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• Models the sequential (word-by-word) processing nature of human 
language processing.

RECAP FROMPREVIOUS LECTURE

RECAP FROM PREVIOUS LECTURE

“restaurant” “great”“The” “was”
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Self-attention
• A way to represent structure

• Each word forms a query which computes attention over each word

Vaswani et al. (2017)



Self-attention
• A new way to represent structure

• Each word forms a query which computes attention over each word

Extension – allow multiple attention heads



ATTENTION LAYER

ATTENTION LAYER

This is the output of the attention layer.
But recall that due to the residual connections, the actual output is .
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MULTI-HEAD ATTENTION

MULTI-HEAD ATTENTION

Concatenate the outputs from 
each head into one large matrix.
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MULTI-HEAD ATTENTION

MULTI-HEAD ATTENTION

The resulting matrix is too large, 
since we need to add it back to . 
It’s dimension is .
So we use a linear layer to resize it. 
Due to the residual connection, we 
add the output back to the input:
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WHY MULTIPLEHEADS?

WHY MULTIPLE HEADS?

• Different attention heads can perform different computations.
• For example one attention head can compute syntactic relations:

• “I run a small business” vs “I went for a run”
• To compute the part-of-speech of “run”, it helps to attend the word 

immediately before: “I” vs “a”.
• “a run” indicates that “run” is a noun.
• “I run” indicates that “run” is a verb.

• A second attention head can compute semantic information:
• What is the subject of the run?
• In both examples above, the subject is “I”.



• Example of attention matrix without mask:

CAUSAL MASK

CAUSAL MASK

restaurant was good restaurant
w

as
good
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• Example of attention matrix with a causal mask:

CAUSAL MASK

CAUSAL MASK

restaurant was good restaurant
w

as
good
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POSITIONAL EMBEDDING

POSITIONAL EMBEDDING

• Suppose the input to the attention layer has no position information (it only has word
information).

• And suppose we have no causal mask.
• The attention layer is not able to compute the relative positions of tokens:

• E.g. it can’t determine which token immediately follows any other token.
• Suppose the word “dog” has high attention weight with “big”.
• Since the embeddings of both “big” words are identical, the attention weight between

dog and both big’s are the same.

“The big dog and big cat”
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POSITIONAL EMBEDDING

POSITIONAL EMBEDDING

“Restaurant”

“was”

“good”

• Thus, position information is explicitly added to the embeddings:
• There are many kinds of positional embeddings.
• Token embeddings and positional embeddings can be summed, multiplied, or 

concatenated, etc.
• Lots of ways to incorporate position information into embeddings.

47
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𝑝𝑖,𝑡 is the ith element in 
the pi position vector



LAYER NORMALIZATION

LAYER NORMALIZATION

• Suppose we are training a transformer on a classification task, so we have a
operation at the end of the network.

• Also suppose the input embeddings have large magnitude,
• It’s very likely that the magnitude of the embeddings stays large throughout

the transformer layers, up to the last softmax operation.
• Recall that the derivative of the softmax is close to zero if the input is a large 

positive or negative value.
• Hint: The logistic function (i.e., sigmoid) is equivalent to softmax in two 

dimensions.
• Thus, in this example, the gradient would be very close to zero, and training 

would be extremely slow.

48



49

LAYER NORMALIZATION

LAYER NORMALIZATION

• Thus, transformers with many layers can also sometimes suffer from
vanishing gradients.

• To avoid this, transformers use layer normalization.
• Idea: Keep the activations close to 0 and not too negative or too positive.



LAYER NORMALIZATION

LAYER NORMALIZATION
“Restaurant was good”

attention

feedforward
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○γ β
𝜀

Where 𝜀 is a small fixed constant, γ and
β are vectors of learnable weights.

LAYER NORMALIZATION

LAYER NORMALIZATION
“Restaurant was good”

attention

feedforward
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Since we scale the input by its standard 
deviation, layer normalization helps to 
prevent the activations from attaining 
very large positive or negative values.



POST-LAYER NORMALIZATION

POST-LAYER NORMALIZATION

48[Vaswani et al., 2017]

The original transformer paper 
used post-layer normalization.

