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Motivation

• Feedforward neural language models can leverage the meaning of words, but 
can’t handle long contexts effectively 

• Smarter architectures like recurrent neural networks can do this, but the current 
state-of-the-art is Transformers, which use self-attention



Intuition

• You can think of self-attention as doing two things: 
1. Figuring out which tokens relate to each other 
2. Figuring out what information to move between token positions 

• Transformers use the following components, each of which we’ll discuss in detail: 
• Multi-head self-attention 
• Causal masking 
• Feed-forward layers with non-linearities 
• LayerNorm 
• Positional embeddings (in Thursday’s lecture)



Example
Long-context Question Answering

Feed all of this into our model, then ask: 
“What is the name of Björk’s second album?”

Recurrent and feedforward architectures struggle 
with this; they forget information from many 
positions in the past

Attention allows us to access info arbitrarily 
far back in our context



Encoder

Decoder

Reads the left and right 
context, yields representation 
of current token

Reads only the left context; 
generates the next token

Vaswani’s architecture 
looked like this:



Decoder 
Layer

In this class, our architecture 
will look more like this:

Reads only the left context; 
generates the next token



Self-attention

1. Derive three vectors from hidden state : the query, key, and valuex1

Intuition: Think of retrieval. We have a query (input), which is compared to 
                 all keys. We retrieve the value(s) associated with the key(s) most similar 
                 to the query.

q1 = WQx1

k1 = WKx1

v1 = WVx1

The cat
… …

3. Divide by square root of the 
dimensionality of , then softmax:k

αij = softmax(
Aij

dk
)

Attention 
weight

2. For all , dot query of  with key of :i, j xi xj

Aij = qi ⋅ kj
Attention 
score



Self-attention

q1 = WQx1

k1 = WKx1

v1 = WVx1

The cat
… …

2. For all , dot query of  with key of :i, j xi xj

Aij = qi ⋅ kj

3. Divide by square root of the 
dimensionality of  and softmax:k

αij = Softmax(
Aij

dk
)

4. For all , multiply  by value  and sum:j αij vj

zi =
n

∑
j=1

αijvj

This is the output of the self-attention 
layer for token .xi
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4. For all , multiply  by value  and sum:j αij vj
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This is the output of the self-attention 
layer for token .xi

2. For all , dot query of  with key of :i, j xi xj

Aij = qi ⋅ kj

3. Divide by square root of the 
dimensionality of  and softmax:k

αij = Softmax(
Aij

dk
)

(You’ll sometimes see this 
referred to as “scaled dot 
product attention”)



Example
Long-context Question Answering

What is the name of Bjork’s second album?

qt−1 = WQxt−1

qt−2 = WQxt−2

Compute the key of all tokens in the article 
(and the question)

If query and key have high dot product, bring 
the values from the key positions to the query 
positions so they can be used to help us 
answer the question
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Self-attention

Doing this token-by-token would be very slow. In practice, we do all of this in 
parallel for all token positions. Let’s do this in matrix form:

Batching attention computations

X
WQ WK WV

n
dh

dh dh dh

dq dk dv

Q = XWQ
K = XWK

V = XWVZ = Softmax( QK⊤

dk
)V

X = [x1; x2; …; xn]



Multi-head Self-attention

Now let’s add more attention heads!

X

WQ1
WK1

WV1

n
dh

dh dh dh

dq dk dv

WQ2
WK2

WV2

dh dh dh

dq dk dv

Head 1:

Head 2:
Z1 = Softmax( Q1K⊤

1

dk
)V1

Z2 = Softmax( Q2K⊤
2

dk
)V2



Multi-head Self-attention

Now let’s add more attention heads!

X
n

dh

Z1 = Softmax( Q1K⊤
1

dk
)V1

Z2 = Softmax( Q2K⊤
2

dk
)V2

But wait, the model expects the output of 
the attention block to be the size of a single 

. How do we convert all these  into a 
-shaped matrix?

Z Zi
Z

Concatenate then project:

Z1 Z2
Z = WO

Output 
projection



Multi-head Self-attention

zi



Let’s look at a couple attention heads using BERTViz:



Contextual Representations

• Because they receive information 
from other tokens, token 
representations  after a 
Transformer block carry 
contextual information!

ri

E.g.,  can distinguish between:ri

Let’s go to the park
Let me park my car
Let’s park that for now



We add a SwiGLU feed-forward network:

Attention is totally linear… so where 
do the non-linearities come from?

FFN(x) = SwiGLU(x, W1, W2, W3)

= W2(Swish(W1x) ⊙ W3x)

x

Swish
W3xW1x

⊙ { Swish(W1x) ⊙ W3x

W2(Swish(W1x) ⊙ W3x)



The SwiGLU

Combines the Swish function with a gated linear unit (GLU):

Swish(x) = x ⋅ σ(x) =
x

1 + e−x

x

Swish
W3xW1x

⊙ { Swish(W1x) ⊙ W3x

W2(Swish(W1x) ⊙ W3x)

Neuron  of  
gates the Swish’d 
neuron  of 

i W3x

i W1x



xi = Embedding(ti)

fi = MLP((RMSNorm(ai)) + ai

Residual connections help 
prevent vanishing gradients. 
Gives gradients more direct 
paths from later layers to 
earlier layers.

ai = MHSelfAttn(RMSNorm(xi)) + xi

zi = Wf hi

yi = softmax(zi)

hi = RMSNorm(fi)



Why residual connections?

