond FFNN 

‣ RNNs (GRU/LSTMs), Attention 

‣ Contextualised Representations (ELMo)  

‣ Part III: Transformer & LLMs 

‣ The Transformer, Masked LMs (BERT), Pre-training & Fine-tuning 

‣ Prompting, LLMs & Caution

117

Today’s roadmap

… …

w1 w2 w3 … Wt



Attention? Attention!

Many thanks to Lilian Weng for an awesome tutorial (https://lilianweng.github.io/lil-log/2018/06/24/attention-attention.html) and 
Graham Neubig’s NN for NLP class (http://www.phontron.com/class/nn4nlp2019/)

https://lilianweng.github.io/lil-log/2018/06/24/attention-attention.html
http://www.phontron.com/class/nn4nlp2019/


Motivation: Encoder-decoder model 
for Machine Translation (MT)

Der Film ist langweilig

Encoder
(source)

The

argmax

The

movie

argmax argmax

is

argmax

boring

movie is

argmax

</s>

boring

Decoder 
(target)

sentence vector a single $&!*ing 
vector!



‣ The encoder compresses the sentence into a single fixed-size vector. This representation is 
expected to be a good summary of the entire sentence. 

‣ Disadvantage: incapability of remembering longer sequences. 

‣ “You can’t cram the meaning of a of a whole %&!$ing sentence into a single $&!*ing 
vector!” — Ray Mooney

120

But: we’re cramming it all into..



‣ What if we use several vectors, based on the length of the input sequence?  

‣ Idea: when we generate the next word in MT, perhaps we can learn to attend to the relevant 
source words
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Beyond a single static “crammed” vector

the cat is black
Encoder

Encoder

h4
<latexit sha1_base64="+YLzsEr/4HtFuWfk3EuOEKujH9g=">AAAB9HicbVDLSgMxFL2pr1pfVZdugkVwVWZqQZdFNy4r2Ae0Q8mkmTY0kxmTTKEM/Q43LhRx68e482/MtLPQ1gOBwzn3ck+OHwuujeN8o8LG5tb2TnG3tLd/cHhUPj5p6yhRlLVoJCLV9YlmgkvWMtwI1o0VI6EvWMef3GV+Z8qU5pF8NLOYeSEZSR5wSoyVvH5IzNgP0vGgPseDcsWpOgvgdeLmpAI5moPyV38Y0SRk0lBBtO65Tmy8lCjDqWDzUj/RLCZ0QkasZ6kkIdNeugg9xxdWGeIgUvZJgxfq742UhFrPQt9OZiH1qpeJ/3m9xAQ3XsplnBgm6fJQkAhsIpw1gIdcMWrEzBJCFbdZMR0TRaixPZVsCe7ql9dJu1Z1r6q1h3qlcZvXUYQzOIdLcOEaGnAPTWgBhSd4hld4Q1P0gt7Rx3K0gPKdU/gD9PkDcZ6R4Q==</latexit>

the cat is black

Dynamically look at all encoder hidden states 

h1
<latexit sha1_base64="hFxO5UtyO5a/QEoP47g0JAPJpqM=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmUF+4B2KJn0ThuayYxJplCGfocbF4q49WPc+Tdm2i609UDgcM693JMTJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0l/utMSrNY/loJgn6ER1IHnJGjZX8bkTNMAizYc+bkl6p7FbcGcgq8RakDAvUe6Wvbj9maYTSMEG17nhuYvyMKsOZwGmxm2pMKBvRAXYslTRC7Wez0FNybpU+CWNlnzRkpv7eyGik9SQK7GQeUi97ufif10lNeONnXCapQcnmh8JUEBOTvAHS5wqZERNLKFPcZiVsSBVlxvZUtCV4y19eJc1qxbusVB+uyrXbRR0FOIUzuAAPrqEG91CHBjB4gmd4hTdn7Lw4787HfHTNWeycwB84nz9tDJHe</latexit>

h2
<latexit sha1_base64="/BvkXpFuk0AFjRAcO9/abxcFgR0=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmUF+4B2KJk004ZmMmNyp1CGfocbF4q49WPc+Tdm2i609UDgcM693JMTJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju9xvjbk2IlaPOEm4H9GBEqFgFK3kdyOKwyDMhr3qlPRKZbfizkBWibcgZVig3it9dfsxSyOukElqTMdzE/QzqlEwyafFbmp4QtmIDnjHUkUjbvxsFnpKzq3SJ2Gs7VNIZurvjYxGxkyiwE7mIc2yl4v/eZ0Uwxs/EypJkSs2PxSmkmBM8gZIX2jOUE4soUwLm5WwIdWUoe2paEvwlr+8SprVindZqT5clWu3izoKcApncAEeXEMN7qEODWDwBM/wCm/O2Hlx3p2P+eias9g5gT9wPn8AbpKR3w==</latexit>

h3
<latexit sha1_base64="jv9F9hQc7z2SNPpV1QfhwkTepGg=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsy0gi6LblxWsA9oh5JJM21okhmTTKEM/Q43LhRx68e482/MtLPQ1gOBwzn3ck9OEHOmjet+O4WNza3tneJuaW//4PCofHzS1lGiCG2RiEeqG2BNOZO0ZZjhtBsrikXAaSeY3GV+Z0qVZpF8NLOY+gKPJAsZwcZKfl9gMw7CdDyoz9GgXHGr7gJonXg5qUCO5qD81R9GJBFUGsKx1j3PjY2fYmUY4XRe6ieaxphM8Ij2LJVYUO2ni9BzdGGVIQojZZ80aKH+3kix0HomAjuZhdSrXib+5/USE974KZNxYqgky0NhwpGJUNYAGjJFieEzSzBRzGZFZIwVJsb2VLIleKtfXiftWtWrV2sPV5XGbV5HEc7gHC7Bg2towD00oQUEnuAZXuHNmTovzrvzsRwtOPnOKfyB8/kDcBiR4A==</latexit>

h4
<latexit sha1_base64="+YLzsEr/4HtFuWfk3EuOEKujH9g=">AAAB9HicbVDLSgMxFL2pr1pfVZdugkVwVWZqQZdFNy4r2Ae0Q8mkmTY0kxmTTKEM/Q43LhRx68e482/MtLPQ1gOBwzn3ck+OHwuujeN8o8LG5tb2TnG3tLd/cHhUPj5p6yhRlLVoJCLV9YlmgkvWMtwI1o0VI6EvWMef3GV+Z8qU5pF8NLOYeSEZSR5wSoyVvH5IzNgP0vGgPseDcsWpOgvgdeLmpAI5moPyV38Y0SRk0lBBtO65Tmy8lCjDqWDzUj/RLCZ0QkasZ6kkIdNeugg9xxdWGeIgUvZJgxfq742UhFrPQt9OZiH1qpeJ/3m9xAQ3XsplnBgm6fJQkAhsIpw1gIdcMWrEzBJCFbdZMR0TRaixPZVsCe7ql9dJu1Z1r6q1h3qlcZvXUYQzOIdLcOEaGnAPTWgBhSd4hld4Q1P0gt7Rx3K0gPKdU/gD9PkDcZ6R4Q==</latexit>



‣ When decoding, compare query to key vectors and perform a linear combination of the 
encoded input vectors, weighted by “attention weights” 

‣ Illustration at time step t: 

‣ Pairwise comparison of each query-key pair 

‣ Normalise score to weights 

‣ Get new ct
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St

yt+

h1
<latexit sha1_base64="hFxO5UtyO5a/QEoP47g0JAPJpqM=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmUF+4B2KJn0ThuayYxJplCGfocbF4q49WPc+Tdm2i609UDgcM693JMTJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0l/utMSrNY/loJgn6ER1IHnJGjZX8bkTNMAizYc+bkl6p7FbcGcgq8RakDAvUe6Wvbj9maYTSMEG17nhuYvyMKsOZwGmxm2pMKBvRAXYslTRC7Wez0FNybpU+CWNlnzRkpv7eyGik9SQK7GQeUi97ufif10lNeONnXCapQcnmh8JUEBOTvAHS5wqZERNLKFPcZiVsSBVlxvZUtCV4y19eJc1qxbusVB+uyrXbRR0FOIUzuAAPrqEG91CHBjB4gmd4hTdn7Lw4787HfHTNWeycwB84nz9tDJHe</latexit>

h2
<latexit sha1_base64="/BvkXpFuk0AFjRAcO9/abxcFgR0=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmUF+4B2KJk004ZmMmNyp1CGfocbF4q49WPc+Tdm2i609UDgcM693JMTJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju9xvjbk2IlaPOEm4H9GBEqFgFK3kdyOKwyDMhr3qlPRKZbfizkBWibcgZVig3it9dfsxSyOukElqTMdzE/QzqlEwyafFbmp4QtmIDnjHUkUjbvxsFnpKzq3SJ2Gs7VNIZurvjYxGxkyiwE7mIc2yl4v/eZ0Uwxs/EypJkSs2PxSmkmBM8gZIX2jOUE4soUwLm5WwIdWUoe2paEvwlr+8SprVindZqT5clWu3izoKcApncAEeXEMN7qEODWDwBM/wCm/O2Hlx3p2P+eias9g5gT9wPn8AbpKR3w==</latexit>