Layer normalization was 
applied on the residual stream 
(i.e., after residual connection).

attention

feedforward



PRE-LAYER NORMALIZATION

PRE-LAYER NORMALIZATION

Xiong et al., 2020, proposed
moving the layer normalization 
before the attention and FF blocks. attention

feedforward
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PRE-LAYER NORMALIZATION

PRE-LAYER NORMALIZATION

• Xiong et al., 2020, showed that the magnitudes of the gradients are more 
uniform across layers when using pre-layer normalization.

• Hypothesis: Learning occurs at a more uniform rate across layers when using 
pre-layer norm.
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PRE-LAYER NORMALIZATION

PRE-LAYER NORMALIZATION

• Measure empirical performance on masked language modeling, semantic
similarity (Microsoft Research Paragraph Corpus), and textual entailment
(Recognizing Textual Entailment dataset).
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PRE-LAYER NORMALIZATION

PRE-LAYER NORMALIZATION

• Measure empirical performance on machine translation.
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PRE-LAYER NORMALIZATION

PRE-LAYER NORMALIZATION

• Measure empirical performance on machine translation.
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○γ where =

• Note that RMSNorm is faster to compute.

• Zhang and Sennrich, 2019, proposed a simpler alternative to layer 
normalization, called root mean square layer normalization, or RMSNorm.

○γ β
𝜀

where 𝜀 is a small fixed constant, γ and β are vectors of learnable weights.

RMSNORMALIZATION

RMS NORMALIZATION

𝑛
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1 𝑛
𝑗=1 𝑖,𝑗𝑥2σ



RMSNORMALIZATION

RMS NORMALIZATION

• Measure empirical performance on machine translation.
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RMSNORMALIZATION

RMS NORMALIZATION

• Measure empirical performance on question answering.
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PRE-LAYER NORMALIZATION ANDRMSNORM

PRE-LAYER NORMALIZATION AND RMSNORM

• Older transformer models (e.g., GPT-2) 
used pre-layer normalization.

attention

feedforward
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PRE-LAYER NORMALIZATION ANDRMSNORM

PRE-LAYER NORMALIZATION AND RMSNORM

• Older transformer models (e.g., GPT-2) 
used pre-layer normalization.

• Recent models (e.g., Llama, DeepSeek, 
Qwen, Olmo) typically use pre-layer 
normalization with RMSNorm.

attention

feedforward
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Alignment-based problems
• Many problems in NLP require alignment, i.e., a mapping between 

text segments.
• Alignment over inputs:  Entailment for example

The animal broke into the yard

The brown fox jumped over the blue fence into the yard

TE Task: does the premise entail the hypothesis? 



Alignment-based problems
• Many problems in NLP require alignment, i.e., a mapping between 

text segments.
• Alignment over output:  automatic translation for example

Natural language processing is awesome 

Le traitement du langage naturel est génial.



Alignment-based problems
• In these problems the mapping from input to output is 

incomplete.
• They require an ”extra” step, the alignment serves as an 

explanation/justification for the output decision.
• E.g., we can identify why every word in the translate text is needed 

by mapping it to the source sentence.
• Traditionally, this mapping was done explicitly.



Attention based “reading” and 
“writing”
• The attention mechanism and the transformer architecture can 

help in such tasks. 
• The attention mechanism acts as an alternative to explicit 

alignments  and can be interpreted as soft alignments.

• Early works adapt an RNN based encoder-decoder approach to an 
attention based architecture.



Encoder-Decoder Architecture
• Popular choice for NLP applications that require generation

•  NMT, summary, semantic parsing,..
• Encode sequence into a fixed size vector

• Now use that vector to produce a series of tokens as output from a separate 
LSTM decode

Sutskever et al. (2014)



Encoder-Decoder Architecture
• Generate the next word, conditioned on previous words as well as hidden 

state



Inference
• At inference time, the predicted word can be used as input to the 

next word prediction

the movie was great <s>

le



Seq2Seq issues
• Encoder-decoder models tend to repeat output sequences
• Un garçon joue dans la neige ➔ A boy plays in the snow boy plays boy plays

• Some notion of coverage is needed

• Depending on context, some word should not be translated

• Issues with long sentences, similar to LSTM generally



Alignment
• Recall out discussion about latent variables in structured prediction 
• Let’s assume the source and target sentences  can be mapped word-to-word 

