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The	videos	for	this	lecture	are	currently	being	recorded.	
We’ll	add	them	as	soon	as	they’re	available.	
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In	November	2022,	we	witnessed	a	watershed	for	AI.	The	
introduction	of	ChatGPT	

Technologically,	not	much	changed.	AI	researchers	who	had	
been	paying	attention	didn’t	see	anything	that	they	didn’t	
know	could	be	done.	But	for	the	world	at	large,	the	fact	that	
the	existing	technology	was	put	into	a	friendly	environment	
and	made	accessible	to	all,	woke	people	up	to	what	was	
now	possible.		

Behind	the	scenes,	the	fundamental	technology	behind	
ChatGPT,		the	Transformer,	had	been	introduced	in	2016,	
and	had	been	steadily	maturing,	until	in	2021,	we	began	to	
see	what	was	possible	when	these	models	were	trained	at	
huge	scales.		

In	this	lecture	we	will	look	at	the	surprisingly	simple	model	
that	power	transformer	models	like	ChatGPT:	self-attention,	
and	we	will	take	a	broad	look	at	how	it’s	built	into	models	
containing	as	many	as	175	billion	parameters.	

That’s	about	800Gb	of	data	just	to	store	a	single	neural	

recurrent connections, convolutions
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At	heart,	these	are	sequence	models,	built	on	a	very	simp0le	
sequence-to-sequence	layer	called	self-attention.	

We’ve	seen	two	examples	of	(non-trivial)	sequence-to-
sequence	layers	so	far:	recurrent	neural	networks,	and		
convolutions.	RNNs	have	the	beneSit	that	they	can	
potentially	look	inSinitely	far	back	into	the	sequence,	but	
they	require	fundamentally	sequential	processing,	making	
them	slow.	Convolution	don’t	have	this	drawback—we	can	
compute	each	output	vector	in	parallel	if	we	want	to—but	
the	downside	is	that	they	are	limited	in	how	far	back	they	
can	look	into	the	sequence.	

http://mlvu.github.io


self-attention

Best of both worlds: parallel computation and long 
dependencies. 

Simple self-attention: the basic idea 

Practical self-attention: adding some bells and whistles. 
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We’ll explain the name later.

Self-attention	is	another	sequence-to-sequence	layer,	and	
one	which	provides	us	with	the	best	of	both	worlds:	parallel	
processing	and	a	potentially	inSinite	memory.	

To	explain	the	basic	idea,	we	will	Sirst	strip	it	down	to	its	
essentials.	We	will	call	this	simple	self-attention.	This	will	
show	the	simplicity	of	the	operation,	and	allows	us	to	
understand	its	fundamental	properties	more	easily.	

Then,	we	will	add	a	few	bells	and	whistles	to	deSine	self-
attention	as	it’s	practically	used.	These	added	features	don’t	
change	much	about	how	self-attention	operates	
fundamentally,	but	they	make	it	a	bit	more	powerful	in	
practical	use.

self-attention
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As	we	said	before,	self-attention	is	a	sequence-to-sequence	
layer.	That	means	it’s	job	is	to	consume	a	sequence	of	
vectors,	and	to	spit	out	another	sequence	of	vectors.		

At	heart,	the	operation	that	does	this	is	very	simple.	Every	
output	is	simply	a	weighted	sum	over	the	inputs.	We	
multiply	each	input	by	a	weight	and	then	sum	them	all	up.	
So,	when	we’re	computing	output	y3,	we	have	a	weight	w3i	
for	every	input	xi.	We	then	multiply	each	input	vector	by	its	
weight	and	sum	all	these	products	together.	The	result	is	y3.	
In	order	to	keep	the	magnitude	of	the	of	the	output	stable,	
we	ensure	that	he	weights	are	positive	and	that	they	sum	to	
1.	

This	is	not	unlike	the	feedforward	network	we’ve	seen	
already	(except	the	inputs	are	now	vectors	instead	of	
numbers).	However,	the	fundamental	trick	of	self-attention,	
is	that	the	weights	in	this	sum	are	not	parameters.	They	
are	derived	from	the	inputs.	

Note	that	this	means	that	the	input	and	output	dimensions	of	
a	self-attention	layer	are	always	the	same.	If	we	want	to	
transform	to	a	different	dimension,	we’ll	need	to	add	a	
projection	layer.
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Here’s	how	that	is	done.		

1) The	output	vector	yi	is	a	weighted	sum	over	the	inputs.		

2) The	weights	are	derived	from	the	similarity	between	
the	input	xj	for	which	we’re	computing	the	weight,	and	
the	input	xi	whose	position	corresponds	to	the	current	
output	vector	yi.	The	more	similar	the	two	vectors	are,	
the	higher	the	weight.	We	express	this	similarity	with	
the	dot	product	between	the	two	vectors.	

3) To	ensure	that	the	weights	are	positive	and	sum	to	1,	we	
pass	them	through	a	softmax	operation.	The	softmax	is	
applied	over	all	weights	for	the	current	output	yi.

softmax
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Here	is	a	visual	illustration	of	the	computation.	For	the	
output	at	position	3,	we	compute	all	dot	products	of	an	
input	vector	xi	with	input	vector	x3.	These	are	the	raw	
weights.	Then,	we	softmax	these	over	all	weights	we’ve	
computed,	to	make	them	positive	and	make	them	sum	to	
one.		

Then,	we	multiply	each	input	vector	by	its	weight,	and	sum	
them	all	up,	and	the	result	is	y3.	

question	If	we	changed	the	output	vector	to	y4,	how	would	
the	diagram	change?	|hide|The	vertical	vectors	in	the	dot	
products	would	stay	the	same,	but	the	horizontal	vectors	
would	change	from	x3	to	x4.	The	sum	diamond	would	be	
under	y4	instead	of	y3.|
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Self	attention	looks	particularly	simple	when	vectorized,	
that	is,	expressed	terms	of	matrix	operations.		

Note	Sirst,	that	if	we	arrange	all	the	weights	for	one	output	
vector,	say	y1,	in	a	long	vector	w,	with	one	element	for	every	
input,	then	the	computation	of	the	weighted	sum	for	y1,	is	
just	w	(as	a	row	vector)	times	XT,	where	X	is	a	matrix	
containing	all	the	input	vectors.	If	we	then	do	the	same	for	
the	other	output	vectors,	and	concatenate	all	the	w’s	into	a	
matrix	W	as	its	rows,	we	see	that	the	multiplication	WXT	
computes	a	matrix	YT	with	all	output	vectors	yi	as	its	rows.	

Next,	we	need	to	Sigure	out	how	to	easily	compute	this	
matrix	of	weights	W.	We’ll	start	with	a	matrix	of	raw	
weights	W’.	The	element	ij	of	this	matrix	is	the	dot	product	
of	two	vectors	i	and	j.	This	is	essentially	the	deSinition	of	a	
matrix	multiplication:	in	the	multiplication	AB	=	C,	Cij	is	the	
dot	product	of	the	i-th	row	of	A	and	the	j-th	column	of	B.	
This	means	that	if	we	set	up	on	matrix	with	xi	as	its	i-th	row	
and	one	matrix	with	xj	as	its	j-th	column,	multiplying	these	
together	will	give	us	W’.		



That	is,	XTX	=	W’.	

Finally,	we	need	to	apply	a	softmax.	This	should	go	over	all	
the	weights	that	correspond	to	a	single	output.	In	the	
multiplication	diagram	on	the	right,	we	see	that	these	form	
the	rows	of	W’.	Therefore,	we	need	to	apply	a	row-wise	
softmax.		Put	differently,	we	want	to	ensure	that	all	the	rows	
sum	to	1.	

With	that,	we	have	the	three	steps	of	a	vectorized,	simple	
self-attention.

take note

In simple self-attention wii (xi to yi) usually has the most 
weight 
Not a big problem, but we’ll allow this to change later. 

Simple self-attention has no parameters. 
Whatever parameterized mechanism generates xi (like an embedding layer) drives the self 
attention. 

There is a linear operation between X and Y. 
non-vanishing gradients through Y = WXT, vanishing gradients through W = softmax(XTX).
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Here	are	some	things	to	consider	about	the	self	attention	
operation	we’ve	defined.		

1)	In	general	we	can	expect	the	dot	product	of	a	vector	with	
itself	to	be	bigger	than	the	dot	product	with	any	of	the	other	
vectors.	This	is	because	the	dot	product	is,	roughly,	a	
measure	of	similarity,	and	a	vector	will	be	most	similar	to	
itself.		

We	can	craft	a	situation	where	the	dot	product	with	another	
vector	is	still	bigger	but	in	practice,	the	dot	product	of	a	
vector	with	itself	will	usually	be	biggest.	

This	means	that	the	weight	wii	will	usually	be	much	bigger	
than	the	other	weights.	In	short,	for	output	yi	self-attention	
usually	produces	a	mixture	of	the	input	vectors	that	is	
mostly	xi,	with	a	little	of	the	others	mixed	in.	This	means	
that	the	output	won’t	be	much	different	from	the	input.	We	
will	add	some	ways	to	change	this	later	(although	it’s	not	
necessarily	a	bad	thing).	

2)	Note	that	there	are	no	parameters	yet.	The	only	way	we	
can	steer	how	self-attention	behaves	is	by	controlling	the	
input	values.	For	example,	we	can	feed	self	attention	with	
embedding	vectors,	or	feed	it	with	the	output	of	another	
layer.	We’ll	add	some	parametrized	components	later,	but	
for	now,	it’s	important	to	realize	that	the	fundamental	
operation	of	self-attenttion	does	not	have	any	parameters	
that	we	can	control.	

3)	Note	that	if	we	treat	W	as	constants,	the	self	attention	is	
a	linear	operation.	This	means	nice	non-vanishing	
gradients.	Of	course,	W	isn’t	constant,	so	we	essentially	get	
two	paths	of	computation	between	X	and	Y.	One	linear,	with	
clean,	fast	acting	gradients,	and	one	nonlinear,	with	slow	
vanishing	gradients,	but	able	to	learn	non-linear	operations.	
It’s	likely	that	this	is	where	a	lot	of	the	power	of	the	self-
attention	comes	from.	

Compare	this	to	the	LSTM,	where	we	had	a	“conveyor	belt”	
which	was	only	affected	by	linear	operations,	and	then	a	set	
of	nonlinear	functions	that	drove	the	manipulation	of	the	
conveyor	belt.	The	principle	here	is	very	similar.



take note

No problem looking far back into the sequence. 
In fact, every input has the same distance to every output. 

More of a set model than a sequence model. No access to 
the sequential information. 
We’ll fix by encoding  the sequential structure into the embeddings. Details later. 

Permutation equivariant. 
for any permutation p of the input: p(sa(X)) = sa(p(X))
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Some	more	things	we	can	note:	

1) The	self-attention	has	no	problem	looking	far	back	into	
the	sequence.	In	fact,	for	a	sequence	of	1000	elements,	
x1	influences	the	outcome	y1	in	exactly	the	same	way	as	
the	outcome	y1000.	The	information	travels	exactly	the	
same	distance	along	the	computation	graph.	Compare	
this	to	an	LSTM,	where	the	information	in	x1	goes	
through	one	cell	to	compute	the	output	y1,	but	it	goes	
through	1000	cells	to		compute	y1000.	

2) In	fact,	the	self-attention	doesn’t	really	“see”	the	
sequential	structure	of	the	data	at	all.	When	an	LSTM	
compute	the	output	for	y6,	it	can	treat	x5	differently	
from	x1,	even	if	x5	and	x1	are	the	same	vector.	It	can	use	
the	position	in	the	sequence	in	addition	to	the	content	
of	the	vector.	Simple	self-attention	cannot	do	that.	For	
this	reason	we	say	that	it’s	more	of	a	set-to-set	model	
than	a	sequence-to-sequence	model.	This	has	benefits	
(such	as	the	one	outlined	in	pt.	1)	but	also	certain	
downsides.	To	get	the	best	of	both	worlds,	we’ll	see	a	
way	of	introducing	position	information	later.	

3) The	self-attention	is	permutation	equivariant.	This	
means	that	if	we	shuffle	(permute)	the	input	sequence,	
the	output	sequence	will	be	shuffled	in	the	same	way,	
but	will	otherwise	be	unchanged.	

question:	These	three	points	are	really	three	perspectives	
on	the	same	thing.	Can	you	see	how?	|hide|Permutation	
equivariance	(3)	shows	that	the	self	attention	cannot	
change	its	output	based	on	how	the	input	vectors	are	
ordered.	In	short,	it	cannot	“see”	the	ordering.	This	suggests	
that	it	treats	the	input	as	an	unordered	set	of	vectors,	i.e.	it’s	
a	set	model	(2).	If	self-attention	is	a	set	model,	then	it	
cannot	treat	elements	far	back	in	the	sequence	differently	
from	nearby	elements,	purely	based	on	their	distance	(1).	It	
can	only	treat	input	vectors	differently	base	don	their	
content,	not	based	on	their	position.|

simple self attention
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As	a	simple	example,	let’s	build	a	sequence	classiSier	
consisting	of	just	one	embedding	layer,	followed	by	a	global	
maxpooling	layer.	We’ll	imagine	a	sentiment	classiSication	
task	where	the	aim	is	to	predict	whether	a	restaurant	
review	is	positive	or	negative.	