h3
<latexit sha1_base64="jv9F9hQc7z2SNPpV1QfhwkTepGg=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsy0gi6LblxWsA9oh5JJM21okhmTTKEM/Q43LhRx68e482/MtLPQ1gOBwzn3ck9OEHOmjet+O4WNza3tneJuaW//4PCofHzS1lGiCG2RiEeqG2BNOZO0ZZjhtBsrikXAaSeY3GV+Z0qVZpF8NLOY+gKPJAsZwcZKfl9gMw7CdDyoz9GgXHGr7gJonXg5qUCO5qD81R9GJBFUGsKx1j3PjY2fYmUY4XRe6ieaxphM8Ij2LJVYUO2ni9BzdGGVIQojZZ80aKH+3kix0HomAjuZhdSrXib+5/USE974KZNxYqgky0NhwpGJUNYAGjJFieEzSzBRzGZFZIwVJsb2VLIleKtfXiftWtWrV2sPV5XGbV5HEc7gHC7Bg2towD00oQUEnuAZXuHNmTovzrvzsRwtOPnOKfyB8/kDcBiR4A==</latexit>

h4
<latexit sha1_base64="+YLzsEr/4HtFuWfk3EuOEKujH9g=">AAAB9HicbVDLSgMxFL2pr1pfVZdugkVwVWZqQZdFNy4r2Ae0Q8mkmTY0kxmTTKEM/Q43LhRx68e482/MtLPQ1gOBwzn3ck+OHwuujeN8o8LG5tb2TnG3tLd/cHhUPj5p6yhRlLVoJCLV9YlmgkvWMtwI1o0VI6EvWMef3GV+Z8qU5pF8NLOYeSEZSR5wSoyVvH5IzNgP0vGgPseDcsWpOgvgdeLmpAI5moPyV38Y0SRk0lBBtO65Tmy8lCjDqWDzUj/RLCZ0QkasZ6kkIdNeugg9xxdWGeIgUvZJgxfq742UhFrPQt9OZiH1qpeJ/3m9xAQ3XsplnBgm6fJQkAhsIpw1gIdcMWrEzBJCFbdZMR0TRaixPZVsCe7ql9dJu1Z1r6q1h3qlcZvXUYQzOIdLcOEaGnAPTWgBhSd4hld4Q1P0gt7Rx3K0gPKdU/gD9PkDcZ6R4Q==</latexit>

query vector

key vectors

Attention: Core Idea

(Bahdanau et al., 2015)

ct context vector
attention weights



1. For each query-key pair (q,k), calculate an attention score ai  by attention function a 

2. Normalize via softmax to get attention weights 𝜶i
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St

yt

h1
<latexit sha1_base64="hFxO5UtyO5a/QEoP47g0JAPJpqM=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmUF+4B2KJn0ThuayYxJplCGfocbF4q49WPc+Tdm2i609UDgcM693JMTJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0l/utMSrNY/loJgn6ER1IHnJGjZX8bkTNMAizYc+bkl6p7FbcGcgq8RakDAvUe6Wvbj9maYTSMEG17nhuYvyMKsOZwGmxm2pMKBvRAXYslTRC7Wez0FNybpU+CWNlnzRkpv7eyGik9SQK7GQeUi97ufif10lNeONnXCapQcnmh8JUEBOTvAHS5wqZERNLKFPcZiVsSBVlxvZUtCV4y19eJc1qxbusVB+uyrXbRR0FOIUzuAAPrqEG91CHBjB4gmd4hTdn7Lw4787HfHTNWeycwB84nz9tDJHe</latexit>

h2
<latexit sha1_base64="/BvkXpFuk0AFjRAcO9/abxcFgR0=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmUF+4B2KJk004ZmMmNyp1CGfocbF4q49WPc+Tdm2i609UDgcM693JMTJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju9xvjbk2IlaPOEm4H9GBEqFgFK3kdyOKwyDMhr3qlPRKZbfizkBWibcgZVig3it9dfsxSyOukElqTMdzE/QzqlEwyafFbmp4QtmIDnjHUkUjbvxsFnpKzq3SJ2Gs7VNIZurvjYxGxkyiwE7mIc2yl4v/eZ0Uwxs/EypJkSs2PxSmkmBM8gZIX2jOUE4soUwLm5WwIdWUoe2paEvwlr+8SprVindZqT5clWu3izoKcApncAEeXEMN7qEODWDwBM/wCm/O2Hlx3p2P+eias9g5gT9wPn8AbpKR3w==</latexit>

h3
<latexit sha1_base64="jv9F9hQc7z2SNPpV1QfhwkTepGg=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsy0gi6LblxWsA9oh5JJM21okhmTTKEM/Q43LhRx68e482/MtLPQ1gOBwzn3ck9OEHOmjet+O4WNza3tneJuaW//4PCofHzS1lGiCG2RiEeqG2BNOZO0ZZjhtBsrikXAaSeY3GV+Z0qVZpF8NLOY+gKPJAsZwcZKfl9gMw7CdDyoz9GgXHGr7gJonXg5qUCO5qD81R9GJBFUGsKx1j3PjY2fYmUY4XRe6ieaxphM8Ij2LJVYUO2ni9BzdGGVIQojZZ80aKH+3kix0HomAjuZhdSrXib+5/USE974KZNxYqgky0NhwpGJUNYAGjJFieEzSzBRzGZFZIwVJsb2VLIleKtfXiftWtWrV2sPV5XGbV5HEc7gHC7Bg2towD00oQUEnuAZXuHNmTovzrvzsRwtOPnOKfyB8/kDcBiR4A==</latexit>

h4
<latexit sha1_base64="+YLzsEr/4HtFuWfk3EuOEKujH9g=">AAAB9HicbVDLSgMxFL2pr1pfVZdugkVwVWZqQZdFNy4r2Ae0Q8mkmTY0kxmTTKEM/Q43LhRx68e482/MtLPQ1gOBwzn3ck+OHwuujeN8o8LG5tb2TnG3tLd/cHhUPj5p6yhRlLVoJCLV9YlmgkvWMtwI1o0VI6EvWMef3GV+Z8qU5pF8NLOYeSEZSR5wSoyVvH5IzNgP0vGgPseDcsWpOgvgdeLmpAI5moPyV38Y0SRk0lBBtO65Tmy8lCjDqWDzUj/RLCZ0QkasZ6kkIdNeugg9xxdWGeIgUvZJgxfq742UhFrPQt9OZiH1qpeJ/3m9xAQ3XsplnBgm6fJQkAhsIpw1gIdcMWrEzBJCFbdZMR0TRaixPZVsCe7ql9dJu1Z1r6q1h3qlcZvXUYQzOIdLcOEaGnAPTWgBhSd4hld4Q1P0gt7Rx3K0gPKdU/gD9PkDcZ6R4Q==</latexit>

Calculating attention (1/2):  
Attention weights 𝜶

key vectors

a(q, k)

a4=-1.0

a(q, k)

a3=-0.5

a(q, k)

a2=0.1

a(q, k)

a1=2.1
softmax

query vector

(Bahdanau et al., 2015)

𝛼1=.79 𝛼2=.11 𝛼3=.05 𝛼4=.03



3. Combine together value vectors via attention-weighted sum to get ct

124

h1
<latexit sha1_base64="hFxO5UtyO5a/QEoP47g0JAPJpqM=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmUF+4B2KJn0ThuayYxJplCGfocbF4q49WPc+Tdm2i609UDgcM693JMTJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0l/utMSrNY/loJgn6ER1IHnJGjZX8bkTNMAizYc+bkl6p7FbcGcgq8RakDAvUe6Wvbj9maYTSMEG17nhuYvyMKsOZwGmxm2pMKBvRAXYslTRC7Wez0FNybpU+CWNlnzRkpv7eyGik9SQK7GQeUi97ufif10lNeONnXCapQcnmh8JUEBOTvAHS5wqZERNLKFPcZiVsSBVlxvZUtCV4y19eJc1qxbusVB+uyrXbRR0FOIUzuAAPrqEG91CHBjB4gmd4hTdn7Lw4787HfHTNWeycwB84nz9tDJHe</latexit>

h2
<latexit sha1_base64="/BvkXpFuk0AFjRAcO9/abxcFgR0=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmUF+4B2KJk004ZmMmNyp1CGfocbF4q49WPc+Tdm2i609UDgcM693JMTJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju9xvjbk2IlaPOEm4H9GBEqFgFK3kdyOKwyDMhr3qlPRKZbfizkBWibcgZVig3it9dfsxSyOukElqTMdzE/QzqlEwyafFbmp4QtmIDnjHUkUjbvxsFnpKzq3SJ2Gs7VNIZurvjYxGxkyiwE7mIc2yl4v/eZ0Uwxs/EypJkSs2PxSmkmBM8gZIX2jOUE4soUwLm5WwIdWUoe2paEvwlr+8SprVindZqT5clWu3izoKcApncAEeXEMN7qEODWDwBM/wCm/O2Hlx3p2P+eias9g5gT9wPn8AbpKR3w==</latexit>

h3
<latexit sha1_base64="jv9F9hQc7z2SNPpV1QfhwkTepGg=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsy0gi6LblxWsA9oh5JJM21okhmTTKEM/Q43LhRx68e482/MtLPQ1gOBwzn3ck9OEHOmjet+O4WNza3tneJuaW//4PCofHzS1lGiCG2RiEeqG2BNOZO0ZZjhtBsrikXAaSeY3GV+Z0qVZpF8NLOY+gKPJAsZwcZKfl9gMw7CdDyoz9GgXHGr7gJonXg5qUCO5qD81R9GJBFUGsKx1j3PjY2fYmUY4XRe6ieaxphM8Ij2LJVYUO2ni9BzdGGVIQojZZ80aKH+3kix0HomAjuZhdSrXib+5/USE974KZNxYqgky0NhwpGJUNYAGjJFieEzSzBRzGZFZIwVJsb2VLIleKtfXiftWtWrV2sPV5XGbV5HEc7gHC7Bg2towD00oQUEnuAZXuHNmTovzrvzsRwtOPnOKfyB8/kDcBiR4A==</latexit>