You can look at the 
corresponding word when 
translating, choice of output 
word still requires context

A lot of the “heavy lifting” is done 
by the mapping as opposed to 
the hidden state



Alignment
• A lot of the “heavy lifting” is done by the mapping as opposed to the 

hidden state
• Manually annotated alignments (hard to do)
• Alignments as latent variables (requires inference)
• Soft alignments as part of the neural net



Attention
• Attention: at each decoder state compute a distribution over the 

source inputs based on the current decoder state



Attention
• For each decoder state compute the weighted sum of input states



Attention
• For each decoder state compute the weighted sum of input states



Attention
• We can identify the 

source word context for 
output predictions



Attention 
• Nice results for many applications:

• Machine translation: BLEU score of 14.0 on English-
German -> 16.8 with attention, 19.0 with improved 
attention 

• Summarization/headline generation: bigram recall 
from 11% -> 15%

• Semantic parsing: ~30% accuracy -> 70+% accuracy 
on Geoquery

Luong et al. (2015)Chopra et al. (2016)Jia 
and Liang (2016)



TRANSFORMER APPLICATIONS

TRANSFORMER APPLICATIONS

• Recall that RNNs can be used in a wide variety of architectures.
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TRANSFORMER APPLICATIONS

TRANSFORMER APPLICATIONS

• Recall that RNNs can be used in a wide variety of architectures.
• Transformers can similarly be a component in lots of different models.

1 or more transformer layers
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TRANSFORMER APPLICATIONS

TRANSFORMER APPLICATIONS

• Recall that RNNs can be used in a wide variety of architectures.
• Transformers can similarly be a component in lots of different models.
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TRANSFORMER APPLICATIONS

TRANSFORMER APPLICATIONS

• Recall that RNNs can be used in a wide variety of architectures.
• Transformers can similarly be a component in lots of different models.

1 or more transformer layers
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TRANSFORMER APPLICATIONS

TRANSFORMER APPLICATIONS

• Recall that RNNs can be used in a wide variety of architectures.
• Transformers can similarly be a component in lots of different models.

𝑥<𝑇𝑥+1>𝑥<3>𝑥<2> In the language modeling task,
we often predict tokens, where
the
to the

output token corresponds 
input token.

84

1 or more transformer layers
The loss is computed as the sum 
of the losses of all output
tokens.

Often called autoregressive or
causal language modeling.



WHY THECAUSAL MASK?

WHY THE CAUSAL MASK?

• Recall that RNNs can be used in a wide variety of architectures.
• Transformers can similarly be a component in lots of different models.

𝑥<𝑇𝑥+1>

85

𝑥<3>𝑥<2>

We want 𝑥<𝑖> to only attend to 
tokens that come before it.

1 or more transformer layers
Otherwise, it can simply cheat 
by copying 𝑥<𝑖+1>.

This motivates the causal mask.



WHY THECAUSAL MASK?

WHY THE CAUSAL MASK?

• Recall that RNNs can be used in a wide variety of architectures.
• Transformers can similarly be a component in lots of different models.

1 or more transformer layers

86

𝑥<𝑇𝑥+1>𝑥<3>𝑥<2> With or without the causal mask, 
the model still must predict the 
token after the last token.

The model can’t “cheat” here by
attending to future tokens.



TRANSFORMER APPLICATIONS

TRANSFORMER APPLICATIONS

• Recall that RNNs can be used in a wide variety of architectures.
• Transformers can similarly be a component in lots of different models.
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TRANSFORMER APPLICATIONS

TRANSFORMER APPLICATIONS

• Recall that RNNs can be used in a wide variety of architectures.
• Transformers can similarly be a component in lots of different models.

Encoder

Decoder

88



TRANSFORMER ENCODER-DECODER

TRANSFORMER ENCODER-DECODER

Transformer
encoder layer

Transformer 
encoder layer

… …

𝑓<1> 𝑓<𝑇𝑥>Feature vectors …

Transformer encoder-
decoder layer

Transformer encoder-
decoder layer

… …

𝑦<2> 𝑦<𝑇𝑦+1>…

𝑦<1> 𝑦<𝑇𝑦>

The left side is the encoder.
The encoder attention layers do 
not have the causal mask.