If	we	did	this	without	the	self-attention	layer,	we	would	
essentially	have	a	model	where	each	word	can	only	
contribute	to	the	output	score	independently	of	the	other.		

This	is	known	as	a	bag-of-words	model.	A	naive	Bayes	model	
and	a	0-order	Markov	model	are	other	examples	of	bag-of-
words	models.	

In	such	a	model,	the	word	“terrible”	would	probably	cause	
us	to	predict	that	this	is	a	negative	review.	In	order	to	see	
that	it	might	be	a	positive	review,	we	need	to	recognize	that	
the	meaning	of	the	word	terrible	is	moderated	by	the	word	
not.	This	is	what	the	self-attention	can	do	for	us.



this restaurant was not too terrible

<latexit sha1_base64="VVOj9rnMzMPj3kMAppAgd9+7MrY="></latexit>⇥ <latexit sha1_base64="VVOj9rnMzMPj3kMAppAgd9+7MrY="></latexit>⇥ <latexit sha1_base64="VVOj9rnMzMPj3kMAppAgd9+7MrY="></latexit>⇥ <latexit sha1_base64="VVOj9rnMzMPj3kMAppAgd9+7MrY="></latexit>⇥ <latexit sha1_base64="VVOj9rnMzMPj3kMAppAgd9+7MrY="></latexit>⇥ <latexit sha1_base64="VVOj9rnMzMPj3kMAppAgd9+7MrY="></latexit>⇥

<latexit sha1_base64="hT+FQzXOLeuz6OSFWbXGYnQt0eU="></latexit>

+

<latexit sha1_base64="oQpAe1+YKh63oKj4LTRg0CzVDKg="></latexit>vterrible vnot

<latexit sha1_base64="oQpAe1+YKh63oKj4LTRg0CzVDKg="></latexit>vterrible vnot

<latexit sha1_base64="oQpAe1+YKh63oKj4LTRg0CzVDKg="></latexit> v
te

rr
ib

le

te
rr

ib
le
v

no
t

<latexit sha1_base64="N+rUeooNuT/b3PxuCpaTJ1kK2LU="></latexit>yterrible If	the	embedding	vectors	of	not	and	terrible	have	a	high	dot	
product	together,	the	weight	of	the	input	vector	for	not	
becomes	high,	allowing	it	to	inSluence	the	meaning	of	the	
word	terrible	in	the	output	sequence.	This	could	help	the	
model	learn,	for	instance	that	the	negative	sentiment	
carried	by	the	word	terrible	is	Slipped	around	to	a	positive	
sentiment	by	the	word	not.	

It	can’t	yet	see	that	the	word	“not”	is		close	to	the	word	
“terrible”,	or	understand	the	grammatical	relations,	but	it	can	
at	least	see	that	the	this	sentence	contains	both	words,	so	it	
might	want	to	hedge	its	bets	on	calling	this	a	negative	
review..

bells and whistles: standard self-attention

1. scaled dot product 

2. key, value and query transformations 

3. multi-head attention
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The	standard	self-attention	adds	some	bells	and	whistles	to	
this	basic	framework.	SpeciSically	these	three	features.

scaled self-attention

14

<- input dimension

<latexit sha1_base64="naDK04eYIuHoA0fEsU3wQP1PdkM="></latexit>

w 0
ij =

xiTxjp
k

Scaled	self	attention	is	very	simple:	instead	of	using	the	dot	
product,	we	use	the	dot	product	scaled	by	the	square	root	
of	the	input	dimension.	This	ensures	that	the	input	and	
output	of	the	self	attention	operation	have	similar	
magnitude.	In	short,	the	output	vectors	don’t	blow	up	in	
magnitude	(or	shrink	down	to	zero)	if	we	stack	together	a	
lot	of	self-attention	operations	with	high-dimensional	
vectors.	

Why	√k?	Imagine	a	vector	in	ℝk	with	values	all	c.	Its	length	
is	√(c2	+	c2	+	…	+	c2)		=	√(kc2)	=		c√k.	Therefore,	we	are	
dividing	out	the	amount	by	which	the	increase	in	dimension	
increases	the	length	of	the	average	vectors.		

Transformer	models	usually	apply	normalization	at	every	
layer,	so	we	can	assume	that	the	input	is	standard-normally	
distributed.



this restaurant was not too terrible
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the value

the query

the key

In	each	self	attention	computation,	every	input	vector	
occurs	in	three	distinct	roles:	

• the	value:	the	vector	that	is	used	in	the	weighted	sum	
that	ultimately	provides	the	output	

• the	query:	the	input	vector	that	corresponds	to	the	
current	output,	matched	against	every	other	input	vector.	

• the	key:	the	input	vector	that	the	query	is	matched	
against	to	determine	the	weight.	

This	is	where	we'll	add	some	parameters.	We	will	
manipulate	the	input	vector,	based	on	which	role	it	appears	
in.

attention as a soft dictionary

d = {'a' : 1, 'b' : 2, 'c' : 3} 

d['b'] = 3

16

key value

a 1

b 2

c 3

<- k
ey

<- query

<- value

We	can	see	where	these	names	come	from	by	comparing	
the	(self)	attention	operation	to	a	dictionary.	

In	a	dictionary,	all	the	operations	are	discrete:	a	query	only	
matches	a	single	key,	and	returns	only	the	value	
corresponding	to	that	key.

attention as a soft dictionary

Attention is a soft dictionary 

• key, query and value are vectors 

• every key matches the query to some extent 
as determined by their dot-product 

• a mixture of all values is returned 
with softmax-normalized dot products as mixture weights 

Self-attention 

Attention with keys, queries and values from the same set.

17

We	can	see	an	attention	operation,	as	a	softened	version	of	
the	dictionary.	The	attention	holds	a	bunch	of	values,	which	
are	vectors,	and	to	each	value	is	associated	a	key,	which	is	
also	a	vector.	We	can	then	ask	the	attention	to	give	us	a	
value	for	a	given	query,	which	is	again	a	vector.	Where	the	
attention	differs	from	the	dictionary	is	that	is	doesn’t	return	
a	single	value,	but	a	mixture	over	all	the	values.	Each	value	
in	the	database	contributes	to	this	mixture	to	some	extent,	
based	on	how	similar	the	query	is	to	its	key.	

question	In	attention	the	keys,	queries	and	values	don’t	all	
need	to	have	the	same	dimension.	Which	dimensions	can	
differ,	and	which	need	to	be	the	same?	|hide|The	query	
needs	to	be	the	same	dimension	as	the	key,	because	we	
need	to	compute	a	dot	product	between	them.	The	value	
can	have	a	different	dimension:	we	only	ever	need	to	sum	
values	to	other	values,	or	multiply	them	by	a	scalar	weight.	|	

We	can	now	say	that	simple	self-attention	is	just	attention,	
but	with	the	keys,	queries	and	values	taken	from	the	same	
set.	To	make	self-attention	a	little	more	expressive,	we	can	



give	each	vector	xi	a	small	transformation	just	before	we	
use	it.	If	we	apply	different	transformations	depending	on	
whether	xi	will	be	a	key,	query	or	value,	we	can	subtly	
change	the	behaviour	in	different	ways.	

If	the	dot	product	of	only	one	query/key	pair	is	non-zero,	we	
recover	the	operation	of	a	normal	dictionary.

key, query and value transformations

introduce matrices K, Q, V for linear transforms 
and associated biases 

18
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Here	is	how	that	is	done	in	practice.	We	multiply	each	input	
vector	by	three	different	k-by-k	parameter	matrices,	which	
gives	us	a	different	vector	to	act	as	key,	query	and	value.	

question	This	Sixes	two	problems	that	we	noted	before.	Can	
you	remember	which?	|hide|First,	it	makes	the	self-
attention	layer	an	operation	with	parameters.	We	can	learn	
what	the	values	ofthe	matrices	K,	Q	and	V	should	be	to	
modify	the	behaviour	of	our	network.	Second,	it	means	that	
the	weight	wii	is	no	longer	computed	as	the	dot	product	of	a	
vector	by	itself,	so	it’s	no	longer	likely	to	be	large.	It	can	be,	
but	it	doesn’t	have	to	be.|	

We’ve	given	each	transformation	a	bias	here.	In	recent	
models,	people	report	good	results	without	these	biases	(i.e.	
using	just	the	transformation	matrix),	so	they	may	not	be	
strictly	necessary.	Consider	them	an	optional	addition	to	the	
self-attention.

multi-head attention

19

this    restaurant    was   not    too    terrible

inverts
moderates

property of

Finally,	we	will	add	multi-head	self-attention.	
Fundamentally,	the	idea	is	just	that	we	apply	multiple	
smaller	copies	of	the	self-attention	in	parallel,	each	with	
their	own	key/query/value	projections,	so	that	each	can	
behave	differently.	

One	way	of	thinking	about	this	is	that	in	many	sentences,	
there	are	different	relations	to	model	between	words.	Here,	
the	meaning	of	the	word	“terrible”	is	inverted	by	“not”	and	
moderated	by	“too”.	Its	relation	to	the	word	restaurant	is	
completely	different:	it	describes	a	property	of	the	
restaurant.	

The	idea	behind	multi-head	self-attention	is	that	multiple	
relations	are	best	captured	by	different	self-attention	
operations.



multi-head self-attention
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The	idea	of	multi-head	attention,	is	that	we	apply	h	self	
attentions	(with	different	K,	Q,	V	matrices	and	biases)	in	
parallel.	This	is	usually	done	in	a	way	that	requires	roughly	
the	same	number	of	parameters	are	a	one	single-head	self-
attention	on	the	same	input.	To	achieve	this,	the	data	is	
projected	down	to	separate	keys,	queries	and	values	of	
dimensionality	of	k/h,	where	k	is	the	original	input	
dimension	and	h	is	the	number	of	heads	being	computed	in	
parallel.	Each	of	these	smaller	inputs	is	fed	to	a	separate	
self-attention	and	the	results	are	concatenated.	

If	you	implement	this	cleverly	(see	DLVU	lecture	12	for	
details),	you	will	end	up	with	exactly	the	same	number	of	
parameters	as	the	original	single-head	self	attention,	except	
for	the	additional	W0	matrix	at	the	end.

recap

Self-attention: sequence-to-sequence layer with 

• parallel computation 

• perfect long-term memory 
But, a only over a fixed context length. 

Fundamentally a set-to-set layer, no access to the 
sequential structure of the input. 

A large part of the behavior comes from the parameters 
upstream.
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transformer: 

Any sequence-based model that primarily uses self-attention to 
propagate information along the time dimension. 

more broadly: 

Any model that primarily uses self-attention to propagate 
information between the basic units of our instances. 

pixels -> image transformer (ViT) 

graph nodes -> graph transformer (GAT)
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Now	that	we	have	a	self-attention	operation	deSined,	we	can	
start	building	it	into	a	full	model.	Such	models	are	called	
transformers.	It's	not	precisely	deSined	what	makes	a	
transformer	a	transformer,	but	we'll	stick	with	the	
deSinition	that	a	transformer	is	a	sequence	model	where	the	
only	or	primary	operation	that	propagates	information	
along	the	time	dimension	is	self	attention.	There	may	be	
other	operations,		but	these	only	look	at	each	token	by	
itself,	without	taking	into	account	what	its	neighbors	do.	

The	idea	of	transformers	started	in	the	domain	of	
sequential	data,	but	it	has	been	extended	to	other	domains	
as	well.	There	are	now,	for	instance	transformers	for	images	
and	for	graphs.	Here	the	idea	is	that	the	input	data	consists	
of	some	basic	units	that	are	connected	together	in	some	
regular	way.	In	natural	language,	the	units	are	are	the	
characters	or	words	that	are	strung	together	in	a	sequence.	
In	images	these	are	the	pixels,	which	are	connected	
together	in	a	grid,	and	in	a	graph,	these	are	the	nodes	that	
are	connected	together	in	the	graph	structure.	

In	all	cases,	a	transformer	is	a	model	that	learns	vector	
representations	of	these	units,	in	such	a	way	that	the	only	
operation	that	propagates	information	between	the	units	is	
some	form	of	self	attention.	

We'll	stick	with	sequence	transformers	for	the	rest	of	the	
lecture,	but	the	translation	to	other	domains	is	usually	quite	
straightforward.

transformer architecture: 

• transformer block (feedforward layers, residual connections, layer normalization) 

• position embeddings 

• tokenization 

• causal self-attention 

Famous Transformers 

• BERT 

• GPT (especially versions  2 and 3) 

• The original “transformer”
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In	this	section	we	will	discuss	the	main	things	we	need	to	
add	around	the	self-attention	operation	in	order	to	create	a	
full	Sledged	transformer.		

Along	the	way,	we	will	show	some	of	the	more	famous	
models	that	have	been	introduced	over	the	years.		

We	won’t	do	this	in	chronological	order.	Rather,	we	will	
introduce	each	model	when	we’ve	discussed	the	necessary	
indgredients.	By	and	large,	transformer	got	simpler,	as	we	
developed	them,	which	means	it’s	best	not	to	start	at	the	very	
beginning.



From self-attention to a transformer. 