h4
<latexit sha1_base64="+YLzsEr/4HtFuWfk3EuOEKujH9g=">AAAB9HicbVDLSgMxFL2pr1pfVZdugkVwVWZqQZdFNy4r2Ae0Q8mkmTY0kxmTTKEM/Q43LhRx68e482/MtLPQ1gOBwzn3ck+OHwuujeN8o8LG5tb2TnG3tLd/cHhUPj5p6yhRlLVoJCLV9YlmgkvWMtwI1o0VI6EvWMef3GV+Z8qU5pF8NLOYeSEZSR5wSoyVvH5IzNgP0vGgPseDcsWpOgvgdeLmpAI5moPyV38Y0SRk0lBBtO65Tmy8lCjDqWDzUj/RLCZ0QkasZ6kkIdNeugg9xxdWGeIgUvZJgxfq742UhFrPQt9OZiH1qpeJ/3m9xAQ3XsplnBgm6fJQkAhsIpw1gIdcMWrEzBJCFbdZMR0TRaixPZVsCe7ql9dJu1Z1r6q1h3qlcZvXUYQzOIdLcOEaGnAPTWgBhSd4hld4Q1P0gt7Rx3K0gPKdU/gD9PkDcZ6R4Q==</latexit>

Calculating attention (1/2):  
Attention weights 𝜶

value vectors

𝛼1=.79 𝛼2=.11 𝛼3=.05 𝛼4=.03

+ ct

ct =
nX

i=1

↵t,ihi

<latexit sha1_base64="mssqSeNS0sTKB8gVqfu9QGdNRg4=">AAACHXicbVDLSgMxFM34rPVVdekmWAQXUmZqQTeFohuXFewDOnXIpJk2NJMZkjtCGeZH3Pgrblwo4sKN+DemD0FbDwQO55xL7j1+LLgG2/6ylpZXVtfWcxv5za3tnd3C3n5TR4mirEEjEam2TzQTXLIGcBCsHStGQl+wlj+8Gvute6Y0j+QtjGLWDUlf8oBTAkbyChU3JDDwg5R6kOEqdnUSeimvOtmdxC4R8YB4KZzy7Cc38HjmFYp2yZ4ALxJnRopohrpX+HB7EU1CJoEKonXHsWPopkQBp4JleTfRLCZ0SPqsY6gkIdPddHJdho+N0sNBpMyTgCfq74mUhFqPQt8kxzvqeW8s/ud1EgguuimXcQJM0ulHQSIwRHhcFe5xxSiIkSGEKm52xXRAFKFgCs2bEpz5kxdJs1xyzkrlm0qxdjmrI4cO0RE6QQ46RzV0jeqogSh6QE/oBb1aj9az9Wa9T6NL1mzmAP2B9fkNUfiisw==</latexit>

(Bahdanau et al., 2015)

weights



125

+

ct =
nX

i=1

↵t,ihi

<latexit sha1_base64="mssqSeNS0sTKB8gVqfu9QGdNRg4=">AAACHXicbVDLSgMxFM34rPVVdekmWAQXUmZqQTeFohuXFewDOnXIpJk2NJMZkjtCGeZH3Pgrblwo4sKN+DemD0FbDwQO55xL7j1+LLgG2/6ylpZXVtfWcxv5za3tnd3C3n5TR4mirEEjEam2TzQTXLIGcBCsHStGQl+wlj+8Gvute6Y0j+QtjGLWDUlf8oBTAkbyChU3JDDwg5R6kOEqdnUSeimvOtmdxC4R8YB4KZzy7Cc38HjmFYp2yZ4ALxJnRopohrpX+HB7EU1CJoEKonXHsWPopkQBp4JleTfRLCZ0SPqsY6gkIdPddHJdho+N0sNBpMyTgCfq74mUhFqPQt8kxzvqeW8s/ud1EgguuimXcQJM0ulHQSIwRHhcFe5xxSiIkSGEKm52xXRAFKFgCs2bEpz5kxdJs1xyzkrlm0qxdjmrI4cO0RE6QQ46RzV0jeqogSh6QE/oBb1aj9az9Wa9T6NL1mzmAP2B9fkNUfiisw==</latexit>

h1
<latexit sha1_base64="hFxO5UtyO5a/QEoP47g0JAPJpqM=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmUF+4B2KJn0ThuayYxJplCGfocbF4q49WPc+Tdm2i609UDgcM693JMTJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0l/utMSrNY/loJgn6ER1IHnJGjZX8bkTNMAizYc+bkl6p7FbcGcgq8RakDAvUe6Wvbj9maYTSMEG17nhuYvyMKsOZwGmxm2pMKBvRAXYslTRC7Wez0FNybpU+CWNlnzRkpv7eyGik9SQK7GQeUi97ufif10lNeONnXCapQcnmh8JUEBOTvAHS5wqZERNLKFPcZiVsSBVlxvZUtCV4y19eJc1qxbusVB+uyrXbRR0FOIUzuAAPrqEG91CHBjB4gmd4hTdn7Lw4787HfHTNWeycwB84nz9tDJHe</latexit>
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Attention with a FFNN/MLP 
(Bahdanau, 2015)

𝛼1=.79 𝛼2=.11 𝛼3=.05 𝛼4=.03

1. For each query-key pair, calculate   
score ai 

2. Normalize via softmax to get weights 

3. Combine together value vectors via 
weighted sum to get ct 

4. Use ct  in your model

ct =
nX

i=1

↵t,ihi
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FFNN!(Bahdanau, 2015)

a(q, k) = vT
a tanh(Wa[q; k])

Different attention functions a  
(e.g., Luong et al., 2015)



‣ Dot product (Luong et al., 2015) 
 - requires same size; but has no parameters 

‣ Bilinear (Luong et al., 2015) 
 

‣ Scaled dot product (Vaswani et al., 2017) 
- fixes problem of dot product that scale of dot product increases as dimensions get larger
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Different attention functions a()

a(q, k) = qTk

a(q, k) = qTWk

a(q, k) =
qTk

n

https://lilianweng.github.io/lil-log/2018/06/24/attention-attention.html

https://lilianweng.github.io/lil-log/2018/06/24/attention-attention.html


Recurrent Neural Network



Recurrent Neural Network
With Attention



Recurrent Neural Network
With Attention



Recurrent Neural Network
With Attention



Recurrent Neural Network
With Attention

Encoder-Decoder Attention (aka Cross Attention)
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A graphical example (Bahdanau, 2015)

https://arxiv.org/pdf/1409.0473.pdf

𝛼1 𝛼2 𝛼3 𝛼4

https://arxiv.org/pdf/1409.0473.pdf
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Enc-dec performance deteriorates rapidly 
as input sentence length increases

https://arxiv.org/pdf/1409.0473.pdf

Cho et al., (2014); Bahdanau et al. (2015) 

with attention

https://arxiv.org/pdf/1409.0473.pdf


134

Self Attention 

‣ Attend to sentence itself (Cheng, Dong, Lapata, 2016) in contrast to cross attention (in 
encoder-decoder)

https://arxiv.org/pdf/1601.06733.pdf

Self Attention

https://arxiv.org/pdf/1601.06733.pdf


‣ Salient parts of the image (e.g., Xu et at., 2015)
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Attention in image caption generation



‣ Part I: Fundamentals  

‣ Intro, Motivation & Short History 

‣ Language Models (n-grams, FFNN-LM, Recap: FFNN) 

‣ Part II: Representations & Beyond FFNN 

‣ RNNs (GRU/LSTMs), Attention 

‣ Contextualised Representations (ELMo)  

‣ Part III: Transformer & LLMs 

‣ The Transformer, Masked LMs (BERT), Pre-training & Fine-tuning 

‣ Prompting, LLMs & Caution

136

Today’s roadmap

… …

w1 w2 w3 … Wt



With thanks to Arianna Bisazza, Max Müller-Eberstein & Joris Baan for parts of the slides

Introduction to  
Contextualized Embeddings 
(ELMo) 
Welcome to the contextualised embeddings world



Traditional (“static”) 
word embeddings





What is missing?



No context



‣ A seminal paper to start a new era of representations: contextualised embeddings 

‣ Key Idea: Learn word token vectors (not type) using entire context 

‣ Aka token embedding, which depends on surrounding context during use 

‣ ELMo: Self-supervised, pre-trained, RNN-based
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ELMo: Embeddings from Language Models





From characters to token 
embeddings



Embeddings from Language Models
( λ2* )
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BiLSTM

C

BiLSTM

C

BiLSTM

C

BiLSTM

C

BiLSTM

C

whoperson ducks out …on…

ELModucks

BiLSTM BiLSTM BiLSTM BiLSTM BiLSTM

BiLSTM BiLSTM BiLSTM BiLSTM BiLSTM

= + +( λ1* ) ( λ3* )



‣ ELMo: every token is assigned a representation that is a function of the entire input sentence 
(L=#stacked layers) 
 
 

‣ This gives 2L+1 representations - Which to use? 