89

The right side is the decoder.
The decoder attention layers
have the causal mask.



ENCODER-DECODER

ENCODER-DECODER

“<start>” “<start> The”

“素早い茶色のキツネが怠
惰な犬を飛び越えます。”
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ENCODER-DECODER

ENCODER-DECODER

“<start> The” “<start> The quick”

“素早い茶色のキツネが怠
惰な犬を飛び越えます。”

91



ENCODER-DECODER

ENCODER-DECODER

“<start> The quick” “<start> The quick brown”

“素早い茶色のキツネが怠
惰な犬を飛び越えます。”
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ENCODER-DECODER

ENCODER-DECODER

“<start> The quick brown” “<start> The quick brown fox”

“素早い茶色のキツネが怠
惰な犬を飛び越えます。”
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ENCODER-DECODER

ENCODER-DECODER

“<start> The quick brown
fox”

“<start> The quick brown fox
jumps”

“素早い茶色のキツネが怠
惰な犬を飛び越えます。”
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ENCODER-DECODER

ENCODER-DECODER

“<start> The quick brown
fox jumps”

“<start> The quick brown fox
jumps over”

“素早い茶色のキツネが怠
惰な犬を飛び越えます。”
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ENCODER-DECODER

ENCODER-DECODER

“<start> The quick brown
fox jumps over”

“<start> The quick brown fox
jumps over the”

“素早い茶色のキツネが怠
惰な犬を飛び越えます。”
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ENCODER-DECODER

ENCODER-DECODER

“<start> The quick brown 
fox jumps over the”

“<start> The quick brown fox
jumps over the lazy”

“素早い茶色のキツネが怠
惰な犬を飛び越えます。”
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ENCODER-DECODER

ENCODER-DECODER

“<start> The quick brown 
fox jumps over the lazy”

“<start> The quick brown fox
jumps over the lazy dog”

“素早い茶色のキツネが怠
惰な犬を飛び越えます。”
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ENCODER-DECODER

ENCODER-DECODER

“<start> The quick brown 
fox jumps over the lazy dog”

“<start> The quick brown fox
jumps over the lazy dog <end>”

“素早い茶色のキツネが怠
惰な犬を飛び越えます。”
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TRANSFORMER ENCODER-DECODER

TRANSFORMER ENCODER-DECODER

Transformer
encoder layer

Transformer 
encoder layer

… …

𝑓<1> 𝑓<𝑇𝑥>…

Transformer encoder-
decoder layer

Transformer encoder-
decoder layer

… …

𝑦<2> 𝑦<𝑇𝑦+1>…

𝑦<1> 𝑦<𝑇𝑦>

How does the transformer 
encoder-decoder layer 
incorporate information from 
the encoder (i.e., features)?

10
0



TRANSFORMER LAYER

TRANSFORMER LAYER

attention

feedforward

10
1



TRANSFORMER ENCODER-DECODER LAYER

TRANSFORMER ENCODER-DECODER LAYER

attention

feedforward

encoder-decoder attention

Features from encoder

10
2

The first attention layer has a 
causal mask.

The encoder-decoder attention 
layer does not.

What does the encoder-decoder
attention layer look like?



ATTENTION LAYER

ATTENTION LAYER

Recall this is the circuit 
diagram for the multi-head 
attention component.

10
4



ENCODER-DECODER ATTENTION LAYER

ENCODER-DECODER ATTENTION LAYER

are the inputs from the 
previous decoder layer.

are the inputs from the 
encoder (i.e., features).

is .
is .
is .
is .
is .

is .
is .

is .

10
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ENCODER-ONLY AND DECODER-ONLY ATTENTION LAYER

ENCODER-ONLY AND DECODER-ONLY 
ATTENTION LAYER

So the attention layer where 
there is only 1 input is 
referred to as encoder-only 
or decoder-only.

Encoder-only attention 
layers do not have a causal 
mask.
Decoder-only attention
layers have a causal mask.

