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Math Review

Dot Product Bilinear Product



Readings

‣ “The Annotated Transformer” by Sasha Rush 

‣ “The Illustrated Transformer” by Jay Lamar
http://jalammar.github.io/illustrated-transformer/

https://nlp.seas.harvard.edu/2018/04/03/attention.html

‣ Jurafsky+MarJn Chapter 7



Jurafsky+MarJn NLP Textbook



Self-APenJon

the  movie  was   great

‣ Each word forms a “query” which then 

computes aPenJon over each word 
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MulJ-head Self-APenJon

Vaswani et al. (2017)

‣ MulJple “heads” use different sets of parameters Wk and Vk to get 

different aPenJon values + transform vectors

index of aPenJon heads
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MulJ-Head Self APenJon

Vaswani et al. (2017)

‣ MulJple “heads” - actual implementaJon that uses matrix operaJons

‣ Let X = [sent len, embedding dim] be the input sentence

‣ Query Q = XWQ: these are like the decoder hidden state in aPenJon

‣ Keys K = XWK: these control what gets aPended to, along with the query

‣ Values V = XWV: these vectors get summed up to form the output

dim of keys
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‣ MulJple “heads” - actual implementaJon that uses matrix operaJons

‣ Each aPenJon head has its own set of learned parameters WQ, WK, WV

‣ Query vector of token i:                      ; Key vector of token j:
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dim of keys

‣ MulJple “heads” - actual implementaJon that uses matrix operaJons

‣ Each aPenJon head has its own set of learned parameters WQ, WK, WV

‣ X as input sentence: 



MulJ-Head Self APenJon

Vaswani et al. (2017)

dim of keys & queries

‣ Query vector of token i:                      , Key vector of token j:

‣ As dk increases, variance/std. of dot product also grows, causing soWmax to 
become overly peaked

‣ Why scaled by √dk ?
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MulJ-Head Self APenJon

Vaswani et al. (2017)

‣ Each aPenJon head has its own set of learned parameters WQ, WK, WV

‣ H aPenJon heads: 1, 2, …, H



MulJ-Head Self APenJon

Vaswani et al. (2017)

‣ No noJon of posiJon of words/tokens in the aPenJon or soWmax 

‣ Reordering tokens simply reorders aPenJon weights, leaving each token's 

weighted sum unchanged.



ProperJes of Self-APenJon

Vaswani et al. (2017)

‣Quadra/c complexity, but O(1) sequenJal operaJons (not linear like 

in RNNs) and O(1) “path” for words to inform each other

‣ n = sentence length, d = hidden dim, k = kernel size, r = restricted 

neighborhood size



Transformer



Transformers

Vaswani et al. (2017)

‣ Alternate mulJ-head self-aPenJon 

layers and feedforward layers

‣ Residual connecJons let the model 

“skip” each layer — these are 

parJcularly useful for training deep 

networks

Transformers

Vaswani	et	al.	(2017)

the		movie		was			great

‣ Augment	word	embedding	with	posi=on	embeddings,	
each	dim	is	a	sine/cosine	wave	of	a	different	
frequency.	Closer	points	=	higher	dot	products

‣Works	essen=ally	as	well	as	just	encoding	posi=on	as	
a	one-hot	vector

the		movie		was			great
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‣ Alternate mulJ-head 

self-aPenJon layers and 

feedforward layers that 

operate over each word 

individually

post-LN (original 

Transformer)
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‣ Alternate mulJ-head 

self-aPenJon layers and 

feedforward layers that 

operate over each word 

individually

‣ or

‣ or

post-LN (original 

Transformer)

pre-LN (modern 

approach)



Transformers

Vaswani et al. (2017)

‣ Alternate mulJ-head self-aPenJon 

layers and feedforward layers (w/

ReLU acJvaJon) that operate over 

each word individually
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h = 8 

dx  = 512 

dff  = 2048 

dk = dq = dmodel / h = 64 

dv = dmodel / h = 64

N = 6



Transformers

Image Credit: Yule Wang

‣ Alternate mulJ-head 

self-aPenJon layers and 

feedforward layers that 

operate over each word 

individually



Transformer encoder-decoder

‣ The original Transformer used an encoder–

decoder architecture for machine translaJon.

‣ Transformers can be used as encoders, 

decoders, or both, similar to LSTMs and CNNs.
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‣ The original Transformer used an encoder–

decoder architecture for machine translaJon.

‣ Transformers can be used as encoders, 

decoders, or both, similar to LSTMs and CNNs.

masked self-aPenJon 

(decoder)

self-aPenJon 

(encoder)