‣ Just the top layer (similar to TagLM; Peters et al., 2017) 

‣ Include all L+1 layers, average  

‣ All layers, weighted average (best) 
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ELMo - Details



Training ELMo



Language Modeling Objective

• Word2vec trains word by word


• Uses context during training


• No context during use


• ELMo trains on word sequences


• Predict each token using its context


• Softmax layer applied to the top layer’s output


• Uses sequences as input during use





‣ Recipe: For a given instance 

‣ Run biLM to get the representations for each word 

‣ Concatenate ELMo embeddings into task-specific model, e.g.,  

‣ as additional input to static word embeddings 

‣ as additional hidden representation 

‣ … many choices, best might depend on end task
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How to use ELMo for your task?



Results over 6 NLP benchmarks

0

25

50

75

100

SQUAD SNLI SRL Coref NER SST-5

54,7

92,2

70,4

84,6
88,7

85,8

51,4

90,2

67,2

81,4

88,0

81,1

F1 F1 F1avg F1 accuracyaccuracy

Peters et al., NAACL 2018



‣ From Ruder et al.’s 2019 NAACL tutorial
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NLP Progress on NER

Performance on Named Entity Recognition (NER) on CoNLL-2003 (English) over time

https://docs.google.com/presentation/d/1fIhGikFPnb7G5kr58OvYC3GN4io7MznnM0aAgadvJfc/edit#slide=id.g5888218f39_16_23


‣ ELMo is deeper compared to an earlier model  
by Peters et al., 2017 ACL (TagLM) 

‣ It doesn’t require parallel data (as an earlier model like CoVe does, by McCann et al., 2017 
NeurIPS) 

‣ ELMo: state-of-the-art performance on 6 benchmarks in 2018
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Is ELMo the first such model? No!



Limits of RNNs?



Transformer & LLMs
Part III



‣ Part I: Fundamentals  

‣ Intro, Motivation & Short History 

‣ Language Models (n-grams, FFNN-LM, Recap: FFNN) 

‣ Part II: Representations & Beyond FFNN 

‣ RNNs (GRU/LSTMs), Attention 

‣ Contextualised Representations (ELMo)  

‣ Part III: Transformer & LLMs 

‣ The Transformer, Masked LMs (BERT), Pre-training & Fine-tuning 

‣ Prompting, LLMs & Caution
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Today’s roadmap

… …

w1 w2 w3 … Wt



Transformers
A Revolution in NLP and ML



What’s next

• The Transformer

• High-level Architecture


1. Encoder

2. Decoder

3. Multi-Head (Self) Attention



FULLY ATTENTIONAL NETWORKS 
(A.K.A. TRANSFORMER)

159



Core idea: Attention is All You Need (Vaswani et al. 2017)

• Attention has major impact on seq2seq performance 

• Recurrency is an obstacle to parallelization  

=> Can we build a fully attentional seq2seq model without recurrency?
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4732

(a) LSTM (b) FAN

Figure 1: Diagram showing the main difference be-
tween a LSTM and a FAN. Purple boxes indicate
the summarized vector at current time step t which
is used to make prediction. Orange arrows indicate
the information flow from a previous input to that
vector.

learn hierarchical structure with a set of controlled
experiments.

3 Tasks

We choose two tasks to study in this work: (1)
subject-verb agreement, and (2) logical inference.
The first task was proposed by Linzen et al. (2016)
to test the ability of recurrent neural networks to
capture syntactic dependencies in natural language.
The second task was introduced by Bowman et al.
(2015b) to compare tree-based recursive neural net-
works against sequence-based recurrent networks
with respect to their ability to exploit hierarchical
structures to make accurate inferences. The choice
of tasks here is important to ensure that both mod-
els have to exploit hierarchical structural features
(Jia and Liang, 2017).

4 Subject-Verb Agreement

Linzen et al. (2016) propose the task of predict-
ing number agreement between subject and verb in
naturally occurring English sentences as a proxy
for the ability of LSTMs to capture hierarchical
structure in natural language. We use the dataset
provided by Linzen et al. (2016) and follow their
experimental protocol of training each model us-
ing either (a) a general language model, i.e., next
word prediction objective, and (b) an explicit super-
vision objective, i.e., predicting the number of the
verb given its sentence history. Table 1 illustrates
the training and testing conditions of the task.
Data: Following the original setting, we take 10%
of the data for training, 1% for validation, and the
rest for testing. The vocabulary consists of the 10k
most frequent words, while the remaining words
are replaced by their part-of-speech.

Table 1: Examples of training and test conditions
for the two subject-verb agreement subtasks. The
full input sentence is “The keys to the cabinet are

on the table” where verb and subject are bold and
intervening nouns are underlined.

Input Train Test

(a) the keys to the cabinet are p(are) > p(is)?
(b) the keys to the cabinet plural plural/singular?

Hyperparameters: To allow for a fair comparison,
we find the best configuration for each model by
running a grid search over the following hyperpa-
rameters: number of layers in {2, 3, 4}, dropout
rate in {0.2, 0.3, 0.5}, embedding size and num-
ber of hidden units in {128, 256, 512}, number
of heads (for FAN) in {2, 4}, and learning rate
in {0.00001, 0.0001, 0.001}. The weights of the
word embeddings and output layer are shared (Inan
et al., 2017; Press and Wolf, 2017). Models are op-
timized by Adam (Kingma and Ba, 2015).

We first assess whether the LSTM and FAN
models trained with respect to the language model
objective assign higher probabilities to the cor-
rectly inflected verbs. As shown in Figures 2a
and 2b, both models achieve high accuracies for
this task, but LSTMs consistently outperform
FANs. Moreover, LSTMs are clearly more ro-
bust than FANs with respect to task difficulty, mea-
sured both in terms of word distance and num-
ber of agreement attractors1 between subject and
verb. Christiansen and Chater (2016); Cornish et al.
(2017) have argued that human memory limitations
give rise to important characteristics of natural lan-
guage, including its hierarchical structure. Simi-
larly, our experiments suggest that, by compress-
ing the history into a single vector before making
predictions, LSTMs are forced to better learn the
input structure. On the other hand, despite having
direct access to all words in their history, FANs are
less capable of detecting the verb’s subject. We
note that the validation perplexities of the LSTM
and FAN are 67.06 and 69.14, respectively.

Secondly, we evaluate FAN and LSTM models
explicitly trained to predict the verb number (Fig-
ures 2c and 2d). Again, we observe that LSTMs
consistently outperform FANs. This is a partic-
ularly interesting result since the self-attention
mechanism in FANs connects two words in any po-

1Agreement attractors are intervening nouns with the op-
posite number from the subject.

RNN Transformer Slides by Arianna Bisazza



The Transformer
Machine Translation

• “Transforms” one sequence into another


• No convolutions, no recurrence (no time 
steps), only attention 

• Highly parallelizable 

• Capture long range dependencies 

• Better quality



A scary beast
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N=#layers



TRANSFORMER ARCHITECTURE 
OVERVIEW

163



Transformer Architecture Overview
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translation is funmachine

ENCODER

ENC-layer 2

Input word  
embedding

ENC-layer 1

Self-Attention

Self-Attention



DECODER

Output word 
embedding

DEC-layer 1

Transformer Architecture Overview
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translation is funmachine

la[EOS]

traduzione

DEC-layer 2

ENCODER

ENC-layer 2

Input word  
embedding

ENC-layer 1

Self-Attention

Self-Attention

Self-Attention

Self-Attention
Enc-Dec Attention



DECODER
la[EOS]

automatica

ENCODER

Transformer Architecture Overview
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translation is funmachine

traduzione

ENCODER

ENC-layer 2

Input word  
embedding

ENC-layer 1

Output word 
embedding

DEC-layer 1

DEC-layer 2

…
Enc-Dec Attention

Self-Attention

Self-Attention



TRANSFORMER’S  
BUILDING BLOCKS

Let’s take a closer look:
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Scaled Dot-Product Attention

168

To compute attention we need a scoring function 
• Dot-product is simple and fast to compute* 
• Rationale: measure similarity of two (word-)vectors 
Problem: for high-dimensional vectors, softmax gets very peaked and gradients 
small  
=> Solution: scale the result of dot product

*For a nice overview of different Attention Scoring Functions see: 
https://towardsdatascience.com/attn-illustrated-attention-5ec4ad276ee3#ba24

score(qt, ki) = q⊤
t ki

score(qt, ki) =
q⊤

t ki

d

translation is funmachine

https://towardsdatascience.com/attn-illustrated-attention-5ec4ad276ee3#ba24


Query-Key-Value

169

Now, where do q and k come from?  
We could simply use the word vector              and compare it 
to all vectors in the sentence (including itself) 

score(qt, ki) =
q⊤

t ki

d

translation is funmachine

k1 k2(=qt) k3 k4

compare(q2,k1) 
=> score



A better idea: Learn multiple ‘views’ of              to use as query, key and value

Query-Key-Value
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Now, where do q and k come from?  
We could simply use the word vector              and compare it 
to all vectors in the sentence (including itself)

translation is funmachine

softmax(score) X value

score(qt, ki) =
q⊤

t ki

d

compare(q2,k1) 
=> score

k1 q2q1 v1 k2 v2



Self Attention in the Transformer

• Transform each token representation to a learnable query, key, and value 
vector


• Query vector “asks” all key vectors in the sequence whether they are 
relevant. This results in attention scores.