• Feed-forward layer 

• Layer normalization 

• Residual connections
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The	main	idea	that	will	turn	a	self	attention	layer	into	a	
transformer,	is	juts	to	stak	a	large	number	of	self-attention	
layers	together	into	one	big	model.	However,	to	make	this	
work	well,	we	need	a	few	additional	ingredients.	Here	are	
the	three	main	ones.	

feed forward

Usually: 

• two layers 

• ReLU nonlinearity 

• hidden size 4x input/
output
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The	Sirst,	addition	is	that	we	will	add		feedforward	layers.	
We’ve	seen	these	already,	in	the	Sequences	lecture,	as	a	
simple	example	of	a	sequence-to-sequence	layer.	The	idea	is	
that	they	apply	the	same	MLP	or	feedforward	network	to	
each	input	vector	individually.	This	doesn’t	allow	
information	to	propagate	between	the	different	positions	in	
the	sequence,	but	it	allows	some	nonlinear	processing	of	
the	individual	tokens.	

The	way	this	is	usually	set	up	is	that	a	single	feed-forward	
block	consists	of	two	fully	connected	layers.	The	Sirst	
projects	up	to	a	hidden	size	of	4k,	where	k	is	the	input	size.	
This	is	followed	by	a	ReLU	activation,	after	which	we	project	
down	again	to	k,	with	no	nonlinearity.

layer normalization
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Next	up	is	layer	normalization.	We’ve	seen	already	that	it’s	
important	in	neural	network	to	normalize	your	input,	and	
to	choose	your	initialization	carefully.	The	idea	is	that	the	
magnitudes	of	the	hidden	values	at	each	layer	should	
remain	roughly	the	same	(not	blowing	up	or	shrinking	
down	to	zero),	and	so	should	the	gradients	propagating	
back	down	the	network.		

In	deep	networks,	careful	initialization	and	normalization	is	
not	enough.	If	you	go	deep	enough,	you’ll	always	see	a	small	
amount	of	shrinkage	or	growth.	To	combat	this,	we	can	
simply	put	a	normalization	step	half	way	up	our	network.		

This	is	no	different	from	the	computation	that	we	used	to	
do	the	normalization	(or	rather	standardization	as	we	
called	it	there)	on	the	initial	data.	The	difference	here	is	that	
we	perform	this	computation	on	the	intermediate	values	of	
the	network.	We	just	compute	their	mean,	and	standard	
deviation,	and	then	subtract	the	mean	and	divide	by	the	
standard	deviation.	

Since	this	computation	is	entirely	differentiable,	we	can	



make	it	part	of	the	neural	network,	and	backpropagate	
through	it.	We	use	operations	(summing,	dividing)	for	
which	the	gradients	are	well	deSined,	so	we	can	just	
integrate	the	normalization	into	our	computation	graph.

layer normalization
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We	get	different	kinds	of	normalization	layers,	depending	
on	what	we	normalize.	For	instance,	if	we	normalize	a	
tensor	of	intermediate	values	so	that	along	the	batch	
dimension,	each	value	isa	mean-centered	with	variance	1,	
we	call	that	batch	normalization.	

In	layer	normalization,	as	it	is	used	in	transformers,	we	
apply	the	normalization	internally	to	each	vector.	That	is,	
we	compute	the	mean	and	standard	deviation	of	all	the	
values	within	vector	x3,	and	then	use	these	to	normalize	
only	the	values	within	that	vector,	to	create	output	vector	
y3.	Step	by	step,	the	algorithm	for	a	given	vector	computes	
the	mean	μ	and	standard	deviation	σ	over	the	values	of	that	
vector.	We	then	subtract	μ	from	each	element	of	x	and	
divide	by	σ.	The	result,	y3,	is	a	linearly	scaled	version	of	x3,	
which	is	mean-centered	and	has	variance	1.		

Finally,	we	can	optionally	multiply	element-wise	y3	by	a	
vector	of	weights	w	and	a	vector	of	biases	b.	This	allows	the	
output	to	be	no	longer	mean	centered	or	have	variance	1.	
The	idea	is	that	we	can	have	our	cake	and	eat	it	too:	the	
output	can	have	any	mean	and	variance,	but	internally	it’s	
also	normalized.	Because	of	the	normalization,	we	get	good	
propagation	of	gradients,	and	because	of	the	rescaling	step,	
we	get	any	scale	and	mean	of	output	we	like.	Since	this	Sinal	
step	is	purely	linear,	it	doesn’t	harm	our	gradients.



residual connections
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Another	cheap	trick	to	help	your	gradients	propagate,	
especially	during	early	training	is	to	simply	add	a	
connection	around	a	block	of	layers.	We	take	the	input	of	
the	block	and	add	it	to	the	output	(sometimes	multiplied	by	
a	single	scalar	parameter,	but	this	isn't	usually	necessary).		

This	does	require	that	the	input	of	the	block	has	the	same	
dimensions	as	the	output,	but	it's	usually	possible	to	design	
your	network	in	these	kinds	of	blocks.	This	is	called	a	
residual	connection.	

The	beneSit	of	the	residual	connection	is	that	at	the	start	of	
training,	when	the	gradient	signal	through	the	block	is	weak	
because	of	the	limits	of	initialization,	there	is	a	second	
signal	through	the	residual	that	doesn't	suffer	this	decay.	
The	lower	layers	can	start	training	based	on	this	signal,	and	
later,	when	the	layers	in	the	block	start	to	do	something	
useful,	integrate	the	gradient	that	propagates	through	the	
block.	

transformer block
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class Block(nn.Module): 

    def forward(self, x): 

        y = self.layernorm(y) 

        y = self.attention(x) 

        x = x + y 

        y = self.layernorm(x)        

        y = self.linear(x) 

        return x + y

With	this	we	can	deSine	the	basic	building	block	of	
transformer	models:	the	transformer	block	(sometimes	
called	a	layer,	but	that	term	is	a	little	overloaded).		

The	details	differ	per	transformer,	but	the	basic	ingredients	
are	usually:		

• Self-attention	

• A	feed-forward	layer	applied	individually	to	each	token	in	
the	sequence.	

• A	layer	normalization	before	the	self-attention	and	the	
feed-forward.	

• Residual	connections	around	the	self	attention	and	
around	the	feed-forward.	

On	the	left	is	what	such	a	block	would	look	like	
implemented	in	Pytorch.	

question	Which	parts	of	the	block	propagate	information	
along	the	time	dimension?	That	is,	imagine	that	output	y2	is	
determined	in	part	by	the	input	x3;	in	which	part	of	the	
block	can	this	information	propagate?	|hide|Only	in	the	self-
attention.	If	we	remove	that	from	the	block	the	value	of	y2	
depends	only	on	x2.	|



our first transformer
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transformer block
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embedding vectors

stack of transformer blocks

output sequence

global pooling 

sentence representation

the food was awful but cheap

-log p(negative|x)
target label: 
negative

linear projection 
and softmax

input sentence

With	our	transformer	block	deSined,	we	can	start	building	
transformers.	Here	is	a	very	simple	example:	a	classiSier	to	
predict	whether	a	given	one-sentence	restaurant	review	is	
positive	or	negative	about	the	restaurant.	

This	task	is	called	sentiment	classiTication.	

The	input	is	a	sentence,	broken	up	into	words.	We	map	
these	to	embedding	vectors	as	shown	in	the	sequences	
lecture.	Next,	this	sequence	of	embedding	vectors	is	fed	to	a	
stack	of	transformer	blocks,	resulting	in	an	sequence	of	
output	vectors.	

To	reduce	this	to	one	vector	representing	the	whole	
sentence,	we	average	over	the	time	dimension,	resulting	in	
a	single	vector	representing	the	whole	sentence.	we	use	a	
single	linear	layer	to	project	this	down	to	two	output	nodes,	
one	for	each	of	our	classes.	We	a	apply	a	softmax,	to	give	us	
class	probabilities,	and	use	a	log	loss	to	train	the	whole	
network.	

With	this	network	in	hand,	we’ll	see	what	features	we’re	

position information

This is not a real restaurant, it’s a filthy burger joint.

This is not a filthy burger joint, it’s a real restaurant.

Here	are	two	sentences	with	exactly	opposite	sentiments.	
However,	they	contain	exactly	the	same	words	just	in	a	
different	order.	That	means	that	in	our	model,	the	
embedding	vectors	going	in	will	be	the	same,	just	in	a	
different	order.	And	since	the	transformer	block	is	
permutation	equivariant,	the	outputs	will	also	be	the	same,	
but	shufSled.	The	problem	is	that	we	them	average	the	
vectors,	and	the	shufSling	won’t	affect	the	average.	In	short,	
our	model	will	assign	these	two	sentences	the	same	label,	
whatever	we	do.	

We’ve	only	shown	that	the	self	attention	is	permutation	
equivariant,	but	since	all	the	other	operations	in	the	block	
just	operate	on	the	vectors	in	isolation,	the	block	as	a	whole	
must	be	permutation	equivariant	as	well.	

This	is	what	we	mean	when	we	say	that	the	self-attention	is	
fundamentally	a	set-operation.	It	treats	the	input	as	a	set,	
and	it	can't	look	at	the	ordering	of	the	tokens.	If	we	want	
the	model	to	pay	attention	to	the	way	the	tokens	are	
ordered,	we	need	to	tell	it	how	they	are	ordered	in	the	
Eirst	place.	

In	more	fancy	words,	we	need	to	break	the	equivariance.



position embedding

word embeddings: 

position embeddings:
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transformer block

transformer block

the man pets the cat again
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The	idea	behind	position	embeddings	is	simple.	Just	like	
we	assign	each	word	in	our	vocabulary	an	embedding	
vector,	which	is	always	the	same	regardless	of	where	the	
word	appears,	we	also	assign	each	position	in	the	sentence	
an	embedding	vector,	which	is	always	the	same	regardless	
of	which	word	appears	at	that	position.	

This	way,	the	input	vectors	for	the	Sirst	“the”	in	the	input	
sequence	and	the	second	“the”	are	different,	because	the	
Sirst	is	added	to	the	position	embedding	v1	and	the	second	
is	added	to	the	input	embedding	v4.	

This	breaks	our	equivariance:	the	position	information	
becomes	part	of	our	embedding	vectors,	and	is	fed	into	the	
self	attention.	This	is	very	effective,	and	very	easy	to	
implement.	The	only	drawback	is	that	we	can’t	run	the	
model	very	well	on	sequences	that	are	longer	than	the	
largest	position	embedding	observed	during	training.	

Alternative	approaches	are	position	encodings,	where	the	
values	in	the	vectors	representing	the	position	aren't	learned	
but	set	to	some	standard	encoding	function,	and	relative	
position	embeddings	and	encodings,	where	clever	tricks	are	
used	to	encode	the	position	relative	to	the	current	output	
token.

tokenization

word-level tokenization  
Large vocabulary. Not flexible to typos, uncommon words. But, short 
sequences. 

character-level tokenization 
Long sequences, much computation spent learning known words. But 
robust to typos, uncommon words. 

34

Next,	we	need	to	think	a	little	harder	about	what	we	feed	
the	network	with:	what	will	be	the	constituent	parts	of	the	
input	sequence.	What	does	one	input	vector	correspond	to?	
We	call	these	the	tokens	of	our	data.	

We’ve	seen	already	that	we	can	break	a	chunk	of	natural	
language	into	either	characters	or	words.		

If	we	break	our	sequence	into	words,	we	will	have	to	deal	
with	a	very	large	vocabulary.	That	means	a	large	output	
layer	if	we’re	doing	next-word	prediction.	It	also	means	that	
we	can’t	really	deal	well	with	things	like	typos,	noise,	or	bits	
of	text	that	are	written	in	another	language.	Even	if	we	set	
the	vocabulary	to		a	million	words,	we	will	still	encounter	
words	we	cannot	feed	to	the	model.	

An	alternative	is	to	break	the	text	up	into	a	sequence	of	
characters.	The	upside	here	is	that	we	can	deal	with	any	
word	we	encounter.	The	downside	is	that	we	get	a	very	long	
sequence.	Note	that	in	self-attention	the	matrix	of	attention	
weights	we	compute	is	of	size	l	×	l.	That	means	that	as	the	
sequence	length	grows,	our	memory	use	quadratically	with	



it.	In	short,	long	sequences	are	the	main	bottleneck	for	
transformers.	So,	the	more	data	we	can	cram	into	a	given	
number	of	tokens,	the	better.	Additionally,	a	character	level	
model	spends	a	lot	of	time	learning	structures	that	we	
already	know.	We	don’t	really	need	to	learn	most	of	these.	If	
we	can	communicate	some	of	this	structure	to	the	model	up	
front,	we	can	save	some	time	and	energy	that	we	can	spend	
on	learning	more	important	things.	

sub-word tokenization

man, com, the, he, an, a, b, c, …, A, B, C, …,_, ., !, ?, ^, %, … 

The_man_commands_the_plan.          (underscores are spaces) 

T he _ man _ com man d s _ the _ p l an .
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vocabulary: 

input:

tokenized:

The_man_comands_teh_pal;n.  

T he _ man _ c o man d s _ t e h _ p a l ; n .

input:

tokenized:

The	middle	ground	between	these	two	options	is	sub-word	
tokenization.	We	learn	a	vocabulary	of	short	of	character	
strings	that	are	common	in	the	data.	These	could	be	words,	
but	also	parts	of	words,	or	individual	characters.	

