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(many slides from Greg Durrett)



Administrivia

‣ Midterm 10/28  (close-book, close-note)

‣ PracBce Midterm has been released on Ed

‣ Access to the PACE’s InstrucBonal GPU Cluster: 
hKps://gatech.service-now.com/home?
id=kb_arBcle_view&sysparm_arBcle=KB0042102 

‣ Course Project:  
     - Group of 2-4 people 
     - A proposal of 1-2 pages (team forming + topic)

https://gatech.service-now.com/home?id=kb_article_view&sysparm_article=KB0042102
https://gatech.service-now.com/home?id=kb_article_view&sysparm_article=KB0042102


This Lecture

‣ Transformer architecture

‣ Layer NormalizaBon

‣ OpBmizers: SGD, Momentum, AdaGrad, Adam, …



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+MarBn Chapter 7



‣ Generate next word condiBoned on previous word as well as hidden state

‣ W size is |vocab| x |hidden state|, sohmax over enBre vocabulary

P (y|x) =
nY

i=1

P (yi|x, y1, . . . , yi�1)P (yi|x, y1, . . . , yi�1) = softmax(Wh̄)

Recap: Encoder-Decoder

the  movie  was   great

la     

<s>

film était bon [STOP]



Recap: AKenBon

the  movie  was   great <s> le

th
e

m
ovie was

gr
eatth

e
m

ovie was
gr

eat

… …

‣ At each decoder state, 
compute a distribuBon over 
source inputs based on 
current decoder state

‣ Use the weighted sum of input 
tokens to predict output



Recap: AKenBon

the  movie  was   great

h1 h2 h3 h4

<s>

h̄1

‣ For each decoder state, 
compute weighted sum of 
input states

eij = f(h̄i, hj)

ci =
X

j

↵ijhj

c1

‣ Some funcBon f  
(e.g., dot product)

‣ Weighted sum 
of input hidden 
states (vector)

le

↵ij =
exp(eij)P
j0 exp(eij0)

P (yi|x, y1, . . . , yi�1) = softmax(W [ci; h̄i])

P (yi|x, y1, . . . , yi�1) = softmax(Wh̄i)‣ No aKn: 

th
e

m
ovie was
gr

eat



AKenBon

<s>

h̄1

eij = f(h̄i, hj)

ci =
X

j

↵ijhj

c1

‣ Note that this all uses outputs of hidden layers

f(h̄i, hj) = tanh(W [h̄i, hj ])

f(h̄i, hj) = h̄i · hj

f(h̄i, hj) = h̄>
i Whj

‣ Bahdanau+ (2014): addiBve

‣ Luong+ (2015): dot product

‣ Luong+ (2015): bilinear

le

↵ij =
exp(eij)P
j0 exp(eij0)

P (yi|x, y1, . . . , yi�1) = softmax(W [ci; h̄i])



AKenBon is All You Need

Vaswani et al. (2017)



Sentence Encoders

the  movie  was   great

‣ LSTM abstracBon: maps each vector in a 
sentence to a new, context-aware vector

‣ CNNs do something similar with filters

‣ AKenBon can give us a third way to do this

Vaswani et al. (2017)

the  movie  was   great



Self-AKenBon



Self-AKenBon

Vaswani et al. (2017)

The ballerina is very excited that she will dance in the show.

‣ Assume we’re using GloVe/word2vec embeddings — what do we want our 
neural network to do?

‣ What words need to be contextualized here?



Self-AKenBon

Vaswani et al. (2017)

The ballerina is very excited that she will dance in the show.

‣ Pronouns need to look at antecedents

‣ Ambiguous words should look at context

‣ Assume we’re using GloVe/word2vec embeddings — what do we want our 
neural network to do?

‣ What words need to be contextualized here?

‣ Words should look at syntacBc parents/children

‣ Problem: LSTMs and CNNs don’t do this



Self-AKenBon

Vaswani et al. (2017)

The ballerina is very excited that she will dance in the show.

‣ Want:

‣ LSTMs/CNNs: tend to look at local context

The ballerina is very excited that she will dance in the show.

‣ To appropriately contextualize embeddings, we need to pass informaBon 
over long distances dynamically for each word



Self-AKenBon

Vaswani et al. (2017)

the  movie  was   great

‣ Each word forms a “query” which then 
computes aKenBon over each word 

‣ MulBple “heads” use different sets of parameters Wk and Vk to get 
different aKenBon values + transform vectors

x4

x0
4

scalar

vector = sum of scalar * vector

↵i,j = softmax(x>
i xj)

x0
i =

nX

j=1

↵i,jxj

↵k,i,j = softmax(x>
i Wkxj) x0

k,i =
nX

j=1

↵k,i,jVkxj



What can self-aKenBon do?