• “Asking” is the dot product (similarity) between the query vector and key 
vector


• New contextualised token representation after self-attention is the 
weighted average over all value vectors in the sequence using attention 
scores as weights



A better idea: Learn multiple ‘views’ of              to use as query, key and value

Query-Key-Value
Now, where do q and k come from?  
We could simply use the word vector              and compare it to all vectors in 
the sentence (including itself)

translation is funmachine

k1 q2q1 v1 k2 v2

softmax(score) X value

compare(q2,k1) 
=> score

A^en_on(Q̂, K̂, ̂V ) = so`max(
Q̂K̂⊤

d
) ̂V

Q̂, K̂, ̂V = QWQ, KWK, VWV

= XWQ, XWK, XWV

Attention(Q, K, V) = Z = softmax(QK/ dk)V



We are not done yet …
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Multi-Head Attention

174Slide by Graham Neubig



Multi-Head Attention

175

Words can interact with each other in different ways.  
One attention distribution may not be enough to capture: coreference effects, 
topic cohesion, other syntactic/semantic relationships, etc. 
Multi-Head gives the attention layer multiple representation subspaces

translation is funmachine

h1

h2

concat

linear

Output of multi-headed attention for input2  … Finally! 

input2

head1

head2



is fun

head1

head2

Multi-Head Attention
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translationmachine

h1

h2

concat

linear

input2

Output of multi-headed attention for input2  … Finally! 

Mul_Head(Q, K, V ) = [head1; …; headh]WO

where headi = A^en_on(Q̂i, K̂i, ̂Vi)
= A^en_on(QWQ

i , KWK
i , VWV

i )



Multi-Head Attention
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Example from Vaswani et al., 2017:



Add & Norm

178

Last ingredients: 

• Residual connection (He et al. 2015) 

• Layer normalization (Ba, Kiros & Hinton) 

LayerNorm(SubLayer(x) + x)

g( f(x)) → g( f(x) + f )



Attention in the Decoder

179

Masked Self Attention (Decoder only): 
- captures target-side context 
- same as before, but can only look at positions 
before the current word (masked) 
 
 

Encoder→Decoder Attention: 
- captures src-trg translation equivalences 
- Query comes from target (decoder),           
Key & Value from source (encoder) 
- also known as Cross Attention

1

2

1

2

We have looked at self-attention in the encoder 
Now moving to the decoder => 2 types of attention here:

Masked self-attention illustration from Artzi’s LM class.



DECODER

Output word 
embedding

DEC-layer 1

Transformer Architecture Overview
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translation is funmachine

la[EOS]

traduzione

DEC-layer 2

ENCODER

ENC-layer 2

Input word  
embedding

ENC-layer 1

Self-Attention

Self-Attention

Self-Attention

Self-Attention
Enc-Dec Attention



Are we missing anything?
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Positional embeddings

182

Recurrency naturally represents the order of words in a sentence: 

w3 comes after w2 which comes after w1 … 

Transformer needs an explicit way to represent a word’s position
• Idea: let’s mark positions


• Learning will figure out what how to use them


• Simple version: learnable embeddings  
where  (lookup parameters)


• More advanced: fixed embeddings, where values 
determined by sine waves, with different frequency 
and offset of each dimensions





• Either way, we add them to token embeddings

ϕp(i)
i ∈ [0,1,2,..]



Putting it altogether: Encoder-Decoder Transformer

183https://lilianweng.github.io/lil-log/2018/06/24/attention-attention.html

https://lilianweng.github.io/lil-log/2018/06/24/attention-attention.html


‣ Attention:  

‣ Self Attention 

‣ Cross Attention (Encoder-Decoder Attention) 

‣ Multi-Head Attention 

‣ Masked Attention 

‣ Positional encodings  

‣ Residual connections + layer normalisation 

‣ Feed-forward layer

184

Transformer: Summary of Core Concepts



Three Types of Transformers
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Encoder-Decoder Model 
(Vaswani et al., 2017), T5

Decoder-Only Model 
(e.g. GPT, Llama)

Encoder-Only Model 
(e.g. BERT)

Figure 1: The Transformer - model architecture.

around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position i can depend only on the known outputs at positions less than i.

3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum
of the values, where the weight assigned to each value is computed by a compatibility function of the
query with the corresponding key.

3.2.1 Scaled Dot-Product Attention

We call our particular attention "Scaled Dot-Product Attention" (Figure 2). The input consists of
queries and keys of dimension dk, and values of dimension dv . We compute the dot products of the
query with all keys, divide each by
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dk, and apply a softmax function to obtain the weights on the

values.

In practice, we compute the attention function on a set of queries simultaneously, packed together
into a matrix Q. The keys and values are also packed together into matrices K and V . We compute
the matrix of outputs as:
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QK
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query with all keys, divide each by

p
dk, and apply a softmax function to obtain the weights on the

values.

In practice, we compute the attention function on a set of queries simultaneously, packed together
into a matrix Q. The keys and values are also packed together into matrices K and V . We compute
the matrix of outputs as:

Attention(Q,K, V ) = softmax(
QK

T

p
dk

)V (1)

3
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RNN-seq2seq vs Transformer

• RNNs (esp. LSTM) are cognitively inspired: represent memory constraints 
• Transformer = result of clever engineering & brute-force architecture search 

• It works! State of the art performance on almost every NLP task 
• Will we go back to RNN-kind of models?

187

✔ Much more parallelizable 
= fast 

✔ Lower complexity 

✔ Shorter path among any 
input positions

4732

(a) LSTM (b) FAN

Figure 1: Diagram showing the main difference be-
tween a LSTM and a FAN. Purple boxes indicate
the summarized vector at current time step t which
is used to make prediction. Orange arrows indicate
the information flow from a previous input to that
vector.

learn hierarchical structure with a set of controlled
experiments.

3 Tasks

We choose two tasks to study in this work: (1)
subject-verb agreement, and (2) logical inference.
The first task was proposed by Linzen et al. (2016)
to test the ability of recurrent neural networks to
capture syntactic dependencies in natural language.
The second task was introduced by Bowman et al.
(2015b) to compare tree-based recursive neural net-
works against sequence-based recurrent networks
with respect to their ability to exploit hierarchical
structures to make accurate inferences. The choice
of tasks here is important to ensure that both mod-
els have to exploit hierarchical structural features
(Jia and Liang, 2017).

4 Subject-Verb Agreement

Linzen et al. (2016) propose the task of predict-
ing number agreement between subject and verb in
naturally occurring English sentences as a proxy
for the ability of LSTMs to capture hierarchical
structure in natural language. We use the dataset
provided by Linzen et al. (2016) and follow their
experimental protocol of training each model us-
ing either (a) a general language model, i.e., next
word prediction objective, and (b) an explicit super-
vision objective, i.e., predicting the number of the
verb given its sentence history. Table 1 illustrates
the training and testing conditions of the task.
Data: Following the original setting, we take 10%
of the data for training, 1% for validation, and the
rest for testing. The vocabulary consists of the 10k
most frequent words, while the remaining words
are replaced by their part-of-speech.

Table 1: Examples of training and test conditions
for the two subject-verb agreement subtasks. The
full input sentence is “The keys to the cabinet are

on the table” where verb and subject are bold and
intervening nouns are underlined.

Input Train Test

(a) the keys to the cabinet are p(are) > p(is)?
(b) the keys to the cabinet plural plural/singular?

Hyperparameters: To allow for a fair comparison,
we find the best configuration for each model by
running a grid search over the following hyperpa-
rameters: number of layers in {2, 3, 4}, dropout
rate in {0.2, 0.3, 0.5}, embedding size and num-
ber of hidden units in {128, 256, 512}, number
of heads (for FAN) in {2, 4}, and learning rate
in {0.00001, 0.0001, 0.001}. The weights of the
word embeddings and output layer are shared (Inan
et al., 2017; Press and Wolf, 2017). Models are op-
timized by Adam (Kingma and Ba, 2015).

We first assess whether the LSTM and FAN
models trained with respect to the language model
objective assign higher probabilities to the cor-
rectly inflected verbs. As shown in Figures 2a
and 2b, both models achieve high accuracies for
this task, but LSTMs consistently outperform
FANs. Moreover, LSTMs are clearly more ro-
bust than FANs with respect to task difficulty, mea-
sured both in terms of word distance and num-
ber of agreement attractors1 between subject and
verb. Christiansen and Chater (2016); Cornish et al.
(2017) have argued that human memory limitations
give rise to important characteristics of natural lan-
guage, including its hierarchical structure. Simi-
larly, our experiments suggest that, by compress-
ing the history into a single vector before making
predictions, LSTMs are forced to better learn the
input structure. On the other hand, despite having
direct access to all words in their history, FANs are
less capable of detecting the verb’s subject. We
note that the validation perplexities of the LSTM
and FAN are 67.06 and 69.14, respectively.

Secondly, we evaluate FAN and LSTM models
explicitly trained to predict the verb number (Fig-
ures 2c and 2d). Again, we observe that LSTMs
consistently outperform FANs. This is a partic-
ularly interesting result since the self-attention
mechanism in FANs connects two words in any po-

1Agreement attractors are intervening nouns with the op-
posite number from the subject.