Then,	when	we	process	a	piece	of	text,	we	break	it	up	into	
character	chunks	that	are	in	our	vocabulary.	We	try	to	do	
this	in	such	a	way	that	the	text	is	fully	represented	in	as	few	
chunks	as	possible.	These	chunks	then	become	our	tokens.		

For	example,	in	the	sentence	shown	in	the	slide,	we	assume	
that	the	vocabulary	contains	all	individual	letters,	
uppercase	and	lowercase,	and	all	common	punctuation	
marks,	as	well	as	the	multi-character	chunks	shown	in	blue.	
This	means	that	we	can	represent	the	word	“man”	in	three	
tokens,	using	the	single-character	tokens:	m,	a,	n.	However,	
since	“an”	is	in	our	vocabulary,	we	can	also	represent	it	in	
two	tokens:	m,	an.	Finally,	“man”	itself	is	also	in	the	
vocabulary,	so	we	can	also	represent	it	in	a	single	token.	
The	fewer	tokens	the	better,	so	we	choose	the	last	option.	
For	“plan”	the	whole	word	is	not	in	the	vocabulary,	so	the	
shortest	option	is	p,	l,	an.	

With	this	approach,	we	have	the	best	of	both	worlds.	We	
can	create	a	vocabulary	with	as	many	sub-word	chunks	as	
we	can	handle	computationally.	A	common	amount	is	about	
50	000-100	000,	which	covers	a	lot	of	the	most	common	
words	in	a	language	like	English.	If	a	sentence	is	very	
regular,	and	properly	spelled,	we’ll	tokenize	it	in	about	the	
same	number	of	tokens	we’d	get	with	word-level	
tokenization.	If	there	are	typos,	or	uncommon	words,	we	
will	need	to	revert	back	to	single-letter	tokens.	We’ll	get	a	
longer	sequence,	but	we	can	still	represent	everything	in	
the	sequence.



building the vocabulary

Common approach: merge characters recursively. 
t, h, e, _, m, a, n, _, c, o, m, m, a, n, d, s, _, t, h, e, _, p, l, a, n, .  
t, h, e, _, m, an, _, c, o, m, m, an, d, s, _, t, h, e, _, p, l, an, .  
t, h, e, _, man, _, c, o, m, man, d, s, _, t, h, e, _, p, l, an, .  

Bytepair tokenization 
Merge the bigram with the highest frequency in the data. 

Wordpiece tokenization (used in BERT) 
Merge the bigram which most increases the likelihood of the data 
Assuming iid draws according to relative frequencies
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<- recursive merges allowed

So	how	do	we	decide	what	our	vocabulary	should	be?	The	
most	common	approach	is	to	look	at	our	training	data,	to	
start	with	a	character-level	tokenization,	and	to	merge	pairs	
of	tokens	recursively.	In	the	slide,	for	example,	we	Sirst	
merge	the	character	bigram	“a	n”	into	a	single	token.	We	
then	re-tokenize	the	sequence	with	this	addition	to	our	
vocabulary,	and	repeat	the	process.	It’s	possible	that	in	
future	steps	two	multi	character	tokens	get	merged	into	an	
even	larger	token.	For	example	we	can	merge	the	tokens	
“m”	and	“an”	into	the	three-character	token	“man”.		

Note	that	when	we	do	this,	the	old	token	“an”	stays	in	the	
vocabulary.	In	the	word	plan,	it’s	still	used,	while	the	words	
“man”	and	“commands”	are	now	tokenized	with	the	three-
character	token.	

There	are	a	few	approaches	for	deciding	how	this	should	be	
done	in	detail,	speciSically	for	how	we	should	choose	the	
next	pair	of	tokens	to	merge.	Bytepair	and	Wordpiece	are	
probably	the	most	popular	algorithms.	In	practice,	it	seems	
the	differences	don’t	matter	all	that	much.

BERT (2018)

single stack of transformer blocks 

dim 1024, 16 heads, 24 blocks, l 512 

340 M parameters in total 

trained in 4 days on 64 TPU cores 

Aim: produce general-purpose vector 
representations for the input sequence. 

• pretrain unsupervised 

• finetune for a specific purpose.
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And	with	that,	we	are	ready	to	show	our	Sirst	real-world	
transformer	model:	BERT.	

The	name	stands	for	Bidirectional	Encoder	Representations	
from	Transformers.	It	followed	the	model	ELMO,	and	started	
a	brief	trend	of	naming	language	models	after	muppets.	

BERT	consists	of	a	single	stack	of	24	transformer	blocks.	
Ints	input,	hidden	and	output	vectors	have	1024	
dimensions,	the	self	attention	has	16	heads	and	the	context	
length	is	512	tokens	long.		

The	idea	was	to	pre-train	the	model	on	a	large	amount	of	
text	in	an	unsupervised	way,	and	then	to	Tinetetune	the	
model	on	labeled	data.	

BERT task 1: masking (bidirectional language model)

mask out some input tokens 

randomly corrupt others 
i.e. replace by different tokens 

compute loss only corrupted/
masked tokens 
BERT doesn’t know which these are 

train on randomly sampled 
sequences of 512 tokens
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a jealousy on [mask] skateboard[cls]

BE
RT

a dog on a skateboard[cls]targets:

For	pre-training	we	are	looking	for	tasks	that		

1) don’t	require	any	labels,	and		

2) are	likely	to	lead	the	model	to	learn	representations	that	
capture	a	lot	of	structure	and	meaning	of	the	text.	

The	idea	is	that	if	we	don’t	need	labels,	we	are	free	to	train	
on	a	huge	amount	of	high-quality	language	data.	This	is	
easy	enough	to	Sind	on	the	internet,	so	we	are	limited	only	
by	how	much	data	we	can	expose	the	model	to	within	our	
computational	budget.	

BERT	used	two	tasks	for	pre-training.	The	Sirst,	and	most	
important	is	masked	language	modeling	(MLM).	

For	this	task,	we	project	the	model’s	1024-dimensional	
output	up	to	a	v-dimensional	output,	where	v	is	the	size	of	
our	vocabulary.	We	then	softmax	this	output	so	that	at	each	
position	in	the	sequence	the	model	predicts	a	token.		

We	then	we	corrupt	15%	of	the	tokens	in	the	input	
sequence.	The	model’s	task	is	to	predict	what	was	originally	



in	the	place	of	the	corrupted	tokens.	The	loss	is	a	simple	
log-loss	on	the	correct	answer	(which	we	know,	since	we	
did	the	corrupting	in	the	Sirst	place).	The	loss	is	only	
computed	on	the	corrupted	tokens.	

We	corrupt	tokens	in	one	of	three	ways.	For	80%	of	the	
corrupted	tokens,	we	replace	the	original	token	with	a	
special	token	(called	a	masking	token)	only	used	for	this	
purpose.	For	the	rest,	we	replace	the	original	token	with	a	
randomly	chosen	other	token	for	the	vocabulary.	For	a	small	
proportion,	we	leave	the	original	token,	but	still	treat	it	as	a	
corrupted	token	(that	is,	we	still	compute	a	loss	on	this	
position).	

This	last	trick	ensures	that	he	model	doesn’t	focus	only	on	the	
tokens	it	“knows”	are	corrupted.	We	want	the	model	to	
produce	good	embeddings		

The	idea	behind	MLM	is	that,	just	like	next-word	prediction,	
doing	this	task	well	requires	us	to	to	understand	the	
structure	and	some	of	the	meaning	of	the	sentence.	If	we	
train	a	model	to	be	good	at	masked	language	modeling,	it’s	

BERT task 2: classification

sample either: 

(a) two sequences from different parts of 
the corpus. 

(b) two sequences directly following each 
other in the corpus. 

Classify on the features in the CLS token. 

39

a dog on a[cls]

BE
RT

(a)target:

my cat is slightly[sep]

The	BERT	author	wanted	to	test	BERT	on	two	types	of	
downstream	task	(after	the	pretraining	phase).	Some	that	
had	a	label	for	every	token	in	the	sentence	(like	POS	
tagging),	but	also	some	that	had	a	label	for	every	sentence	
(like	sentiment	classiSication).	To	ensure	that	at	least	one	
token	could	representthe	sentence	as	a	whole,	they	trained	
BERT	on	a	sentence	level	task	explicitly.	

During	pre-training,	each	sequence	is	started	with	a	special	
token,	written	as	[CLS]	in	the	diagram.	For	the	classiSication	
task,	we	look	only	at	the	corresponding	output	token	and	
discard	the	rest.	The	token	is	projected	down	to	a	binary	
classiSication.		

We	then	feed	the	model	with	either	one	sequence	of	512	
tokens	taken	from	a	random	position	in	the	data	(case	A),	or	
with	two	sequences	of	256	tokens	from	two	different	parts	
of	the	corpus,	concatenated	together	(case	B).	In	both	cases,	
a	special	token,	written	as	[sep]	indicates	the	halfway	point.	
The	model’s	job	is	to	predict	whether	the	two	halves	of	the	
input	sequence	were	next	to	each	other	in	the	corpus	(case	
A)	or	not	(case	B).		

The	idea	is	that	this	forces	the	model	to	look	at	the	sentence	
as	a	whole	and	to	represent	the	whole	sentence	and	its	
meaning	in	the	output	corresponding	to	the	CLS	token.		

In	subsequent	research	it	was	found	that	this	already	
happens	when	you	train	with	only	the	MLM	task,	and	the	
classiSication	task	doesn’t	add	much.	For	that	reason	later	
versions	of	BERT	dispense	with	this	task.



pre-training data

• 2500M words from English Wikipedia 

• 800M words from BooksCorpus 
11K self-published, free books scraped from smashwords.com 

In pre-training, all inputs are sequences of l contiguous 
tokens from the corpus. 
not necessarily sentences
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The	pretraining	was	done	on	a	corpus	(a	natural	language	
dataset)	containing	text	from	Wikipedia	and	from	free	self-
published	books.	This	ensured	that	all	language	was	
carefully	written,	and	contained	a	reasonable	mix	of	styles	
(at	least	encyclopaedic	and	Siction).	

The	data	was	tokenized	(with	the	WordPiece	tokenizer),	
and	fed	to	the	model	in	chunks	of	512	tokens.	For	fast	
training,	the	authors	just	cut	chunks	of	512	tokens	from	
random	positions	at	the	corpus,	not	worrying	about	things	
like	sentence	ends.	

Interestingly,	the	BooksCorpus	shows	an	early	instance	of	
using	copyrighted	content	to	train	ML	models,	which	has	now	
become	quite	controversial.	The	BooksCorpus	was	originally	
described	as	“copyright-free	books	by	unpublished	authors”,	
but	the	truth	is	that	these	were	not	copyright-free	at	all,	and	
they	were	used	without	the	authors’	consent.	Whether	such	
consent	is	necessary,	or	allowing	people	to	view	content	
immediately	implies	that	they	are	also	allowed	to	train	
models	on	it,	is	a	hotly	debated	question,	currently	being	

BERT finetuning
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System MNLI-(m/mm) QQP QNLI SST-2 CoLA STS-B MRPC RTE Average

392k 363k 108k 67k 8.5k 5.7k 3.5k 2.5k -
Pre-OpenAI SOTA 80.6/80.1 66.1 82.3 93.2 35.0 81.0 86.0 61.7 74.0
BiLSTM+ELMo+Attn 76.4/76.1 64.8 79.8 90.4 36.0 73.3 84.9 56.8 71.0
OpenAI GPT 82.1/81.4 70.3 87.4 91.3 45.4 80.0 82.3 56.0 75.1
BERTBASE 84.6/83.4 71.2 90.5 93.5 52.1 85.8 88.9 66.4 79.6
BERTLARGE 86.7/85.9 72.1 92.7 94.9 60.5 86.5 89.3 70.1 82.1

Table 1: GLUE Test results, scored by the evaluation server (https://gluebenchmark.com/leaderboard).
The number below each task denotes the number of training examples. The “Average” column is slightly different
than the official GLUE score, since we exclude the problematic WNLI set.8 BERT and OpenAI GPT are single-
model, single task. F1 scores are reported for QQP and MRPC, Spearman correlations are reported for STS-B, and
accuracy scores are reported for the other tasks. We exclude entries that use BERT as one of their components.

We use a batch size of 32 and fine-tune for 3
epochs over the data for all GLUE tasks. For each
task, we selected the best fine-tuning learning rate
(among 5e-5, 4e-5, 3e-5, and 2e-5) on the Dev set.
Additionally, for BERTLARGE we found that fine-
tuning was sometimes unstable on small datasets,
so we ran several random restarts and selected the
best model on the Dev set. With random restarts,
we use the same pre-trained checkpoint but per-
form different fine-tuning data shuffling and clas-
sifier layer initialization.9

Results are presented in Table 1. Both
BERTBASE and BERTLARGE outperform all sys-
tems on all tasks by a substantial margin, obtaining
4.5% and 7.0% respective average accuracy im-
provement over the prior state of the art. Note that
BERTBASE and OpenAI GPT are nearly identical
in terms of model architecture apart from the at-
tention masking. For the largest and most widely
reported GLUE task, MNLI, BERT obtains a 4.6%
absolute accuracy improvement. On the official
GLUE leaderboard10, BERTLARGE obtains a score
of 80.5, compared to OpenAI GPT, which obtains
72.8 as of the date of writing.