1. It helps gradients not vanish as easily. 
 
 

2. It makes the loss landscape much 
easier to optimize over:

(no residuals) (with residuals)

Loss landscapes:

[Li et al., 2018]



xi = Embedding(ti)

fi = MLP((RMSNorm(ai)) + ai

LayerNorm helps the model 
learn faster by cutting down 
on uninformative variance. 
Helps normalize the 
gradients.

ai = MHSelfAttn(RMSNorm(xi)) + xi

zi = Wf hi

yi = softmax(zi)

hi = RMSNorm(fi)



RMSNorm

• It helps models train faster. 
• Cuts down on uninformative variance in hidden vectors within each layer. 
• Helps normalize gradients. 

• The parameters  and  help determine how much we should normalize:g ϵ

RMSNorm(ai) = gi ⋅
ai

RMS(ai)
“gain”

“offset”Where RMS( ) = a
1

length(a)

length(a)

∑
j=1

a2
j + ϵ



xi = Embedding(ti)

fi = MLP((RMSNorm(ai)) + ai

ai = MHSelfAttn(RMSNorm(xi)) + xi

zi = Wf hi

yi = softmax(zi)

hi = RMSNorm(fi)



Transformer Language Modeling

Transformer Blocks

The cat sat on
xi

hi

yi

p(xi+1 |x1..i) = softmax(Whi)

Where  is of size 
(vocab size)  (hidden size)

W
×



Training a Transformer LM

Transformer Blocks

The cat sat on

cat sat on the

The input is a sequence of words, and the output is the same sequence shifted to 
the right by 1. This allows us to train on predictions for several positions at once.



Training a Transformer LM

Transformer Blocks

The cat sat on

p(x̂i+1 |x1..i)

For the loss, we use 
cross-entropy 
(== negative log-likelihood):

L = − log p(xi+1 |x1..i)

The total loss for the whole 
sequence is simply the sum 
of these positionwise losses.

During training, we can 
compute losses for many 
positions at once.

During generation, we 
must generate one token 
at a time.



An Issue with Full Self-attention

Transformer Blocks

The cat sat on

cat sat on the

As-is, this model will easily get perfect accuracy. This is because it can see the 
correct next token during training! How can we fix this?



Causal Masking

q1 = WQx1

k1 = WKx1

v1 = WVx1

The cat
… …

sat on
… …

At position , mask out attention to 
all tokens at positions

i
> i

αij = Softmax(
Aij

dk
)Encoder:

Decoder: before the softmax, mask out 
everything above the diagonal (i.e., set 
those elements to )−∞

[ ]1.1

-0.1

-∞

0.5

5.1

0.5

1.2

2.9

-∞

-∞ -∞

3.3

-0.3

-∞

-∞

4.2

Softmax( )

“causal mask”



Why a causal mask?

• The causal mask is what turns the Transformer into a generative language model. 
• Left-to-right information flow 

• Without it, the model could just cheat during training by looking ahead at the 
next tokens.



Self-attention with the Causal Mask

These are all of 
the 
computations 
needed for one 
attention head. 
 
Multi-head 
attention is just 
a bunch of these 
performed in 
parallel and then 
recombined.



Transformers are technically more compute-intensive 
than other architectures like recurrent neural networks, 
but they can be massively parallelized, making 
Transformers much faster to train in practice.

“As [a] side benefit, self-attention could yield 
more interpretable models.”



Transformers also perform well on downstream tasks
…using an order-of-magnitude fewer FLOPs than past methods



GPT-2
The First Big Success for Transformer LMs



• With transformers, we can train neural networks that are just as good as before, 
but using orders-of-magnitude less compute 

• Transformers significantly reduced the problem of long sequence modeling 
• (Granted, memory requirements are now quadratic w.r.t. sequence length) 

• Still the dominant architecture in language modeling 

• Look around us:

Impact



Some Drawbacks

• Quadratic dependencies w.r.t. length: we now need  compute as 
sequences increase in length. 

• With recurrent models, it was linear!  

• The position representations can almost certainly be improved… more on this 
next time

O(n2)



Quadratic Dependencies

• Attention is highly parallelizable, but consider the fact that every token has 
pairwise interactions with every other token: 

• This means we need to perform  operations, where  is context length 
and  is the dimensionality. 

• This becomes prohibitive when working with long documents. 

• People have tried to remove this dependency, but methods that do so don’t 
usually perform as well.

O(n2d) n
d

XQ × K⊤X⊤ = XQK⊤X⊤



Some PyTorch Help

How can we implement something like  without torch.nn.Linear?y = Wx

__init__ creates the matrix W

forward multiplies  with  (more on einsum in a later lecture)W x

trunc_normal_ initializes the parameters 
(HW1 will tell you to use this)

W ∈ ℝin_ features × out_ features



Some PyTorch Help

Q = XWQ

K = XWK

V = XWV

WO



Next Class

• Thursday: tokenization and positional embeddings 
• Byte-pair encoding (BPE) 
• Rotary position embeddings (RoPE) 

• Reminder: HW1 is due Sep. 24 at 11:59pm 
• Come to office hours with questions! 

• If you haven’t yet enrolled in the class Piazza, please do that