10
6



ENCODER-ONLY AND DECODER-ONLY TRANSFORMER LAYER

ENCODER-ONLY AND DECODER-ONLY 
TRANSFORMER LAYER

attention

feedforward

Similarly, a transformer layer 
without encoder-decoder 
attention is called an 
encoder-only or decoder-only 
transformer layer,

10
7

depending on whether it has 
a causal mask.

Encoder-only transformers 
are also called bidirectional 
transformers.
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EXAMPLEENCODER-DECODER TRANSFORMER MODELS

EXAMPLE ENCODER-DECODER 
TRANSFORMER MODELS

• Some example encoder-decoder models: (trivia)
• BART (Lewis et al., 2019)

• Up to 400M parameters.
• T5 (Raffel et al., 2020)

• Up to 11B parameters.
• UnifiedQA (Khashabi et al., 2020)



10
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EXAMPLEENCODER-ONLY TRANSFORMER MODELS

EXAMPLE ENCODER-ONLY 
TRANSFORMER MODELS

• Some example encoder-only models: (trivia)
• BERT (Devlin et al., 2018)

• Up to 355M parameters.
• RoBERTa (Liu et al., 2019)

• Up to 355M parameters.
• DeBERTa (He et al., 2021)

• Up to 1.5B parameters.
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EXAMPLEDECODER-ONLY TRANSFORMER MODELS

EXAMPLE DECODER-ONLY 
TRANSFORMER MODELS

• Modern language models are decoder-only models. (trivia)
• GPT-2 (Radford et al., 2019)

• Up to 1.5B parameters.
• GPT-3 (Brown et al., 2020)

• Up to 175B parameters.
• GPT-4 (OpenAI, 2023)

• (unofficial) Up to 1.7T parameters (111B per expert).
• LLaMA 3 (Meta, 2024)

• Up to 405B parameters.
• DeepSeek-V3 (DeepSeek-AI, 2024)

• Up to 671B parameters (37B per expert).



TRAINING ENCODER-ONLY MODELS

TRAINING ENCODER-ONLY MODELS

• How are encoder-only models like BERT trained?
• We can’t use autoregressive language modeling since without the causal 

mask, encoder-only transformers can “cheat” by copying the next token.

Encoder-only transformer

“The”
11
1

“quick” “brown”

“quick” “brown” “fox”



TRAINING ENCODER-ONLY MODELS

TRAINING ENCODER-ONLY MODELS

• How are encoder-only models like BERT trained?
• Measure the loss function only on the masked tokens.

Encoder-only transformer

“The”

“The” “quick” “fox”
11
3

“quick” “brown” “fox”



Transformers vs. LSTMs
• RNN based architectures hard code sequential assumptions into 

the network structure.
• ELMo was an attempt for large scale pre-training of an LSTM based 

contextualized word embedding model.

Deep contextualized word representations. Peters et-al 2018



ELMo Architecture



BERT
• Transformer-based 

approach instead of an 
LSTM -based like ELMo.
• Transformer vs. LSTM
• Masked language objective 

instead of usual LM
• Fine-tuned at test time

BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding Devlin et-al 2019 



BERT
Note the difference: traditional LM uses ”one-sided” information, BERT uses 
attention from the entire sentence (interactions between ”past and future” 
tokens is modeled.

performer

Ballet dancer

A stunning ballet dancer, Copeland is one of the best performers to see live

ballet dancer/performer
Devlin et-al 2019



Architecture



Comparing Contextualized 
Representations
• Consider the word bank, how many different meaning does it have?

• ”the river bank”, “the bank refused a loan”, “the bank on the corner of 
main st”,  etc.

• Words can have different senses, word sense disambiguation is 
the task of mapping a word to the right sense.

• Heavily depends on the context in which the word appears.

• Question: how well would different context representations do on 
this task? 

Wiedemann et-al 2019



Benchmarking WSD
• Prediction is done using 

KNN, given the training 
data.

• Use different 
embeddings to 
implement a similarity 
function.

• ”good” representations 
should identify the 
similarity in context of 
words with similar 
senses.



Benchmarking WSD



Fine Tuning for downstream tasks

BERT tends to perform better if the entire network is trained, unlike ELMO



RoBERTa



What does BERT learn?



What does BERT learn?



QUESTIONS?

QUESTIONS?
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