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Topics

1. Word embeddings (5 min)
2. Neural Networks for NLP (feedforward) (5 min)
3. Sequence Models (HMMs) (5 min)
4. RNNs/LSTMs (15 min)
5. Encoder/decoder models + Attention (10 min)
6. Transformers (10 min)
7. Pretraining (Elmo, GPT, BERT) (10 min)



Basics: Probability

 

Bayes rule:

Law of total Probability: 
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Basics: Exponents, Logs and Sums

 

 

 

 



Word Embeddings



Skip-gram

-



Skip-gram
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word2vec

-



Skip-gram w/ negative sampling (SGNS)
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Neural Networks for NLP 
(feedforward)



Feed forward neural networks (FFNNs)
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Feed forward neural networks (FFNNs)
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Feed forward neural networks (FFNNs)

-



Feed forward neural networks (FFNNs)

-



Sequence Models (HMMs)



Named Entity Recognition (NERs)
handles variable length inputs
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Hidden Markov Models (HMMs)
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Hidden Markov Models (HMMs)
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Hidden Markov Models (HMMs)
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Decoding HMMs
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Decoding

-

Refer to Precept 3 slides for a 
concrete example!



Decoding

-



Viterbi Decoding

-



RNNs/LSTMs



Recurrent neural networks (RNNs)

- Handles variable length inputs

-



Recurrent neural networks (RNNs)

-



Recurrent neural language models (RNNLMs)
handles variable length inputs

-



Recurrent neural language models (RNNLMs)

-



Backprop through time (BPTT)
handles variable length inputs

-



Backprop through time (BPTT)
handles variable length inputs

-



Backprop through time (BPTT)
handles variable length inputs

-



Recurrent neural networks (RNNs)
Multi-layer

-



Recurrent neural networks (RNNs)
Bi-directional

-



Long short term memory (LSTMs)

-
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Long short term memory (LSTMs)

-



Long short term memory (LSTMs)

-



Long short term memory (LSTMs)

-



Long short term memory (LSTMs)

-



Bi-Directional LMs



Autoregressive / left-to-right Bidirectional

 is embedding for input y5 x1, …, x5  is embedding for input y1, …, y5 x1, …, x5

computation for input  blind to  and x1, …, x3 x4 x5 computation for input  sees  and x1, …, x3 x4 x5

 is a “left-contextual embedding”y5  are bidirectional “contextual embeddings”yi
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Reading Bidirectionally

Input layer

Hidden layer
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Reading Bidirectionally

Input layer

Hidden layer
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Concatenate the hidden layers



Reading Bidirectionally

Input layer

Hidden layer

Output layer

 𝑥1  𝑥2  𝑥3  𝑥4  𝑥1  𝑥2  𝑥3  𝑥4
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 𝑦̂1  𝑦̂2  𝑦̂3  𝑦̂4

Concatenate the hidden layers



Bi-directional LMs

‣ Slower to train 

‣ Only possible if access to full data is allowed 

‣ Less suitable for (autoregressive) language generation

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

‣ More encompassing  (left & right) contextualized embeddings

Strengths

Weaknesses



Bi-LSTM: 
ELMO



General Idea: 

• Goal is to obtain highly rich embeddings for each word (unique type) 

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

(stacked) 

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

particular task (e.g., sentiment classification)  

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

ELMo

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


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

ELMo

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


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

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


Transformer Architecture

Encoder Decoder

Source 
Sequence Input

Target Sequence (i.e. current 
progress generating words) 



Transformer Encoder

Source 
sequence 
(x1, …, xn)



Transformer Encoder: Positional + Word Embedding

Source 
sequence 
(x1, …, xn)

Embedded source sequence 

Input and Positional Embedding



Transformer Encoder: Multi-Head Self Attention

Source 
sequence 
(x1, …, xn)

Self-Attention:

MultiHead Attention:

Step 1: Step 2:

Embedded source sequence 

After Multi-Head Attention



Transformer Encoder: Multi-Head Self Attention

Source 
sequence 
(x1, …, xn)

Self-Attention:

MultiHead Attention:

Step 1: Step 2:

Embedded source sequence 

After Multi-Head Attention

In practice, d1= d2

“Self” attention means Q, K, V are 
all computed from a single 
sequence



Transformer Encoder: Add & Norm

Source 
sequence 
(x1, …, xn)

Add & Norm:

Embedded source sequence 

After Multi-Head Attention
LayerNorm

After Add & Norm



Layer normalization

I The layer-normalization function LayerNorm : RdM ! RdM is included for training
e�ciency and de�ned as:

LayerNorm(x)(`,k) = �(`,k) � x � µ(x)
�(x)

+ �(`,k) ,

where:
· µ(x) = 1

d

PdM
i=1 xi is the mean of the values in the embedding,

· �(x) =
q

1
d

PdM
i=1(xi � µ(x))2 + ✏ is the standard deviation with a small constant ✏ > 0

for numerical stability,
· �(`,k),�(`,k) 2 RdM are learned parameters (scale and shift), one for each layer ` and
occurrence k of the layer-normalization operation in the transformer block, and

· � denotes elementwise multiplication.