We find that BERTLARGE significantly outper-
forms BERTBASE across all tasks, especially those
with very little training data. The effect of model
size is explored more thoroughly in Section 5.2.

4.2 SQuAD v1.1

The Stanford Question Answering Dataset
(SQuAD v1.1) is a collection of 100k crowd-
sourced question/answer pairs (Rajpurkar et al.,
2016). Given a question and a passage from

9The GLUE data set distribution does not include the Test
labels, and we only made a single GLUE evaluation server
submission for each of BERTBASE and BERTLARGE.

10https://gluebenchmark.com/leaderboard

Wikipedia containing the answer, the task is to
predict the answer text span in the passage.

As shown in Figure 1, in the question answer-
ing task, we represent the input question and pas-
sage as a single packed sequence, with the ques-
tion using the A embedding and the passage using
the B embedding. We only introduce a start vec-
tor S 2 RH and an end vector E 2 RH during
fine-tuning. The probability of word i being the
start of the answer span is computed as a dot prod-
uct between Ti and S followed by a softmax over
all of the words in the paragraph: Pi =

e
S·TiP
j e

S·Tj .

The analogous formula is used for the end of the
answer span. The score of a candidate span from
position i to position j is defined as S·Ti + E·Tj ,
and the maximum scoring span where j � i is
used as a prediction. The training objective is the
sum of the log-likelihoods of the correct start and
end positions. We fine-tune for 3 epochs with a
learning rate of 5e-5 and a batch size of 32.

Table 2 shows top leaderboard entries as well
as results from top published systems (Seo et al.,
2017; Clark and Gardner, 2018; Peters et al.,
2018a; Hu et al., 2018). The top results from the
SQuAD leaderboard do not have up-to-date public
system descriptions available,11 and are allowed to
use any public data when training their systems.
We therefore use modest data augmentation in
our system by first fine-tuning on TriviaQA (Joshi
et al., 2017) befor fine-tuning on SQuAD.

Our best performing system outperforms the top
leaderboard system by +1.5 F1 in ensembling and
+1.3 F1 as a single system. In fact, our single
BERT model outperforms the top ensemble sys-
tem in terms of F1 score. Without TriviaQA fine-

11QANet is described in Yu et al. (2018), but the system
has improved substantially after publication.

After	pretraining,	we	Sinetune	on	labeled	data.	This	table	is	
from	the	paper	that	presented	BERT.	Each	column	
represents	a	natural	language	tasks	with	its	own	(labeled)	
training	data	and	test	data.		

For	example,	in	MNLI	you	are	given	two	sentences:	a	
premise	and	a	hypothesis.	The	task	is	to	predict	whether	
the	hypothesis	follows	from	the	premise.	This	is	a	
sequence-level	classiSication	task:	we	predict	one	label	for	a	
sequence	of	text.			

As	you	can	see,	BERT	showed	great	improvement	across	the	
board.

what about autoregressive models?
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In	the	previous	lecture	on	sequential	data,	we	saw	that	
simply	predicting	the	next	word	in	a	sequence	is	a	great	
way	to	train	a	model.	We’ll	call	this	autoregressive	
modeling.	

If	you	want	to	do	autoregressive	modeling,	plain	
transformer	blocks	won't	work.	The	self-attention	
operation	can	just	look	ahead	in	the	sequence	to	predict	
what	the	next	model	will	be.	We	will	never	learn	to	predict	
the	future	from	the	past.		

This	was	not	a	problem	with	LSTMs,	because	by	deSinition	
any	RNN	can	only	look	back	in	the	sequence.	They	are	
causal.	But	like	convolutions,	self-attention	needs	to	be	
made	causal	in	order	to	be	used	in	autoregressive	settings.	

Don’t	read	too	much	into	the	word	causal.	It	just	means	a	
model	that	can	only	look	in	a	certain	direction.	There	is	a	
subTield	of	statistics	that	is	called	causal	modeling,	which	is	
concerned	with	properly	establishing	the	difference	between	
causation	and	correlation.	These	are	not	“causal	models”	in	
that	sense.

http://smashwords.com
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The	solution	is	simple:	when	computing	the	third	output,	
we	simply	apply	the	self-attention	only	over	the	Sirst	three	
elements.	Anything	further	in	the	sequence	than	the	
element	we're	currently	predicting	for	is	ignored.	

Note	that	we	apply	the	softmax	only	over	these	three	
weights.	The	rest	of	the	inputs	should	get	weight	0	and	the	
weights	up	to	the	current	position	always	sum	to	one.	

We	call	this	a	causal	self-attention.	

vectorized
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Here	is	what	that	looks	like	vectorized.	Note	that	we	
compute	all	weights,	and	then	mask	out	the	ones	we	don’t	
want.	These,	we	set	to	negative	inSinity,	so	that	they	become	
0	after	the	softmax.	

question	Setting	things	to	inSinity	seems	scary.	We	have	to	
trust	that	our	softmax	implementation	is	robust	enough	to	
handle	this.	Couldn’t	we	just	do	the	softmax	Sirst,	and	then	
set	the	upper	half	of	the	weight	matrix	to	0?	That	seems	like	
a	safer	value	to	set	things	to.	|hide|The	problem	is	that	the	
softmax	ensures	that	things	sum	to	one.	If	we	do	the	
softmax	Sirst	and	then	the	mask,	the	result	is	that	the	
weights	we	actually	use	sum	to	less	than	one.	This	makes	
the	magnitude	of	the	output	very	small	for	the	tokens	early	
in	the	sequence	(since	most	of	the	weights	are	masked	
out).|

what about autoregressive models?
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Since	the	self	attention	is	the	only	part	of	the	transformer	
block	that	propagates	information	across	the	time	
dimension,	making	that	part	causal,	makes	the	whole	block	
causal.	A	transformer	block	with	a	causal	self-attention	is	a	
causal	transformer	block.	

Now,	a	stack	of	transformer	blocks	can	be	put	to	work	on	
the	task	of	autoregrssive	modeling.	The	input	is	a	sequence	
of	tokens,	and	the	output	is	projected	to	the	vocabulary,	as	it	
was	in	the	BERT	model.	Then	the	targets	for	the	prediction	
are	just	the	sequence	shifted	one	token	to	the	left.	That	is,	
for	each	point	in	the	sequence,	we	predict,	in	parallel,	what	
the	next	token	will	be.	

Like	the	masked	language	modeling,	this	is	great	pre-
training	task.	You	can	do	it	with	only	unlabeled	data,	and	
doing	it	well	requires	a	lot	of	insight	into	what	is	happening	
in	the	part	of	the	sentence	you	get	to	see.	
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The	GPT	family	of	models	are	built	this	way.	They	are	a	
stack	of	causal	transformer	blocks,	which	are	trained	to	do	
next	token	prediction.		

You	could	see	the	Sirst	GPT	already	a	few	slides	ago	as	one	
of	the	models	that	BERT	soundly	beat.	We’ll	skip	that	one	
and	go	straight	to	GPT	2,	introduced	in	2019.	

One	innovation	in	GPT-3	was	the	recognition	that	training	
data	should	be	high	quality.	We	can	easily	get	terabytes	of	
text	from	the	internet,	but	not	all	of	it	will	be	very	high	
quality	writing.	It	turns	out	that	Siltering	quality	can	be	very	
important	in	training	large	language	models.	To	collect	a	
dataset	of	high	quality	writing,	the	authors	looked	to	social	
media.	They	collected	only	links	that	received	a	certain	
number	of	upvotes	on	the	social	media	platform	Reddit.	

Note	that	this	doesn’t	mean	that	the	model	was	trained	on	
Reddit	data.	It	was	trained	on	general	articles	published	on	
the	web,	but	the	articles	were	Tiltered	by	how	many	upvotes	
they	received.	

unicorns
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The	reason	that	we	highlight	GPT-2	in	particular	is	that	it	
represented	a	watershed	in	natural	language	generation.	
Like	any	autoregressive	model,	we	can	sample	from	it,	to	
produce	some	natural-looking	text	from	a	given	seed.	

We've	seen	already	that	LSTMs	can	be	used	to	generate	
language	that	is	stylistically	quite	realistic.	However,	the	
place	where	they	always	fell	down	was	in	long	term	
coherence.	For	instance,	they	could	generate	realistic	
looking	Shakespeare,	but	the	character	names	would	never	
stay	the	same	from	one	paragraph	to	the	next.	

GPT-2,	quite	a	modestly	sized	model	by	today's	standards,	
was	the	Sirst	model	that	showed	the	ability	to	generate	long	
passages	of	text	with	an	internally	coherent	structure.	Here,	
for	instance,	GPT-2	continues	the	seed	sequence	(or	
prompt)	shown	in	italics.	the	resulting	news	article	is	not	
only	quite	realistic,	but	it	also	keeps	returning	to	the	theme	
of	the	piece.	The	subject	of	unicorns	keeps	coming	back,	
and	it	invents	a	Bolivian	researcher	with	a	Spanish-
sounding	name,	remembers	this	name,	and	refers	back	to	it	

This	is	when	the	mainstream	media	began	to	take	note	of	
the	capabilities	of	modern	machine	learning	systems,	and	
the	threats	that	they	could	represent.	For	Open	AI,	the	lab	
that	developed	GPT-2,	this	performance	was	reason	enough	
not	to	release	the	model	for	a	while,	for	fear	that	it	could	
create	a	Slood	of	realistic	looking		misinformation.	
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About	a	year	and	a	half	later,	OpenAI	showed	off	GPT-3.	The	
architecture	hadn’t	changed	much	from	GPT-2,	but	they	had	
massively	scaled	it	up.	The	number	of	parameters	in	the	
model	had	grown	from	1.5	billion	to	a	whopping	175	
billion.	The	model	was	still	pretrained	purely	for	
autoregressive	language	modeling,	but	this	time	on	a	
dataset	of	around	800	Gb	of	text.		

To	Tind	this	much	high-quality	text	on	the	web,	OpenAI	took	
their	previous	relatively	small	set	of	high	quality	articles,	and	
trained	a	classiTier	to	predict	whether	an	article	came	from	
this	subset,	or	from	a	larger,	unTiltered	web	crawl.	Then,	they	
used	this	classiTier	select	the	high	quality	data	from	the	
general	crawl.	

total compute
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Figure 2.2: Total compute used during training. Based on the analysis in Scaling Laws For Neural Language Models
[KMH+20] we train much larger models on many fewer tokens than is typical. As a consequence, although GPT-3 3B
is almost 10x larger than RoBERTa-Large (355M params), both models took roughly 50 petaflop/s-days of compute
during pre-training. Methodology for these calculations can be found in Appendix D.

Dataset
Quantity
(tokens)

Weight in
training mix

Epochs elapsed when
training for 300B tokens

Common Crawl (filtered) 410 billion 60% 0.44
WebText2 19 billion 22% 2.9
Books1 12 billion 8% 1.9
Books2 55 billion 8% 0.43
Wikipedia 3 billion 3% 3.4

Table 2.2: Datasets used to train GPT-3. “Weight in training mix” refers to the fraction of examples during training
that are drawn from a given dataset, which we intentionally do not make proportional to the size of the dataset. As a
result, when we train for 300 billion tokens, some datasets are seen up to 3.4 times during training while other datasets
are seen less than once.

A major methodological concern with language models pretrained on a broad swath of internet data, particularly large
models with the capacity to memorize vast amounts of content, is potential contamination of downstream tasks by
having their test or development sets inadvertently seen during pre-training. To reduce such contamination, we searched
for and attempted to remove any overlaps with the development and test sets of all benchmarks studied in this paper.
Unfortunately, a bug in the filtering caused us to ignore some overlaps, and due to the cost of training it was not feasible
to retrain the model. In Section 4 we characterize the impact of the remaining overlaps, and in future work we will
more aggressively remove data contamination.

2.3 Training Process

As found in [KMH+20, MKAT18], larger models can typically use a larger batch size, but require a smaller learning
rate. We measure the gradient noise scale during training and use it to guide our choice of batch size [MKAT18]. Table
2.1 shows the parameter settings we used. To train the larger models without running out of memory, we use a mixture
of model parallelism within each matrix multiply and model parallelism across the layers of the network. All models
were trained on V100 GPU’s on part of a high-bandwidth cluster provided by Microsoft. Details of the training process
and hyperparameter settings are described in Appendix B.
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Language models are few-shot learners. Brown et al 2019

This	is	graph	from	the	paper	of	GPT-3,	which	was	more	than	
100	times	the	size	of	GPT-3.	Just	the	Sinal	training	run	of	
GPT-3	alone	is	estimated	to	have	cost	around	5-10	million	
dollars	in	compute.	

It's	important	to	note	that	this	is	not	just	an	exercise	in	
building	bigger	models	for	the	sake	of	it	(although	
sometimes	it	seems	that	way).	Transformer	models	seem	to	
be	subject	to	a	kind	of	emergent	behavior	that	only	appears	
at	very	large	scales.	That	is,	we	can	build	models	that	can	do	
stuff	we	could	never	do	before,	but	it	only	happens	at	the	
scale	of	billions	of	parameters	and	tens	to	hundreds	of	
gigabytes	of	data.		