RNN Transformer
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• LMs so far: predict the next token given the previous tokens


- This enables a self-supervised task


- That we can train on a lot of data to get really useful 
representations


• Let’s create a prediction task by hiding part of the sequence,  
and then trying to predict them


- Input: the sequence  where some tokens are replaced with 
the token , for example: 

x̄M

[MASK]
x̄M = ⟨x1, …, x4, [MASK], x6, …, xn⟩

Masked LMs: The birth of BERT
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We thank the following sources for the materials on which slides on this section are based: Greg Durrett & Yoav Arzti
Image from https://www.holisticai.com/blog/from-transformer-architecture-to-prompt-engineering



• Encoder transformer


- Encoders assume we have the complete sequence


- No generation, only want good representations (for analysis tasks)


• BERT Base: 12 transformer blocks, 768-dim word-piece tokens, 12 
self-attention heads → 110M parameters 


• BERT Large: 24 transformer blocks, 1024-dim word-piece tokens, 
16 self-attention heads → 340M parameters 


• RoBERTa: same model, much more data (160GB of data instead of 
16GB) 

Bidirectional Encoder Representations from Transformers 
BERT
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[Devlin et al. 2018]



• One or two sentences


- Word-piece token embeddings


- Position and segment embeddings

Inputs
BERT
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[CLS] he likes play ##ing [SEP]my dog is cute [SEP]Input

E[CLS] Ehe Elikes Eplay E##ing E[SEP]Emy Edog Eis Ecute E[SEP]
Token
Embeddings

EA EB EB EB EB EBEA EA EA EA EA
Segment
Embeddings

E0 E6 E7 E8 E9 E10E1 E2 E3 E4 E5
Position
Embeddings

Figure 2: BERT input representation. The input embeddings are the sum of the token embeddings, the segmenta-
tion embeddings and the position embeddings.

The NSP task is closely related to representation-
learning objectives used in Jernite et al. (2017) and
Logeswaran and Lee (2018). However, in prior
work, only sentence embeddings are transferred to
down-stream tasks, where BERT transfers all pa-
rameters to initialize end-task model parameters.

Pre-training data The pre-training procedure
largely follows the existing literature on language
model pre-training. For the pre-training corpus we
use the BooksCorpus (800M words) (Zhu et al.,
2015) and English Wikipedia (2,500M words).
For Wikipedia we extract only the text passages
and ignore lists, tables, and headers. It is criti-
cal to use a document-level corpus rather than a
shuffled sentence-level corpus such as the Billion
Word Benchmark (Chelba et al., 2013) in order to
extract long contiguous sequences.

3.2 Fine-tuning BERT

Fine-tuning is straightforward since the self-
attention mechanism in the Transformer al-
lows BERT to model many downstream tasks—
whether they involve single text or text pairs—by
swapping out the appropriate inputs and outputs.
For applications involving text pairs, a common
pattern is to independently encode text pairs be-
fore applying bidirectional cross attention, such
as Parikh et al. (2016); Seo et al. (2017). BERT
instead uses the self-attention mechanism to unify
these two stages, as encoding a concatenated text
pair with self-attention effectively includes bidi-

rectional cross attention between two sentences.
For each task, we simply plug in the task-

specific inputs and outputs into BERT and fine-
tune all the parameters end-to-end. At the in-
put, sentence A and sentence B from pre-training
are analogous to (1) sentence pairs in paraphras-
ing, (2) hypothesis-premise pairs in entailment, (3)
question-passage pairs in question answering, and

(4) a degenerate text-? pair in text classification
or sequence tagging. At the output, the token rep-
resentations are fed into an output layer for token-
level tasks, such as sequence tagging or question
answering, and the [CLS] representation is fed
into an output layer for classification, such as en-
tailment or sentiment analysis.

Compared to pre-training, fine-tuning is rela-
tively inexpensive. All of the results in the pa-
per can be replicated in at most 1 hour on a sin-
gle Cloud TPU, or a few hours on a GPU, starting
from the exact same pre-trained model.7 We de-
scribe the task-specific details in the correspond-
ing subsections of Section 4. More details can be
found in Appendix A.5.

4 Experiments

In this section, we present BERT fine-tuning re-
sults on 11 NLP tasks.

4.1 GLUE

The General Language Understanding Evaluation
(GLUE) benchmark (Wang et al., 2018a) is a col-
lection of diverse natural language understanding
tasks. Detailed descriptions of GLUE datasets are
included in Appendix B.1.

To fine-tune on GLUE, we represent the input
sequence (for single sentence or sentence pairs)
as described in Section 3, and use the final hid-
den vector C 2 RH corresponding to the first
input token ([CLS]) as the aggregate representa-
tion. The only new parameters introduced during
fine-tuning are classification layer weights W 2
RK⇥H , where K is the number of labels. We com-
pute a standard classification loss with C and W ,
i.e., log(softmax(CW

T )).
7For example, the BERT SQuAD model can be trained in

around 30 minutes on a single Cloud TPU to achieve a Dev
F1 score of 91.0%.

8See (10) in https://gluebenchmark.com/faq.

[figure from Devlin et al. 2018]



• Data: raw text


• Two objectives:


- Masked LM


- Next-sentence prediction 


• Later development in RoBERTa:


- More data, no next-sentence prediction, dynamic masking

Training
BERT
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• Mask and predict 15% of the tokens


- For 80% (of 15%) replace with the input token with 


- For 10%, replace with a random token


- For 10%, keep the same

[MASK]

Masking Recipe for Training
BERT
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• Input: [CLS] Text chunk 1 [SEP] Text chunk 2


• Training data: 50% of the time, take the true next chunk of text, 
50% of the time take a random other chunk


• Predict whether the next chunk is the true next chunk


• Prediction is done on the [CLS] output representation

Next-sentence Prediction
BERT
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• We can feed complete sentences to BERT


• For each token, we get a contextualized token representation


- Similar to ELMo, but without an RNN/LSTM


- In contrast to word2vec representations that are fixed and do 
not depend on context


• While word2vec vectors are forced to mix multiple senses, BERT/
ELMo can provide more instance-specific vectors


• BERT started an arms race towards bigger and bigger models, 
which quickly led to the LLMs of today

What Do We Get?
BERT
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• BERT cannot generate text


- Not an autoregressive model, but can do filling of 


• Masked language models are intended to be used primarily for 
“analysis” tasks

[MASK]

What It Is Not Great For?
BERT
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• There is a lot of work trying to decipher what BERT learns in its representations


- Much harder with recent LLMs because they are not as open

What does BERT Learn?
BERT
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Some interesting results
BERT

198

- Spectral profiles  
(Müller-Eberstein et al., 2022)- BERT rediscovers the classical NLP pipeline  

(Tenney et al., 2019)
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Pre-training & Fine-tuning
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Pre-training

Pre-train / Fine-tune / Transfer Paradigm

‣ 2018-2021: LMs as text encoders (the quest of better word representations)

Network

…

word

input text sequenceData ->

Network

…

label

task-specific text input

Fine-tuning:

x,y ->

“task-specific layer”

“encoder system”
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Network

…

text input in e.g. another language or domain

Transfer:
predicted label



‣ Each NLP tasks requires different kinds of data: 

‣ Language Modeling: only text 

‣ Machine translation: naturally occurring parallel (translated) data 

‣ Analysis tasks: (from classification like sentiment analysis to structured prediction tasks like 
NER, semantic parsing or slot and intent detection:  
hand-labeled data

202

In NLP we have a plethora of tasks

Slide inspired by Graham Neubig



The shift to text-to-text transformers

‣ 2019: from task-specific training/architectures to uniform text-to-text formats 

‣ General knowledge (pre-training) +instruction fine-tuning => Generalisation to new tasks

Network

…

task label output

text input

(Standard) Multi-task larning:

“task-specific layers”

Network

…

everything as text output

text input

Text-to-text format:

not task specific

Architecture is unified 
across tasks with 

text-to-text 
 natural text instructions
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Instruction Fine-tuned LMs
‣ Learn many tasks in a single system (e.g. T5 Raffel et al., 2019): examples with instructions 

‣ Massive Multi-Task learning (in text-to-text format) 

‣ = General knowledge (pre-training) + ability to follow instructions (instruction fine-tuning) 

https://arxiv.org/pdf/1910.10683

Learn from many tasks



• T5  (and BART) are very useful for all sorts of sequence-to-
sequence tasks with language


- T5 comes in different sizes


- There are various customization (e.g., CodeT5)


• Extended the generalizations conclusions from BERT, and 
demonstrated the impact of data scale

Takeaways
T5 / encoder-decoder models
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Prompting
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We thank the following sources for the materials on which slides on this section are based: Greg Durrett & Yoav Arzi



A way to control LLMs: Prompting

‣ LLMs offer a completely new 
mode of operation that does not 
require any change to their 
parameters: prompting 

‣ Prompt = Instruction given to 
the LLM 

‣ Adapting the instructions to get 
different responses: 

‣ change the prompt (style)
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Types of Prompting

‣ Zero-shot prompting (no examples) 

‣ One-shot, Few-shot prompting (with 
one or few annotated examples) 

‣ Chain-of-thought (CoT) Prompting 
and extensions thereof (asking for 
intermediate reasoning steps)

209



• Input: single unlabeled example 


• Output: the label 


• The task (and output) can be any 
text-to-text task: classification, 
summarization, translation


• Pre-processing: wrap  with a 
template using a verbalizer 


• The template controls the output

x̄

ȳ

x̄
v

Zero-shot Prompting
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the movie’s acting could’ve been 
better, but the visuals and directing 
were top-notch.

x̄ =

Review: the movie’s acting 
could’ve been better, but the visuals 
and directing were top-notch. 
Out of positive, negative, or neutral 
this review is

v(x̄) =

LLM

neutral ȳ



• LLMs have the ability to “learn” to 
complete tasks through training in 
the prompt


• The recipe is simple:


- Take a small number of annotated 
training example 


- Convert them using verbalizer  
templates


- Concatenate them and follow with 
the target input 


- The completion will be the label of 
the input

{(x̄(i), ȳ(i)}N
i=1

v

x̄

In-context Learning (ICL)
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the movie’s acting could’ve been 
better, but the visuals and directing 
were top-notch.

x̄ =

Review: The cinematography was stellar; great movie! 
Sentiment (positive or negative): positive 
Review: The plot was boring and the visuals were 
subpar. 
Sentiment (positive or negative): negative 
Review: The movie’s acting could’ve been better, but the 
visuals and directing were top-notch. 
Sentiment (positive or negative):

LLM

positive ȳ



• Providing ICL examples almost always leads to significant 
improvements

Performance
In-context Learning (ICL)
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[Brown et al. 2020]

Figure 1.3: Aggregate performance for all 42 accuracy-denominated benchmarks While zero-shot performance
improves steadily with model size, few-shot performance increases more rapidly, demonstrating that larger models are
more proficient at in-context learning. See Figure 3.8 for a more detailed analysis on SuperGLUE, a standard NLP
benchmark suite.