Vaswani et al. (2017)

The ballerina is very excited that she will dance in the show.

‣ Why mulBple heads? Sohmaxes end up being peaked, single distribuBon 
cannot easily put weight on mulBple things

0.5 0.20.10.10.10 0 0 0 0 0 0

‣ AKend nearby + to semanBcally related terms

0.5 0 0.40 0.1 0 0 0 0 0 0 0



VisualizaBon

Vaswani et al. (2017)



VisualizaBon

Vaswani et al. (2017)



VisualizaBon

Vaswani et al. (2017)



Self-AKenBon

Vaswani et al. (2017)

the  movie  was   great

‣ Each word forms a “query” which then 
computes aKenBon over each word 

‣ MulBple “heads” analogous to different convoluBonal filters. Use 
parameters Wk and Vk to get different aKenBon values + transform vectors

x4

x0
4

scalar

vector = sum of scalar * vector

↵i,j = softmax(x>
i xj)

x0
i =

nX

j=1

↵i,jxj

↵k,i,j = softmax(x>
i Wkxj) x0

k,i =
nX

j=1

↵k,i,jVkxj



MulB-Head Self AKenBon

Vaswani et al. (2017)

‣ MulBple “heads” - actual implementaBon that uses matrix operaBons

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

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

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

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

dim of keys



MulB-Head Self AKenBon

Credit: Alammar, The Illustrated Transformer

3 blocks - 64 dim (dk) 

4 blocks - 512 dim (dx)



MulB-Head Self AKenBon

Credit: Alammar, The Illustrated Transformer

3 blocks - 64 dim (dk) 

4 blocks - 512 dim (dx)



MulB-Head Self AKenBon

Credit: Alammar, The Illustrated Transformer

3 blocks - 64 dim (dk) 

4 blocks - 512 dim (dx)



MulB-Head Self AKenBon

sent len x hidden dim

Z is a weighted combinaBon of V rows

sent len x sent len (aKn for 
each word to each other)

Credit: Alammar, The Illustrated Transformer

every row in X is a word in input sent



MulB-Head Self AKenBon

Credit: Alammar, The Illustrated Transformer



MulB-Head Self AKenBon

Credit: Alammar, The Illustrated Transformer



ProperBes of Self-AKenBon

Vaswani et al. (2017)

‣Quadra/c complexity, but O(1) sequenBal operaBons (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



RNN vs. CNN vs. Transformer

‣ CNN — CNNs are a flexible way of extracBng features analogous to bag 
of n-grams, can also encode posiBonal informaBon

‣ RNN — SequenBal model that works well to present language. AKenBon 
mechanism is very effecBve, especially in seq2seq models. 

‣ Transformer —  No recurrent units (a computaBon boKleneck), 
effecBvely capturing context and long dependencies. MulB-heads 
analogous to different convoluBonal filters.



Transformer
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Transformer	Uses

‣ Supervised:	transformer	can	replace	LSTM	as	encoder,	decoder,	or	both;	
will	revisit	this	when	we	discuss	MT

‣ Unsupervised:	transformers	work	be8er	than	LSTM	for	unsupervised	
pre-training	of	embeddings:	predict	word	given	context	words

‣ BERT	(BidirecPonal	Encoder	
RepresentaPons	from	Transformers):	
pretraining	transformer	language	models	
similar	to	ELMo

‣ Stronger	than	similar	methods,	SOTA	on	~11	
tasks	(including	NER	—	92.8	F1)

such as in machine translaBon and natural language generaBon tasks. 

Vaswani et al. (2017)

‣ Encoder and decoder are both transformers

‣ Decoder consumes the previous generated 
token (and aKends to input), but has no 
recurrent state

Summary: Transformer Uses



Transformers for MT: Complete Model

Vaswani et al. (2017)

‣ Many other details to get it to work: residual 
connecBons, layer normalizaBon, posiBonal 
encoding, opBmizer with learning rate 
schedule, label smoothing ….