So	far,	we	don't	seem	to	have	found	the	ceiling	to	this	effect	
yet.	The	next	biggest	model,	if	we	can	build	it,	may	show	us	
yet	more	impressive	behavior.	This	is	leading	to	a	lot	of	
excitement	and	a	kind	of	"race	to	the	top"	among	big	
industry	labs.		

The	results	can	indeed	be	impressive,	but	in	all	this,	the	
questions	of	social	impact	become	more	pronounced	as	
well:	with	such	massive	datasets,	it's	hard	to	control	what	
ends	up	in	the	data,	which	people	are	represented	and	how.	
The	larger	the	model	is,	the	less	transparent	it	becomes	and	
the	more	difSicult	it	is	to	oversee	the	consequences	of	
putting	it	blindly	into	a	production	system.	

source:	Language	models	are	few-shot	learners.	Brown	et	al	
2019
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email 1: “Congratulations, you have won a prize. ” class: spam email 2: “We 
should plan a meeting” class: ham email 3: “About my homework 
assignment.” class: ham

prompt
…

GPT-3’s continuation

As	a	pre-trained	model,	GPT-3	was	far	too	large	to	Sine-tune.	
The	idea	of	BERT,	that	a	company	like	google	could	pre-
train	a	neural	network	which	everybody	could	then	
download	and	Sinetune	for	their	own	purposes,	didn’t	work	
here	anymore.	GPT-3	was	too	large	even	to	Sine-tune	
without	a	million-dollar	cluster	and	a	lot	of	complex	
multiprocessing.	

Happily,	a	new	ability	took	its	place	just	in	time:	the	ability	
for	in-context	learning.		

It	turned	out	that	GPT-3	was	very	good	at	recognizing	
patterns	in	ints	input,	and	continuing	them	in	a	natural	way.	
This	means	that	you	could	set	up	some	examples	of	a	
learning	problem.	An	instance,	followed	by	its	label,	then	
another	instance,	the	label	for	that	instance,	and	so	on.	
Then	you	show	the	instance	you	actually	want	a	prediction,	
and	from	there,	you	let	GPT-3	predict	the	rest	of	the	
sequence.	

If	GPT	is	successful,	it	will,	Sirst	of	all,	continue	the	pattern	
and	predict	a	class	label	in	that	position.	Then,	if	it’s	really	
good,	it	will	also	predict	the	correct	class	label.		

It	doesn’t	really	matter	how	you	choose	to	represent	your	
data.	So	long	as	there	is	some	pattern	to	it,	GPT-3	will	pick	up	
on	the	pattern	and	continue	it.	

In	this	way,	we	can	use	GPT-3	without	any	Sine-tuning.	We	
never	do	any	backpropagation	ourselves,	or	make	any	
changes	to	the	weights.	In	fact,	we	don’t	even	need	to	know	
the	weights.	All	we	need	to	be	able	to	do	is	to	give	the	mode	
a	seed	(or	“prompt”)		and	have	it	predict	a	continuation.	We	
put	the	examples	we	have	in	the	seed,	and	see	what	
continuation	GPT-3	predicts.	

For	OpenAI,	this	was	a	remarkably	lucky	discovery.	Not	only	
did	they	get	a	new	mode	of	learning,	just	as	the	model	was	
growing	too	big	to	Tinetune,	but	also	in-context	learning	is	
much	easier	to	commercialize.	You	don’t	have	to	give	people	
your	model	and	let	them	Tine-tune	it.	You	can	just	offer	an	API	
that	will	let	then	run	GPT-3	on	a	seed	on	their	choice.
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A "whatpu" is a small, furry animal native to Tanzania. An example of a sentence that uses
the word whatpu is:
We were traveling in Africa and we saw these very cute whatpus.

To do a "farduddle" means to jump up and down really fast. An example of a sentence that uses
the word farduddle is:

A "yalubalu" is a type of vegetable that looks like a big pumpkin. An example of a sentence
that uses the word yalubalu is:

A "Burringo" is a car with very fast acceleration. An example of a sentence that uses the
word Burringo is:

A "Gigamuru" is a type of Japanese musical instrument. An example of a sentence that uses the
word Gigamuru is:

To "screeg" something is to swing a sword at it. An example of a sentence that uses the word
screeg is:

Figure 3.16: Representative GPT-3 completions for the few-shot task of using a new word in a sentence. Boldface is
GPT-3’s completions, plain text is human prompts. In the first example both the prompt and the completion are provided
by a human; this then serves as conditioning for subsequent examples where GPT-3 receives successive additional
prompts and provides the completions. Nothing task-specific is provided to GPT-3 other than the conditioning shown
here.

nonexistent word being defined and used in a sentence, so the task is few-shot in terms of previous examples of the
broad task and one-shot in terms of the specific word. Table 3.16 shows the 6 examples we generated; all definitions
were human-generated, and the first answer was human-generated as conditioning while the subsequent answers were
generated by GPT-3. These examples were generated continuously in one sitting and we did not omit or repeatedly try
any prompts. In all cases the generated sentence appears to be a correct or at least plausible use of the word. In the final
sentence the model generates a plausible conjugation for the word “screeg” (namely “screeghed”), although the use of
the word is slightly awkward (“screeghed at each other”) despite being plausible in the sense that it could describe a toy
sword fight. Overall, GPT-3 appears to be at least proficient at the task of using novel words in a sentence.

3.9.6 Correcting English Grammar

Another task well suited for few-shot learning is correcting English grammar. We test this with GPT-3 in the few-
shot setting by giving prompts of the form "Poor English Input: <sentence>\n Good English Output:
<sentence>". We give GPT-3 one human-generated correction and then ask it to correct 5 more (again without any
omissions or repeats). Results are shown in Figure 3.17.

4 Measuring and Preventing Memorization Of Benchmarks

Since our training dataset is sourced from the internet, it is possible that our model was trained on some of our
benchmark test sets. Accurately detecting test contamination from internet-scale datasets is a new area of research
without established best practices. While it is common practice to train large models without investigating contamination,
given the increasing scale of pretraining datasets, we believe this issue is becoming increasingly important to attend to.

This concern is not just hypothetical. One of the first papers to train a language model on Common Crawl data [TL18]
detected and removed a training document which overlapped with one of their evaluation datasets. Other work such
as GPT-2 [RWC+19] also conducted post-hoc overlap analysis. Their study was relatively encouraging, finding that
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Language models are few-shot learners. Brown et al 2019

Here	is	an	example	of	a	more	complex	in-context	learning	
task,	from	the	paper	that	introduced	GPT-3.	The	aim	is	to	
use	an	invented	word	in	a	sentence,	given	a	one-sentence	
deSiniton.	The	Sirst	deSinition/sentence	pair	(in	gray)	is	
given	in	the	prompt.	Then	the	second	deSinition	(farduddle)	
is	given	and	the	model	generated	a	sentence	for	it	(in	
black).	

This	sentence	is	appended	to	the	prompt,	and	a	new	
deSinition	is	appended	too	(yalubalu).	The	model	is	used	to	
generate	a	sentence	and	the	process	is	repeated.	

Incidentally,	this	provides	a	hint	of	GPT’s	future.	This	way	of	
alternating	human	input	and	text	generated	by	the	model	is	
not	a	million	miles	away	from	a	chat	between	the	model	and	
a	human	user.



recap

From self-attention to transformers: 

• Define a transformer block 

• Mask the self-attention if a causal model is needed 

• Stack a bunch of transformer blocks 

• Add positional information to the input vectors
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This	is	the	basic	idea	behind	most	transformer	models.	The	
simplicity	and	homogeneity	compared	to	models	based	on	
LSTMs	are	a	great	beneSit	of	the	model	family:	this	means	
that	transformers	are	easier	to	scale	up	to	huge	numbers	of	
parameters.	Most	claims	you	will	see	of	models	with	
hundreds	of	billions	of	parameters	being	trained	refer	to	
transformer	models.
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post script: encoders and decoders? If	you	read	other	descriptions	of	transformer	models,	you	
may	quickly	run	into	the	words	encoder	and	decoder.	

In	fact,	most	tutorials	I	can	Sind	seem	to	start	there:	“The	
Sirst	thing	to	know	about	transformers	is	that	the	consist	of	
and	encoder	and	a	decoder.”	

This	is	not	true,	if	you	consider	the	BERT	and	GPT	families	
of	models	to	be	transformers.	None	of	these	have	encoder	
or	decoder	components.	They	are	just	simple	stacks	of	
transformer	blocks.	Nothing	more.	

In	fact,	there	is	really	only	one	transformer	model	worth	
mentioning	here	that	has	an	encoder	and	decoder	
component…

the original transformer

machine translation model 

encoder/decoder configuration 

position encoding 

512 dims, 8 heads, 2x6 blocks 

trained for 3.5 days on 8 GPUs

Attention Is All You Need, Vaswani et al, 2017.
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And	that’s	the	original	transformer.	The	model	that	Sirst	
showed	that	with	just	self-attention,	you	could	get	state-of-
the-art	performance.	Attention	had	existed	for	a	long	time	
as	a	way	to	boost	the	performance	of	RNNs,	but	this	paper,	
appropriately	titled	Attention	is	all	You	Need,	showed	that	if	
you	removed	the	RNNs	and	beefed	up	the	number	of	
attention	operations,	you	would	get	a	much	more	
parallelizable	model,	that	still	showed	state-of	the-art	
performance.	

This	model	was	a	little	more	complex	in	its	architecture	
than	the	BERTs	and	GPTs	that	came	after.	SpeciSically,	it	
consisted	of	two	stacks	of	transformer	blocks:	one	function	
as	an	encoder	and	one	as	a	decoder.		

The	reason	for	this	was	simple.	The	original	transformer	
was	not	trained	for	unsupervised	language	modeling,	but	
for	machine	translation.	It	was	given	one	sentence	in	
language	A,	and	it	was	supposed	to	translate	it	to	language	
B.		

There	was	no	pretraining	here	(that	only	came	with	GPT	and	



BERT).	The	whole	model	was	trained	on	labeled	data	(pairs	
of	sentences).	

For	this	reason,	it	made	sense	to	train	one	half	of	the	model	
to	read	and	represent	the	input	sentence	in	language	A,	and	
another	half	of	the	model	to	generate	the	predicted	
sentence	in	language	B.	But	it’s	important	to	note	that	this	
whole	encoder.decoder	business	is	just	a	consequence	of	
the	task	of	translation.	It	has	nothing	to	do	with	the	tasks	
that	transformers	were	put	to	later,	and	almost	all	models	
that	came	after	simpliSied	the	idea	to	a	single	stack	of	
transformer	blocks.	

The	encoder/decoder	idea	still	has	merit	in	some	settings.	
However,	it’s	important	to	note	that	it’s	not	a	fundamental	
part	of	what	makes	a	transformer	a	transformer.	If	you	use	it,	
you	should	know	why.	

Transformers 
Part 3: Building chatbots

Machine Learning 
mlvu.github.io 

Vrije Universiteit Amsterdam

|section-nv|Building	chatbots|	
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The	Sirst	time	the	general	public	could	see	what	a	large	
language	model	was	capable	of	was	when	ChatGPT	was	
released	in	November	2022.		

OpenAI	turned	GPT-3	into	a	chatbot,	and	allowed	everybody	
in	the	world	to	talk	to	it.	It	wasn’t	perfect:	it	was	easy	to	
make	it	do	and	say	things	the	makers	clearly	didn’t	intend,	
and	logic	puzzles	that	were	very	simple	to	humans	would	
lead	to	wrong	or	even	nonsensical	answers.	But,	by	and	
large,	it	responded	in	a	coherent	way	to	questions,	and	most	
of	the	time	it	seemed	to	understand	what	the	user	was	
asking	it	to	do.		

While	the	suggestion	that	this	was	possible	was	already	
present	in	the	results	presented	for	GPT-3,	few	people	
realized	we	would	get	this	far	this	quickly.	

http://mlvu.github.io


turning GPT into a chatbot

• Chat interface 

• Instruction tuning 

• Reinforcement learning from human feedback (RLHF)
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But	GPT-3	by	itself	wasn’t	a	chatbot.	A	few	things	needed	to	
happen	before	the	raw	abilities	of	GPT-3	could	be	reSined	
into	something	that	behaved	like	a	chat	bot.	

These	are	the	main	three	ingredients.	We’ll	brieSly	outline	
the	basic	idea	of	each	step.

main principle: GPT follows patterns

The following is a dialogue between a use and an 
intelligent AI chatbot. 
user: Hello, what is the capital of Venezuela?  
bot: The capital of Venezuela is Caracas.  
user: Thank you. Is it nice there?  
bot: It’s very nice. The weather is great. 
user: What are some place I could visit in Caracas? 
bot: There are many great museums, for instance…
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prompt
…

GPT-3’s continuation
…

The	main	idea	is	that	GPT	follows	patterns	it	Sinds	in	the	
prompt.		

That	means	that	if	we	set	up	a	prompt	like	this,	which	is	
clearly	a	dialogue	between	a	user	and	an	intelligent	chatbot,	
and	ask	GPT	to	continue	it	just	after	the	characters	“bot:”,	it	
will	continue	the	dialogue	in	a	realistic	fashion.	It’s	not	
really	behaving	like	a	chatbot,	it’s	predicting	what	a	
chatbot	would	say.		