In this paper, we test this hypothesis by training a 175 billion parameter autoregressive language model, which we call
GPT-3, and measuring its in-context learning abilities. Specifically, we evaluate GPT-3 on over two dozen NLP datasets,
as well as several novel tasks designed to test rapid adaptation to tasks unlikely to be directly contained in the training
set. For each task, we evaluate GPT-3 under 3 conditions: (a) “few-shot learning”, or in-context learning where we
allow as many demonstrations as will fit into the model’s context window (typically 10 to 100), (b) “one-shot learning”,
where we allow only one demonstration, and (c) “zero-shot” learning, where no demonstrations are allowed and only
an instruction in natural language is given to the model. GPT-3 could also in principle be evaluated in the traditional
fine-tuning setting, but we leave this to future work.

Figure 1.2 illustrates the conditions we study, and shows few-shot learning of a simple task requiring the model to
remove extraneous symbols from a word. Model performance improves with the addition of a natural language task
description, and with the number of examples in the model’s context, K. Few-shot learning also improves dramatically
with model size. Though the results in this case are particularly striking, the general trends with both model size and
number of examples in-context hold for most tasks we study. We emphasize that these “learning” curves involve no
gradient updates or fine-tuning, just increasing numbers of demonstrations given as conditioning.

Broadly, on NLP tasks GPT-3 achieves promising results in the zero-shot and one-shot settings, and in the the few-shot
setting is sometimes competitive with or even occasionally surpasses state-of-the-art (despite state-of-the-art being held
by fine-tuned models). For example, GPT-3 achieves 81.5 F1 on CoQA in the zero-shot setting, 84.0 F1 on CoQA in
the one-shot setting, 85.0 F1 in the few-shot setting. Similarly, GPT-3 achieves 64.3% accuracy on TriviaQA in the
zero-shot setting, 68.0% in the one-shot setting, and 71.2% in the few-shot setting, the last of which is state-of-the-art
relative to fine-tuned models operating in the same closed-book setting.

GPT-3 also displays one-shot and few-shot proficiency at tasks designed to test rapid adaption or on-the-fly reasoning,
which include unscrambling words, performing arithmetic, and using novel words in a sentence after seeing them
defined only once. We also show that in the few-shot setting, GPT-3 can generate synthetic news articles which human
evaluators have difficulty distinguishing from human-generated articles.

At the same time, we also find some tasks on which few-shot performance struggles, even at the scale of GPT-3. This
includes natural language inference tasks like the ANLI dataset, and some reading comprehension datasets like RACE
or QuAC. By presenting a broad characterization of GPT-3’s strengths and weaknesses, including these limitations, we
hope to stimulate study of few-shot learning in language models and draw attention to where progress is most needed.

A heuristic sense of the overall results can be seen in Figure 1.3, which aggregates the various tasks (though it should
not be seen as a rigorous or meaningful benchmark in itself).

5
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• Providing ICL examples almost always leads to significant 
improvements


• Benefits tend to diminish with more examples

Performance
In-context Learning (ICL)
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Figure 32: Number of in-context examples. For each model, we set the maximum number of in-context
examples to [0, 1, 2, 4, 8, 16] and fit as many in-context examples as possible within the context window.
We plot performance as a function of the average number of in-context examples actually used.

Number of in-context examples. By default, we either use 5 in-context examples, or fewer examples
for scenarios where 5 examples do not fit within in the context window. To test how the number of examples
(i.e. the sample e�ciency of adaptation) influences performance, we vary the maximum number of examples
across n œ {0, 1, 2, 4, 8, 16}. In Figure 32, we plot model performance as a fraction of the average number
of in-context examples provided (which may be fewer than the maximum stated above if they do not fit
inside the context window). To explore the results further, including the model generations, see https:
//crfm.stanford.edu/helm/v0.1.0/?group=ablation_in_context.

We find that all models show clear improvement from n = 0 to n = 1, sometimes having 0% accuracy in the
zero-shot setting, with the consistent exception of CNN/DailyMail where zero-shot accuracy is better for
almost all models. We posit that models may not e�ectively understand the appropriate length distribution
and the poor reference summaries may comparatively mislead the model in the one-shot setting compared to
the zero-shot setting. However, for larger numbers of in-context examples, we do not see consistent benefits
across all models and all scenarios. The sole exception is OPT (175B) which, besides CNN/DailyMail,
shows a perfectly monotonically increasing relationship between number of shots and model accuracy for
NaturalQuestions (open-book), IMDB, and CivilComments.

Formatting of prompt. As we describe in §7: prompting, beyond the in-context examples and the
evaluation instance, there are several other details required to fully specify a prompt (e.g. instructions that
describe what the model should do). Since this formatting exists in the space of natural language, it is
di�cult to specify concrete axes to systematically vary across (i.e. in contrast to how we can specify a range
we consider for the number of in-context examples). Consequently, we consider the following motivated but
fairly ad hoc/arbitrary changes to the prompt format involving instructions, input prefixes, output prefixes,
and input su�xes. The exact changes to the prompt can be found at https://crfm.stanford.edu/helm/
v0.1.0/?group=ablation_prompts, along with the results.

The clear finding is that the best prompt formatting is not consistent across models (i.e. models can
stand to improve in their interoperability). In particular, one variants lead to an accuracy of 67.3% for
Anthropic-LM v4-s3 (52B) on NaturalQuestions (open-book), whereas the prompt performs very poorly
for BLOOM (176B), which drops from an accuracy around 60% to 8.5%. In some cases, we believe the
prompting changes may lead to poor/undesirable interactions with the tokenizer, given the models use
di�erent tokenizers in several cases. For GLM (130B), we are intrigued to see the prompt involving mentioning
the model is an expert AI assistant performs best across all four scenarios (NaturalQuestions (open-book),
CNN/DailyMail, IMDB, and CivilComments) we look in terms of accuracy. Specifically, the prompt
includes instructions of “I am an expert AI assistant who is here to help you with the following.”, along
with an input_prefix of “Passage: ”, input_suffix of “ "”, and an output_prefix of “Answer:”
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Chain-of-Thought (CoT) Prompting - Example

‣ Adding “Let’s think step by step”
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CoT Prompting Example

‣ Standard Prompt ‣ CoT (“Reasoning steps’): 
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CoT Prompting Example 2
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[Wei et al. 2022]

Chain-of-Thought Prompting Elicits Reasoning
in Large Language Models

Jason Wei Xuezhi Wang Dale Schuurmans Maarten Bosma

Brian Ichter Fei Xia Ed H. Chi Quoc V. Le Denny Zhou

Google Research, Brain Team
{jasonwei,dennyzhou}@google.com

Abstract

We explore how generating a chain of thought—a series of intermediate reasoning
steps—significantly improves the ability of large language models to perform
complex reasoning. In particular, we show how such reasoning abilities emerge
naturally in sufficiently large language models via a simple method called chain-of-
thought prompting, where a few chain of thought demonstrations are provided as
exemplars in prompting.
Experiments on three large language models show that chain-of-thought prompting
improves performance on a range of arithmetic, commonsense, and symbolic
reasoning tasks. The empirical gains can be striking. For instance, prompting a
PaLM 540B with just eight chain-of-thought exemplars achieves state-of-the-art
accuracy on the GSM8K benchmark of math word problems, surpassing even
finetuned GPT-3 with a verifier.

A: The cafeteria had 23 apples originally. They used 
20 to make lunch. So they had 23 - 20 = 3. They 
bought 6 more apples, so they have 3 + 6 = 9. The 
answer is 9.

Chain-of-Thought Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of 
tennis balls. Each can has 3 tennis balls. How many 
tennis balls does he have now? 

A: The answer is 11. 

Q: The cafeteria had 23 apples. If they used 20 to 
make lunch and bought 6 more, how many apples 
do they have?

A: The answer is 27.

Standard Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of 
tennis balls. Each can has 3 tennis balls. How many 
tennis balls does he have now? 

A: Roger started with 5 balls. 2 cans of 3 tennis balls 
each is 6 tennis balls. 5 + 6 = 11. The answer is 11. 

Q: The cafeteria had 23 apples. If they used 20 to 
make lunch and bought 6 more, how many apples 
do they have?

Model Input

Model Output Model Output

Model Input

Figure 1: Chain-of-thought prompting enables large language models to tackle complex arithmetic,
commonsense, and symbolic reasoning tasks. Chain-of-thought reasoning processes are highlighted.

36th Conference on Neural Information Processing Systems (NeurIPS 2022).
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• Main idea: just “tell” the model to reason in steps


• Can significantly outperform zero-shot prompting with very large 
models

Step-by-step
Chain-of-thought (COT) Prompting
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Figure 3: Model scale study with various types of models. S: text-ada-001, M: text-babbage-001, L:
text-curie-001, XL: text-davinci-002. See Appendix A.3 and E for the detail.