Summary: Transformer Uses

‣ Unsupervised: transformers work beKer than LSTM for unsupervised 
pre-training of embeddings — predict word given context words

‣ BERT (BidirecBonal Encoder 
RepresentaBons from Transformers): 
pretraining transformer language models 
similar to ELMo (based on LSTM)

‣ Stronger than similar methods, SOTA on ~11 
tasks (including NER — 92.8 F1)



Self-AKenBon vs. Cross-AKenBon

Image Credit: TheAiEdge.io



Casual Self-AKenBon Mask

‣ Decoder (by default) is autoregressive, making 
predicBon word by word 

‣ It should not peek at the right side of the 
output sentence



Transformers: PosiBon SensiBvity

Vaswani et al. (2017)

The ballerina is very excited that she will dance in the show.

‣ If this is in a longer context, we want words to aKend locally

‣ But transformers have no no@on of posi@on by default
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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

em
b(
1)

em
b(
2)

em
b(
3)

em
b(
4)



Transformers

Vaswani et al. (2017)

‣ Alternate mulB-head self-aKenBon 
layers and feedforward layers (w/
ReLU acBvaBon) that operate over 
each word individually 

‣ Most of the parameters are in 
these feedforward layers

Transformers

Vaswani	et	al.	(2017)
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‣ Augment	word	embedding	with	posi=on	embeddings,	
each	dim	is	a	sine/cosine	wave	of	a	different	
frequency.	Closer	points	=	higher	dot	products
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Transformers

Vaswani et al. (2017)

‣ Alternate mulB-head self-aKenBon 
layers and feedforward layers (w/
ReLU acBvaBon) that operate over 
each word individually

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

em
b(
1)

em
b(
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em
b(
3)

em
b(
4)

dk dq dv

dff

dx = dmodel 

dmodel

dmodel

h = 8 
dx  = 512 

dff  = 2048 
dk = dq = dmodel / h = 64 

dv = dmodel / h = 64

N = 6



Transformers

Vaswani et al. (2017)

‣ Alternate mulB-head self-aKenBon 
layers and feedforward layers

‣ Residual connecBons let the model 
“skip” each layer — these are 
parBcularly useful for training deep 
networks

40

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

em
b(
1)

em
b(
2)

em
b(
3)

em
b(
4)



Residual ConnecBons

input from previous layer

output to next layer

g(x)

x

non-linearity

+x

g(x) + x

G

‣ allow gradients to flow through a network 
directly, without passing through non-linear 
acBvaBon funcBons

He et al. (2015)



Layer NormalizaBon

42

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

em
b(
1)

em
b(
2)

em
b(
3)

em
b(
4)

‣ subtract mean, divide by variance

Image Credit: Shen et al. (2020)

Ba et al. (2016) Ioffe & Szegedy (2015)



Layer NormalizaBon
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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

em
b(
1)

em
b(
2)

em
b(
3)

em
b(
4)

‣ LayerNorm normalizes each input independently 
across its hidden features

Ba et al. (2016) Ioffe & Szegedy (2015)



Layer NormalizaBon

‣ For a vector

‣ Learnable parameters         ,           to scale/shih with some flexibility 
(can be different from layer to layer) 



Transformers Learning Rate

Vaswani et al. (2017)

‣ Adam opBmizer with varied learning  
rate over the course of training

‣ Linearly increase for warmup, then  
decay proporBonally to the inverse 
square root of the step number

‣ This part is very important!



Transformers

Vaswani et al. (2017)

‣ big = 6 layers, 1000 dim for each token, 16 heads, 
base = 6 layers + other params halved



Useful Resources



Other Transformer VariaBons

Press et al. (2020)

‣ MulBlayer transformer networks consist of interleaved self-aKenBon and 
feedforward sublayers. 

‣ Could ordering the sublayers in a different paKern lead to beKer 
performance?



Other Transformer VariaBons
‣ Mixture of Expert (MoE) Transformer, e.g., used in massively mulBlingual MT

Eigen el al. (2013), Shazeer et al. (2017), NLLB (2022)



NormalizaBon



Pre-norm vs. Post-norm
‣ Original Transformer —  “Add” before “Norm”, or “Norm” before “Add”?

!"#$%&'%(() + *+,!"#$%()))

) + *+,!"#$%(!"#$%&'%(()))
or

(Baevski & Auli, 2018; Child et al., 2019; Wang et al., 2019)



Pre-norm vs. Post-norm
‣ Original Transformer —  “Add” before “Norm”, or “Norm” before “Add”?