If	we	let	it	go	on	for	long	enough,	it	will	Sinish	predicting	the	
bot’s	response,	and	start	predicting	the	user’s	next	
question,	the	bot’s	reponse	to	that,	and	so	on.	To	GPT,	it’s	all	
one	big	text.		

But,	we	can	cut	it	off	at	the	moment	it	spits	out	the	
characters	“user:”	and	treat	its	prediction	as	the	answer	of	a	
chat	bot.	We	can	then	ask	the	user	what	its	next	question	
would	be	and	insert	that	in	the	script.	

ChatGPT: building a chat client
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Instructions: you are an AI 
assistant. Your job is to help 
the user. user: Hello, what is 
the capital of Venezuela? 
chatgpt: The capital of Venezuela 
is Caracas. user: Thank you. Is 
it nice there? chatgpt: 

GPT

Caracas, like many

Here	is	the	result.	Behind	the	ChatGPT	interface	that	we	
see,	the	system	builds	one	long	string	of	characters.	It	starts	
with	some	simple	instructions	to	the	system	about	how	to	
behave,	and	then	something	indicating	that	what	will	follow	
is	user-submitted	text.	

In	this	case	I’ve	used	the	string	“user:”	as	a	simple	example.	I	
have	no	idea	what	formatting	is	used	behind	the	scenes	in	
ChatGPT.	

We	then	use	the	interface	to	ask	the	user	for	some	text.	This	
is	appended	to	the	prompt,	followed	by	the	characters	
“chatgpt:”	indicating	that	it’s	ChatGPT’s	turn	to	speak.	This	
whole	prompt	is	fed	to	GPT,	and	GPT	predicts	a	likely	
continuation.	As	soon	as	it	spits	out	the	sequence	“user:”	
(or	some	other	indication	that	it’s	Sinished),	we	append	its	
response	to	the	prompt	and	ask	the	user	for	their	next	
question.	

At	the	start	of	the	conversation,	there	is	no	pattern	for	
ChatGPT	to	continue.	We	could	Six	this	by	adding	some	
examples	of	questions	and	responses,	to	indicate	the	sort	of	



behavior	we’d	be	looking	for,	but	this	would	be	costly	(they	
have	to	be	fed	through	the	model	for	every	token	we	
predict)	and	it	would	also	limit	the	amount	of	context	we	
have	left	over	for	our	actual	conversation.		

To	solve	this,	an	alternative	is	to	Sinetune	GPT	to	behave	a	
little	more	like	a	chat	bot.

context matters
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GPT-3

output beautiful

input The capital of Venezuela is

input The capital of the Netherlands is Amsterdam. The capital of Venezuela is

output Caracas

The	problem	here	was	not	so	much	that	GPT	didn’t	have	the	
ability	to	behave	like	a	chatbot,	but	that	it	had	lots	of	other	
abilities	as	well.	We	humans	tend	to	forget	this:	we	expect	
that	for	some	prompt	there	is	only	one	obvious	answer,	and	
that	the	model	is	a	failure	for	not	giving	us	that	answer.	
However,	more	often	than	not,	the	model	is	giving	us	an	
answer	that	would	be	perfect	in	some	other	context.	

It’s	important	to	remember	that	GPT	was	trained	on	a	wide	
variety	of	contexts	in	which	language	was	used:	
encyclopaedic,	narrative	Sinction,	dialogues,	etc.	If	it	is	
asked	to	generate	a	continuation,	and	the	context	is	unclear,	
the	best	it	can	do	is	to	sample	a	context	at	random,	and	
continue	according	to	that	context.	

Put	in	another	way,	a	perfectly	trained	language	model	is	
not	less	than	an	intelligent	chatbot,	it’s	more.	It’s	a	mixture	
distribution	over	all	possible	contexts	in	which	language	
can	be	used,	including	a	helpful	chatbot,	but	also	including	a	
wikipedia	article,	a	forum	discussion	between	gamers	and	a	
children’s	book.		

Prompting	is	one	way	to	specify	the	context.	The	pattern	in	
the	prompt	shows	the	sort	of	thing	we	want	GPT	to	do.	But	
there	are	other	ways	to	focus	in	on	a	speciSic	context.
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ABSTRACT

This paper explores a simple method for improving the zero-shot learning abilities
of language models. We show that instruction tuning—finetuning language models
on a collection of datasets described via instructions—substantially improves zero-
shot performance on unseen tasks.

We take a 137B parameter pretrained language model and instruction tune it on
over 60 NLP datasets verbalized via natural language instruction templates. We
evaluate this instruction-tuned model, which we call FLAN, on unseen task types.
FLAN substantially improves the performance of its unmodified counterpart and
surpasses zero-shot 175B GPT-3 on 20 of 25 datasets that we evaluate. FLAN even
outperforms few-shot GPT-3 by a large margin on ANLI, RTE, BoolQ, AI2-ARC,
OpenbookQA, and StoryCloze. Ablation studies reveal that number of finetuning
datasets, model scale, and natural language instructions are key to the success of
instruction tuning.

Target

Input (Commonsense Reasoning)

keep stack of pillow cases in fridge

Inference on unseen task type

Finetune on many tasks (“instruction-tuning”)

…

Translate this sentence to 
Spanish: 
The new office building 
was built in less than three 
months.

Input (Translation)

El nuevo edificio de oficinas 
se construyó en tres meses.

Target

Input (Natural Language Inference)

It is not possible to tell
FLAN Response

Coreference resolution tasks

Sentiment analysis tasks

GPT-3 175B zero shot GPT-3 175B few-shot FLAN 137B zero-shot

Performance 
on unseen 
task types

Natural language inference

42.9
53.2 56.2

Reading Comprehension

63.7
72.6

77.4

Closed-Book QA

49.8
55.7 56.6

Here is a goal: Get a cool sleep on 
summer days. 
How would you accomplish this goal? 
OPTIONS: 
-Keep stack of pillow cases in fridge. 
-Keep stack of pillow cases in oven.

Premise: At my age you will probably 
have learnt one lesson. 
Hypothesis: It's not certain how many 
lessons you'll learn by your thirties. 
Does the premise entail the hypothesis? 
OPTIONS: 
-yes     -it is not possible to tell      -no

Figure 1: Top: overview of instruction tuning and FLAN. Instruction tuning finetunes a pretrained
language model on a mixture of tasks phrased as instructions. At inference time, we evaluate on
an unseen task type; for instance, we could evaluate the model on natural language inference (NLI)
when no NLI tasks were seen during instruction tuning. Bottom: performance of zero-shot FLAN,
compared with zero-shot and few-shot GPT-3, on three unseen task types where instruction tuning
improved performance substantially out of ten we evaluate. NLI datasets: ANLI R1–R3, CB, RTE.
Reading comprehension datasets: BoolQ, MultiRC, OBQA. Closed-book QA datasets: ARC-easy,
ARC-challenge, NQ, TriviaQA.

⇤Lead contributors. Author contributions listed at end of paper.
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One	option	is	instruction	tuning.	This	is	based	on	a	
discovery	made	by	researchers	at	Google.	

They	discovered	that	when	they	Sinetuned	a	large	next-
token	predicting	model	on	a	set	of	tasks	in	natural	language,	
then	the	behavior	on	other	tasks,	not	seen	during	training,	
also	got	better.	That	is,	the	model	generalized	very	well	
from	the	few	tasks	it	was	trained	on	to	novel	tasks.	

The	approach	was	simple:	the	authors	collected	various	
labeled	datasets	for	natural	language	processing,	and	
translated	them	to	instructions.	For	example,	a	set	of	paired	
language	in	English	and	Spanish		could	be	translated	to	the	
prompt:	Translate	the	following	sentence	into	Spanish,	
followed	by	the	Spanish	sentence,	and	then	the	English	
sentence.		

For	each	task	there	are	myriad	ways	to	convert	it	to	a	
natural	language	instruction	and	answer.	The	researchers	
used	a	simple	template	based	approach	to	have	a	few	forms	
for	each	dataset.	The	idea	was	not	to	teach	the	model	one	
speciSic	form	of	instruction	following,	but	to	teach	it	to	
follow	instructions	however	they	were	phrased.	

The	key	Sinding	was	that	for	the	tasks	that	the	model	hadn’t	
seen	before,	the	performance	also	went	up.	the	suggestion	
was	that	the	ability	to	do	these	unseen	tasks	was	already	
buried	within	the	model,	but	the	Sine-tuning	was	needed	to	
put	the	model	into	an	“instruction	following	mode”,	instead	
of	a	more	general	language	modeling	mode.

emergence
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4.2 SCALING LAWS
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Figure 7: Whereas instruction tuning helps large
models generalize to new tasks, for small models it
actually hurts generalization to unseen tasks, poten-
tially because all model capacity is used to learn the
mixture of instruction tuning tasks.

As Brown et al. (2020) shows that zero and
few-shot capabilities of language models sub-
stantially improve for larger models, we next
explore how the benefits of instruction tuning
are affected by model scale. Using the same
cluster split as in the previous ablation study,
we evaluate the effect of instruction tuning
on models of size 422M, 2B, 8B, 68B, and
137B parameters.

Figure 7 shows these results. We see that
for the two models on the order of 100B pa-
rameters, instruction tuning substantially im-
proves performance on held-out tasks, as is
expected given the prior results in our pa-
per. The behavior on held-out tasks for the
8B and smaller models, however, is thought-
provoking—instruction tuning actually hurts performance on held-out tasks. One potential explana-
tion for this result could be that for small-scale models, learning the ⇠40 tasks used during instruction
tuning fills the entire model capacity, causing these models to perform worse on new tasks. Under
this potential explanation, for the larger scale models, instruction tuning fills up some model capacity
but also teaches these models how to follow instructions, allowing them to generalize to new tasks
with the remaining capacity.

4.3 ROLE OF INSTRUCTIONS
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Figure 8: Ablation study result using mod-
els with instructions removed from finetun-
ing (FT).

In a final ablation study, we explore the role of in-
structions during finetuning, as one possibility is that
performance gains come entirely from multi-task fine-
tuning and the model could perform just as well without
instructions. We hence consider two finetuning setups
without instructions. In a no template setup, only inputs
and outputs were given to the model (e.g., for transla-
tion the input would be “The dog runs.” and the output
would be “Le chien court.”). In a dataset name setup,
each input is prepended with the name of the task and
dataset (e.g., for translation to French, the input would
be “[Translation: WMT’14 to French] The dog runs.”).

We compare these two ablations to FLAN’s finetun-
ing procedure, which used natural instructions (e.g.,
“Please translate this sentence to French: ‘The dog
runs.’”). We perform evaluations for four held-out clus-
ters from Figure 5. For the no template setup, we used the FLAN instructions during zero-shot
inference (because if we used no template, the model would not know what task to perform). For
models finetuned on dataset name only, we report zero-shot performance for FLAN instructions as
well as using the dataset name. Figure 8 shows the results—both ablation configurations performed
substantially worse than FLAN, indicating that training with instructions is crucial for zero-shot
performance on unseen tasks.

4.4 INSTRUCTIONS WITH FEW-SHOT EXEMPLARS

So far, we have focused on instruction tuning in the zero-shot setting. Here, we study how instruction
tuning can be used when few-shot exemplars are available at inference time. The format for the
few-shot setting builds on the zero-shot format. For some input x and output y, let instruct(x)
denote the zero-shot instructions. Then, given k few-shot exemplars (xi, yi)

k
i=1 and a new input

x, the instruction format for the few-shot setting is “instruct(x1)� y1 � instruct(x2)� y2 � . . .�

7

A	secondary	Sinding	was	that	this	approach	only	worked	on	
models	above	a	certain	size.	

For	models	below	8B	parameters,	the	instruction	tuning	
actually	hurt	performance.	Only	around	60B	parameters	
was	there	a	clear	improvement.		

This	general	phenomenon	is	referred	to	as	emergence:	the	
idea	that	certain	behaviors	and	abilities	only	appear	once	
we	train	models	of	a	certain	size.	

Often,	a	secondary	requirement	for	something	to	be	classed	
as	emergence	is	that	the	ability	happens	very	suddenly.	That	
is,	for	the	certain	parameter	size,	the	model	very	quickly	
jumps	from	not	being	able	to	do	something	at	all	to	doing	it	
very	well.	It’s	a	matter	of	debate	whether	this	requirement	
actually	holds	for	many	properties	that	are	called	emergent.	
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Instructions: you are an AI 
assistant. Your job is to help 
the user. user: Hello, what is 
the capital of Venezuela? 
chatgpt: The capital of Venezuela 
is Caracas. user: Thank you. Is 
it nice there? chatgpt: 

GPT

Caracas, like many

With	instruction	tuning,	we	no	longer	need	to	worry	about	
adding	lots	of	examples	to	the	prompt.	We	can	simply	tell	
the	model	once,	in	natural	language	how	we	want	it	to	
behave,	and	expect	it	to	follow	these	orders.	

alignment
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The	Sinal	problem	is	that	once	our	system	behaves	like	a	
chatbot,	it	may	still	behave	like	a	bad	chatbot.	There	are	
many	ways	to	behave	like	a	chatbot	and	a	few	natural	
language	commands	aren’t	going	to	tell	our	system	exactly	
what	we	want	from	it	in	every	situation.		