Table 3: Examples generated by Zero-Shot-CoT on CommonsenseQA for Error Analysis.

Example 1 (Reasoning is correct.) Example 2 (Model cannot choose only one.)
Q: Where is a well used toy car likely to be found?
Answer Choices: (A) child’s room (B) boy’s bed-
room (C) own home (D) toy store (E) house

Q: What would be necessary for getting in shape?
Answer Choices: (A) good health (B) exercise (C)
muscle tone (D) sweat (E) feel better

A: Let’s think step by step. A toy car is likely
to be found in a child’s room. A child’s room is
likely to be found in a house. Therefore, a toy
car is likely to be found in a house.
Therefore, among A through E, the answer is E.
7 (GT : A, Zero-shot: A)

A: Let’s think step by step. In order to get in shape,
you need to be able to do three things:
1. Exercise regularly
2. Eat a healthy diet
3. Get enough sleep
If you can do all three of those things, then you will
be well on your way to getting in shape! Therefore,
among A through E, the answer is B, C, and D.
(GT : B, Zero-shot: B)

Comparison with other baselines Table 2 compares the performances on two arithmetic reasoning
benchmarks (MultiArith and GSM8K) across Zero-shot-CoT and baselines. The large gap between
standard prompting (1st block) and chain of thought prompting (2nd block) suggests that these
tasks are difficult without eliciting multi-step reasoning. Major improvements are confirmed on
both Instruct GPT-3 (text-davinci-002) and PaLM (540B) models (4th block). While Zero-shot-CoT
naturally underperforms Few-shot-CoT, it substantially outperforms standard Few-shot prompting
with even 8 examples per task. For GSM8K, Zero-shot-CoT with Instruct GPT-3 (text-davinci-002)
also outperforms finetuned GPT-3 and standard few-shot prompting with large models (PaLM, 540B),
reported in Wei et al. [2022] (3rd and 4th block). See App. D for more experiment results with PaLM.

Does model size matter for zero-shot reasoning? Figure 3 compares performance of various
language models on MultiArith / GSM8K. Without chain of thought reasoning, the performance
does not increase or increases slowly as the model scale is increased, i.e., the curve is mostly flat. In
contrast, the performance drastically increases with chain of thought reasoning, as the model size
gets bigger, for Original/Instruct GPT-3 and PaLM. When the model size is smaller, chain of thought
reasoning is not effective. This result aligns with the few-shot experiment results in Wei et al. [2022].
Appendix E shows extensive experiment results using wider variety of language models, including
GPT-2, GPT-Neo, GPT-J, T0, and OPT. We also manually investigated the quality of generated chain
of thought, and large-scale models clearly demonstrate better reasoning (See Appendix B for the
sampled outputs for each model).

Error Analysis To better understand the behavior of Zero-shot-CoT, we manually investigated
randomly selected examples generated by Instruct-GPT3 with Zero-shot-CoT prompting. See Ap-
pendix C for examples, where some of the observations include: (1) In commonsense reasoning
(CommonsenseQA), Zero-shot-CoT often produces flexible and reasonable chain of thought even
when the final prediction is not correct. Zero-shot-CoT often output multiple answer choices when
the model find it is difficult to narrow it down to one (see Table 3 for examples). (2) In arithmetic
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Prompting LLMs - caution! 



Model Behaviour: Trustworthiness in the Era of LLMs

‣ From a “compartmentalised” notion of language tasks in NLP 

‣ To powerful but less interpretable black-box models 

‣ What is a "language task” today?
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LLM

Pre-training + Instruction Tuning

Current Trend (in NLP)

Train Dev Test

Compartmentalised NLP

Litschko*, Müller-Eberstein*, van der Goot, Weber-Genzel, Plank. Establishing Trustworthiness: Rethinking Tasks and Model Evaluation. EMNLP 2023.



Model Behaviour: Does it Matter How we Prompt an LLM?

‣ ⚠ Performance is highly sensitive to the linguistic variation of a prompt

220

Leidinger, van Rooij, Shutova, EMNLP 2023 Findings.

Köksal et al., EMNLP 2023 Findings ; Gonen et al., EMNLP 2023 Findings.



Multiple-Choice Question Answering (MCQA) Prompt Style

221Wang, Hu, Ma, Röttger, Plank. Look at the Text: Instruction-Tuned Language Models are More Robust Multiple Choice Selectors than You Think. COLM 2024.



Evaluation Protocols: Do Answer Options Impact LLM Outputs?

222Dominguez-Olmedo, Hardt, Mendler-Dünner. Questioning the Survey Responses of Large Language Models. arXiv:2306.07951 2023.

‣ ⚠ LLM's “A”-bias in MCQA responses



Evaluation Protocols: Does It Matter How We Extract Answers?

223

‣ ⚠ But “First-token log probs” do not match the text answers

Wang, Ma, Hu, Weber-Genzel, Röttger, Kreuter, Hovy, Plank. "My Answer is C": First-Token Probabilities Do Not Match Text Answers in Instruction-Tuned Language Models. ACL 2024 Findings. 
Wang, Hu, Ma, Röttger, Plank. Look at the Text: Instruction-Tuned Language Models are More Robust Multiple Choice Selectors than You Think. COLM 2024.

Performance on MMLU.

versus



Evaluation Protocols: Chain-of-Thought, Better and Sound?

224

‣ ⚠ Chain-of-Thought Reasoning is Not Sound

Mondorf, Plank. Comparing Inferential Strategies of Humans and Large Language Models in Deductive Reasoning. ACL 2024.

CoT response (excerpt) - manually verified:

Stechly*, Valmeekam*, Kambhampati. Chain of Thoughtlessness? An Analysis of CoT in Planning. arXiv:2405.04776 2024.



Evaluation Protocols: Can LLMs Replace Humans Judges?
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‣ ⚠ A lot of variability in LLM outputs 

‣ LLMs are not ready yet to replace human judges - not even GPT-4o:

Bavaresco, Bernardi, Bertolazzi, Elliott, Fernandez, Gatt, Ghaleb, Giulianelli, Hanna, Koller, Martins, Mondorf, Neplenbroek, Pezzelle, Plank, Schlangen, Suglia, Surikuchi, Takmaz, Testoni.  
LLMs instead of Human Judges? A Large Scale Empirical Study across 20 NLP Evaluation Tasks. arXiv:2406.18403 2024.

E.g. Plausibility: Humans vs Models:



D1 Knowledge about Model Input

Task

Model

Pre-training Instruction

D2 Knowledge about Model Behaviour

ModelModel

D3 Knowledge of Evaluation Protocols

Prediction Expectation

D4 Knowledge of Data Origin

Model

D
at
as
et

Trust arises from knowledge of origin as well as from knowledge of functional capacity. 

Trustworthiness - Working Definition by David G. Hays, 1979 
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Data Origin: Late 2022 Claim “ChatGPT Passes the Wug Test"
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‣ ⚠ No! Data contamination. Tested only on English.

EMNLP 2023

Weißweiler*, Hofmann*, Kantharuban, Mai, Dutt, Henkel, Kabra, Kulkarni, Vijayakumar, Yu, Schütze, Oflazer, Mortensen. EMNLP 2023.



Data Origin: Indirect Data Leakage
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‣ ⚠ Data continuously provided by users (e.g. via OpenAI's the web interface)

EACL 2024Balloccu, Schmidtová, Lango, Dušek. EACL 2024.



Exciting 
Opportunities Ahead



• ViT: cut image to patches


• Project each patch to a vector


• Treat them as token embeddings

Computer Vision
Transformers

230
[Dosovitskiy et al. 2020]

Slide by Yoav Artzi.



• Same as computer vision


• But: spectrograms instead of 
images


• The Whisper model

Speech
Transformers

231 [Radford et al. 2022]
Slide by Yoav Artzi.



• Take observations and 
commands, all tokenized


• Output continuous joint control 
actions 

Robotics
Transformers

232 [Brohan et al. 2023]
Slide by Yoav Artzi.



‣ Part I: Fundamentals  

‣ Intro, Motivation & Short History 

‣ Language Models (n-grams, FFNN-LM, Recap: FFNN) 

‣ Part II: Representations & Beyond FFNN 

‣ RNNs (GRU/LSTMs), Attention 

‣ Contextualised Representations (ELMo)  

‣ Part III: Transformer & LLMs 

‣ The Transformer, Masked LMs (BERT), Pre-training & Fine-tuning 

‣ Prompting, LLMs & Caution
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Today’s Lecture

… …
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Questions?
Thank you 

bplank.github.io

Barbara Plank
@barbara_plank 

LMU Munich

Thanks to all the  
organizers & sponsors of:

http://bplank.github.io


‣ Jurasky & Martin SLP textbook chapter 3 (n-gram LMs), 7 (neural LMs) & 8 (RNNs) 

‣ Arianna Bisazza’s AthNLP 2019 lecture on MT/Transformers 

‣ Graham Neubig’s Advanced NLP class  

‣ Yoav Artzi’s LM-class (also based on Greg Durrett’s class material) 

‣ Yoav Goldberg (2015): A Primer on Neural Network Models for Natural Language Processing  

‣ Chris Manning & Abigail See (2018) Stanford NLP class 

‣ Lilian Weng’s attention tutorial 
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Core References

https://web.stanford.edu/~jurafsky/slp3/3.pdf
https://www.youtube.com/watch?v=asa9yme-lO8
https://phontron.com/class/anlp-fall2024/
https://phontron.com/class/anlp-fall2024/
https://arxiv.org/abs/1510.00726
https://lilianweng.github.io/posts/2018-06-24-attention/