9



Transformer Encoder: Feed Forward

Source 
sequence 
(x1, …, xn)

Feed Forward

Embedded source sequence 

After Multi-Head Attention

After Add & Norm

After Feed Forward

Compute transformation over each value in the 
sequence independently



Transformer Encoder: Final Add & Norm

Source 
sequence 
(x1, …, xn)

Embedded source sequence 

After Multi-Head Attention

After Add & Norm

After Feed Forward

Add & Norm:

LayerNorm

After Final Add & Norm



Transformer Decoder: 

Target sequence 
(<bos>, x1, …, xm)

Output and Positional Embedding

Embedded target sequence Embedded target sequence 



Transformer Decoder: Masked Multi-Head Attention 

Target sequence 
(<bos>, x1, …, xm)

Masked Self-Attention:

Step 2:

⊙ 1
11

Elementwise Multiply by 
Mask 
(equivalent to setting 
masked indices to -∞)

-∞

Step 3:

=

MultiHead Attention:

Embedded target sequence Embedded target sequence 

Masked Multi-Head Attention

Step 1:



Transformer Decoder: 

Target sequence 
(<bos>, x1, …, xm)

Add & Norm:

LayerNorm

Embedded target sequence Embedded target sequence 

Masked Multi-Head Attention

After Add & Norm



Transformer Decoder: Multi-Head (Cross) Attention

Target sequence 
(<bos>, x1, …, xm)

Cross-Attention:

MultiHead Attention:

Step 1: Step 2:

“Cross” attention means 
Q, K, V are computed 
from separate sequencesEmbedded target sequence Embedded target sequence 

Masked Multi-Head Attention

After Add & Norm

Masked Multi-Head Attention



Decoder
state

Transformer Decoder: Multi-Head (Cross) Attention

Target sequence 
(<bos>, x1, …, xm)

Embedded target sequence Embedded target sequence 

Masked Multi-Head Attention

After Add & Norm

Cross-Attention:

MultiHead Attention:

Step 1: Step 2:

“Cross” attention means 
Q, K, V are computed 
from separate sequences

Encoder 
state

Encoder
state

Masked Multi-Head Attention



Transformer Decoder: Add & Norm

Target sequence 
(<bos>, x1, …, xm)

Add & Norm:

LayerNorm

Embedded target sequence Embedded target sequence 

Masked Multi-Head Attention

After Add & Norm

Masked Multi-Head Attention

Add & Norm



Transformer Decoder: Feed Forward

Target sequence 
(<bos>, x1, …, xm)

Feed Forward

Embedded target sequence Embedded target sequence 

Masked Multi-Head Attention

After Add & Norm

Masked Multi-Head Attention

Add & Norm

Feed Forward



Transformer Decoder: Add & Norm

Target sequence 
(<bos>, x1, …, xm)

Embedded target sequence Embedded target sequence 

Masked Multi-Head Attention

After Add & Norm

Masked Multi-Head Attention

Add & Norm:

LayerNorm

Add & Norm

Feed Forward

Add & Norm



Transformer: Final output
Compute transformation over 
concatenated states



Unembedding and token predictions

I Model predictions for position i are derived by applying the model’s unembedding
matrix U 2 RnV ,dM to x(nL)

i
(�nal layer embedding at position i ) to obtain a vector

of output logits logitsi(t) 2 RnV :

logitsi(t) = U x(nL)
i

I Logits are transformed into probabilities using softmax:

PM(t | t, i) =
exp

�
logitsi(t)Ind(t)

�
P

nV

j=1 exp
�
logitsi(t)j

�

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

6
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Transformers as Updated Residual Streams

Elhage et al. (2021)

‣ sequence of additive updates
• old info often more important  than new info

‣ same function for each token at each layer
• only attention module assesses info “laterally”

‣ final unembedding applicable to each
intermediate processing stage
• early-decoding / logit lense

‣ ~ “internal memory during processing”
• a bit like human working memory
• but “lateral access” to WM @ previous stages

- “memory of working memory”

‣ processing stages similar to human
processing in time?

https://transformer-circuits.pub/2021/framework/index.html


BERT (Devlin et al., 2019)

- Bidirectional Encoder Representations from Transformers
- Key idea: Use a transformer to leverage bidirectional context
- Two objectives/loss optimization

- Masked language modeling (MLM)
- Next sentence prediction (NSP)

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

29



BERT Pre-training

We first pre-train the model on a lot of 
data to learn basic language abilities.

30
[from Alammar, The Illustrated BERT, http://jalammar.github.io/illustrated-bert/]



BERT Pre-training

31



Masked Language Modeling (MLM)

Learn to recover a masked 
word using the context

32
[from Alammar, The Illustrated BERT, http://jalammar.github.io/illustrated-bert/]



MLM- The 80-10-10 Strategy

33



Next Sentence Prediction (NSP)

Later works showed that this doesnʼt 
always help (Liu et al., 2019)! 

34
[from Alammar, The Illustrated BERT, http://jalammar.github.io/illustrated-bert/]



How to use BERT? Fine-tuning

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

35



Fini