!"#$%&'%(() + *+,!"#$%()))

) + *+,!"#$%(!"#$%&'%(()))
or

(Baevski & Auli, 2018; Child et al., 2019; Wang et al., 2019)



Pre-norm vs. Post-norm

Xiong et al. (2020) 

‣ Pre-normalizaBon Transformer (b)  
to have beKer-behaved gradients  
at iniBalizaBon than in the  
original Transformer (a)



Pre-norm vs. Post-norm

Xiong et al. (2020) 

‣ Pre-normalizaBon Transformer (b)  
to have beKer-behaved gradients  
at iniBalizaBon than in the  
original Transformer (a)

‣ In (b), LayerNorm does not disrupt residual



Pre-norm vs. Post-norm
‣ Post-norm produces noisy gradients with many tall spikes, needs warm up 

‣ Pre-norm has fewer noisy gradients with smaller sizes, even without warmup

Nguyen & Salazar (2019)



Pre-norm vs. Post-norm
‣ Today, almost all LLMs use pre-norm for stability and larger learning rates for 

training large networks. 

‣ Gemma 2/3 used both pre-norm and post-norm. 



Pre-norm vs. Post-norm
‣ Today, almost all LLMs use pre-norm for stability and larger learning rates for 

training large networks. 

‣ Gemma 2/3 used both pre-norm and post-norm. 



Transformer as in LLaMA-3 (later)



OpBmizers



Common OpBmizers

Image Credit: AIML.com



(Recap) Problems with SGD

‣ Gradient descent

Q: What if loss changes quickly in one direcBon and slowly in another direcBon?

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 7 - April 24, 2018Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 7 - April 24, 201822

Optimization: Problems with SGD
What if loss changes quickly in one direction and slowly in another?
What does gradient descent do?
Very slow progress along shallow dimension, jitter along steep direction

Loss function has high condition number: ratio of largest to smallest 
singular value of the Hessian matrix is large Credit: Stanford CS231n

contour plot

SoluBon: feature scaling! 



(Recap) Problems with SGD

‣ Gradient descent

Image Credit: Stanford CS231n

‣ SGD is sensiBve to the choice of learning rate

‣ Gradients esBmated from mini-batches can be noisy

‣ Non-convex loss funcBon with local minima, saddle points

learning rate



Momentum

Polyak (1964), Sutskever et al. (2013)

‣ Gradients come from a single instance or a mini-batch can be noisy

‣ Use “velocity” to accumulates the gradients from the past steps

Image credit: Stanford CS231N

Standard SGD SGD with Momentum



AdaGrad

Duchi et al. (2011)

‣ Per-parameter learning rate:  parameters that have received large 
gradients in the past get smaller effecBve learning rates

‣ Generally more robust than SGD, requires less tuning of learning rate

Standard SGD AdaGrad

‣ accumulate the squared gradients



Problems with AdaGrad

‣ learning rates keep decreasing (too fast) towards 0

AdaGrad
keep increasing

Duchi et al. (2011)



RMSProp

‣ Using an exponenBal moving average of squared gradients, instead of 
accumulaBng them forever. (typically                 )

AdaGradRMSProp
keep increasing“forget” some past

Hinton (2012; his lecture slides)



What we have so far?

Standard SGD

adapBve 
learning rate

RMSProp

Hinton (2012)



What we have so far?

Standard SGD

adapBve 
learning rate

RMSProp

SGD with Momentum

escape local minima 
saddle point 



Adam ≈ Momentum + RMSProp

adapBve 
learning rate

RMSProp

SGD with Momentum

escape local minima 
saddle point 

Combine 

together!

Kingma* & Ba* (2011)



Adam ≈ Momentum + RMSProp

adapBve 
learning rate

RMSProp

SGD with Momentum

escape local minima 
saddle point 

Adam

Combine 

together!

Kingma* & Ba* (2011)



Adam (AdapBve Moment EsBmaBon)

adapBve 
learning rate

RMSProp

SGD with Momentum

escape local minima 
saddle point 

Adam

Combine 

together!

1st Moment: exponenBally decaying  
average of past gradients

2nd Moment: exponenBally decaying  
average of past squared gradients

Kingma* & Ba* (2011)



Adam (AdapBve Moment EsBmaBon)

RMSProp

SGD with Momentum

Adam

Combine 

together!

1st Moment: exponenBally decaying  
average of past gradients

2nd Moment: exponenBally decaying  
average of past squared gradients

Kingma* & Ba* (2011)

bias correcBon



Adam (AdapBve Moment EsBmaBon)

Kingma* & Ba* (2011)