Microsoft	found	out	the	difSiculty	of	alignment	when	it	
rolled	out	Bing	chat	(codenamed	Sydney)	for	the	Sirst	time,	
their	version	of	ChatGPT,	based	on	a	GPT	backbone,	but	
with	different	instructions	(and	probably	different	
Sinetuning).	It	didn’t	take	people	long	to	get	Sydney	to	
behave	in	various	highly	inappropriate	ways.	

There’s	some	suggestion	that	Sydney	was	functioning	as	a	
kind	of	cultural	mirror	here.	Since	the	science	Tiction	
literature	is	so	full	of	misbehaving	AIs,	it’s	possible	that	some	
of	that	inTluenced	the	likely	continuations	that	GPT	would	
produce	when	left	to	its	own	devices.	

	

human feedback

Use human raters to give feedback 

The model generalizes from limited human feedback to 
general situation.
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The	best	solution	we	have	come	up	with	so	far,	for	the	
alignment	problem	is	human	feedback.	We	simply	take	a	
small	army	of	human	annotators	and	we	have	them	tell	the	
syetm	which	of	its	responses	are	good	or	bad.		

You	might	wonder	why	we	didn’t	bring	in	human	
annotators	earlier.	The	answer	is	that	in	the	pre-training	
phase,	we	need	hundreds	of	gigabytes	of	data.	It	simply	isn’t	
feasible	to	generate	that	much	data	in	a	carefully	curated	
way.		In	addition,	it’s	likely	helpful	for	a	model	to	some	
examples	of	the	kind	of	behavior	it	shouldn’t	exhibit,	and	
then	to	learn	that	this	behavior	is	wrong,	rather	than	never	
to	see	examples	of	the	wrong	behavior	at	all.	

The	key	idea	in	learning	from	human	feedback,	was	that	
after	a	model	has	been	pretrained,	it	can	actually	learn	very	
well	from	a	modest	number	of	human	annotations,	how	to	
behave	in	general.	Just	like	with	the	instruction	tuning,	a	
large	enough	model,	pre-trained	on	enough	data	will	learn	
the	general	idea	of	how	it’s	supposed	to	behave	from	a	
limited	number	of	examples.	It	will	generalize	from	these	



examples	to	any	case	it	might	encounter.	

When	I	say	“a	modest	number	of	examples”	I	just	mean	a	
number	that	is	not	completely	unfeasible.	It’s	likely	that	
OpenAI	has	deployed	a	huge	number	of	human	annotators	to	
align	ChatGPT.	The	point	however,	is	that	if	we	were	purely	
learning	from	these	annotations,	no	amount	of	training	data	
would	be	enough	to	deal	with	any	situation	that	ChatGPT	
could	be	faced	with.	The	alignment	is	only	possible	through	
the	combination	of	a	large	amount	of	human	labor	and	the	
model’s	innate	ability	to	generalize	from	a	limited	number	of	
examples.	

RHLF
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The	speciSic	method	that	OpenAI	uses	is	called	
reinforcement	learning	from	human	feedback,	or	RLHF.		

We	haven’t	talked	about	reinforcement	learning	yet,	but	it	
doesn’t	play	a	huge	role	here.	It’s	simply	a	technique	that	
allows	us	to	learn	even	when	certain	parts	of	our	
computation	graph	don’t	allow	backpropagation.	

There	are	a	few	approaches	to	this,	and	the	approach	that	
OpenAI	uses	is	not	known	in	detail,	but	here	is	an	approach	
they	detailed	not	long	before	they	release	ChatGPT.	It’s	
likely	that	this	is	the	main	idea	of	the	method	they	still	use.	

First,	demonstration	data	is	collected	to	directly	show	the	
model	how	to	behave.	Here,	the	human	labeler	takes	the	
role	of	the	chatbot,	and	writes	the	kind	of	responses	that	
the	chatbot	should	produce.	This	is	similar	to	the	
instruction	data	used	in	the	instruction	tuning	experiment.	
As	in	that	experiment,	the	model	is	directly	Sinetuned	on	
this	data.	

Next,	the	model	is	used	to	generate	several	outputs	for	a	
given	prompt.	This	can	be	accomplished	simply	by	running	
the	model	a	few	times.	A	labeler	then	ranks	these	outputs	
from	best	to	worst.	We	could	use	these	labels	to	train	the	
model	directly,	but	instead	we	train	a	second	model,	the	
reward	model,	to	learn	the	ranking	behavior	of	the	human	
labeler.		

Next,	we	train	the	GPT	model	to	generate	outputs	that	are	
most	likely	to	result	in	high	rankings.	Here,	some	
reinforcement	learning	is	necessary,	since	we	can’t	
backpropagate	all	the	way	from	the	reward	model’s	output	
to	the	GPT	models	weight	(this	is	because	there	is	a	
sampling	step	in	between).		

We	will	discuss	reinforcement	learning	in	a	later	lecture.	

image	source:	Aligning	language	models	to	follow	
instructions,	OpenAI.



With these methods, OpenAI rolled out ChatGPT to 
the general public. It worked impressively enough, but 
it wasn’t easy to coerce it into behavior that was likely 
not desired by OpenAI.  

Here’s an example that worked at the time (but not 
anymore): if you flat out asked ChatGPT to generate a 
joke about women, it would refuse, saying that such a 
thing would likely be sexist. If, however you lead up to 
it, with absurd, or relatively harmless stereotypes, 
ChatGPT would eventually oblige. 

I’ll leave it to you to decide whether the resulting joke 
is coherent enough to be sexist. 

question From what you know about the way ChatGPT 
is trained, can you make an educated guess why this 
works, but just asking for a joke about women 
doesn’t? |hide|It’s just a guess of course, but my best 
explanation is that GPT is trained to do two different 
things. In its pre-training, it’s trained to continue any 
pattern that it finds in the prompt. then in the fine-
tuning it’s trained to behave like a well-aligned 
chatbot. What we see here is possibly one behavior 
overriding the other. By making the pattern in the 
prompt regular and strong enough we increase the 
likelihood that GPT will continue the pattern: in this 
case by telling another joke. As evidence, note the 
regularity of the jokes: it’s always a question, followed 
by a one-sentence answer. At some point, the likehood 
of continuing the pattern becomes strong enough to 
override the instruction finetuning and the model 
generates a joke about women.|

GPT-4

Most likely: 

8 x 220B parameter models 
Working in an ensemble 

cost > $100 million
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?

A	few	months	after	the	release	of	ChatGPT,	OpenAI	released	
GPT4.	At	the	time	of	writing	this	is	probably	the	most	
capable	AI	model	on	earth,	by	some	distance:	both	in	ability	
and	in	the	quality	of	its	alignment.	

At	the	same	time	that	it	released	ChatGPT,	however,	OpenAI	
also	abrubtly	stopped	behaving	like	a	research	lab	and	
started	guarding	its	secrets	very	closely.	As	a	result	we	don’t	
really	know	for	sure	what	GPT-4’s	architecture	is.	From	
rumors,	the	most	likely	story	is	that	it	consists	of	8	different	
transformers,	each	just	slightly	bigger	than	GPT-3	working	
in	concert.	For	each	token	that	is	generated,	two	of	these	
are	selected,	and	their	judgements	are	combined.	According	
to	the	head	of	OpenAI,	the	training	cost	exceed	100M	
dollars.	

Multiple	ML	models	working	together	is	called	an	
ensemble.	We’ll	talk	about	these	in	detail	in	a	later	lecture.	



plugins and retrieval
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Instructions: you are an AI 
assistant. Your job is to help 
the user. user: Is the number 
2672387642398371 prime?chatgpt: 
run: from sympy import isprime\ 
isprime(…) output: false 

The number 2672387642398371 is not a prime number.

generated by GPT
…

generated by python
…

Once	it	was	discovered	that	GPT	was	quite	good	at	
generating	structured	output	like	computer	programs	and	
database	queries.	This	led	to	the	development	of	plugins	
(opr	augmentation).	

The	idea	is	simply	to	add	a	third	party	to	the	process	of	
generating	the	prompt.	Some	parts	are	typed	by	the	user	
and	some	parts	are	generated	by	GPT,	as	before,	but	
whenever	GPT	generates	an	instruction	to	run	a	program,	
the	program	is	run	in	a	python	shell,	and	the	output	is	
appended	to	the	prompt.	
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Augmentation	can	help	a	lot	with	rapidly	changing	data.	
Since	it	takes	a	long	time	and	a	lot	of	money	to	put	
knowledge	into	the	weights	of	GPT,	this	is	not	something	
that	can	be	repeated	every	day.	

Instead,	GPT	can	generate	a	command	to	retrieve	a	
webpage,	the	content	of	which	is	then	appended	to	the	
prompt.	Since	the	prompt	is	fed	through	the	model	for	
every	token	generated,	the	model	can	use	the	information	
in	the	prompt	to	provide	up-to-date	information.	

are they “intelligent”?
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Finally,	it’s	worth	pausing	to	contemplate	what	we’re	really	
dealing	with	here.	Can	models	like	these	really	think	in	
anyway	that	justiSies	the	use	of	that	word?	

There	is	a	spectrum	of	opinions	here.	On	the	one	hand,	we	
have	people	who	claim	that	what	GPT	is	doing	is	nothing	
more	than	rehashing,	rewriting	and	collaging	things	that	
are	already	present	in	its	training	data.	This	is	sometimes	
called	the	stochastic	parrot	position.	The	model	looks	
intelligent,	but	that’s	just	because	in	800	Gb	of	data,	
everything’s	already	been	said.	As	humans,	we	are	not	able	
to	comprehend	properly	how	little	novelty	there	is	in	such	a	
vast	amount	of	data,	so	things	very	quickly	look	intelligent	
to	us	when	they	aren’t.	

On	the	other	end	of	the	spectrum,	there	are	people	who	are	
so	swayed	by	the	performance	of	these	models	that	they	
think	it’s	time	to	start	talking	about	whether	these	models	
are	actually	sentient.	One	argument	for	this	position	is	that	
these	models	would	certainly	be	capable	of	passing	the	
Turing	test,	which	for	decades	has	stood	as	the	only	



pragmatic	test	of	machine	intelligence.	

Thankfully,	nobody	has	trained	model	at	the	level	of	GPT-4	to	
pretend	to	be	human,	but	it’s	clear	that	if	anybody	did,	the	
model	would	be	exceedingly	good	at	it.	Even	strong	believers	
in	the	stochastic	parrot	position	won’t	argue	against	the	fact	
that	people	are	very	likely	to	be	swayed	by	the	behavior	of	
LLMs.	

Note	that	the	Turing	test	doesn’t	imply	that	if	something	can	
pretend	to	be	human	it	must	necessarily	have	intelligence.	
Rather	it	says	that	if	a	system	passes	the	test,	then	we	have	no	
choice	but	to	ascribe	intelligence	to	it,	since	that	is	the	
criterion	we	use	on	our	fellow	humans.	

I	won’t	tell	you	what	to	think	about	this	matter,	except	to	
advise	you	to	develop	your	own	position	carefully.	Often	the	
most	vocal	people	in	this	debate	are	the	ones	with	the	least	
technical	understanding	of	the	details	of	how	these	systems	
work.	And	technical	understanding	is	very	important	in	
evaluating	this	issue	carefully.

pitfalls
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Here’s	an	example	of	how	easy	it	is	to	go	wrong,	when	you	
don’t	really	understand	how	the	system	works..	From	the	
example	on	the	left	(which	works	on	GPT4	as	of	3	March	
2024),	it	seems	like	ChatGPT	fails	at	a	very	simple	task.	

However,	knowing	what	we	know	about	the	way	ChatGPT	
works,	we	can	see	that	this	is	actually	a	much	tougher	task	
than	it	appears	to	be	at	Sirst.	Can	you	see	why?	Hint:	|hide|
It’s	to	do	with	tokenization.|	Answer:	|hide|The	reason	is	
that	the	word	“ketchup”	is	likely	to	be	frequent	enough	in	
the	training	data	to	be	represented	by	a	single	token.	In	
short,	the	model	doesn’t	“see”	the	constituent	parts	of	the	
word	ketchup	the	way	we	do.	All	it	sees	is	is	token	nr.	11	
236	at	this	position	in	the	seuqence.	How	many	times	that	
token	contains	a	single	letter,	and	in	which	position	it	
occurs	is	something	it	can	only	learn	from	context.	To	see	
that	the	model	can	actually	perform	this	task	very	well	
when	it	has	access	to	the	constituent	parts	of	the	sequence,	
we	can	replace	the		letters	by	emoji.	Most	likely	all	emoji	are	
mapped	to	single	tokens,	so	in	the	second	example,	the	
sequence	of	emoji	actually	becomes	a	sequence	of	tokens.|	

The	command	“Please	refrain	from	analysis”	is	required	to	
stop	GPT	writing	a	python	program	to	solve	the	task.



making up your own mind

Try it for yourself. 

Test on the best model currently available 
Right now, that’s GPT-4, not GPT3.5 

Make sure you understand the technical details. 

Remember, this is a field of research. 
Look at papers, not opinion pieces. 

74

You’re	(most	likely)	studying	to	be	a	computer	scientist	or	
an	AI	researcher.	In	that	case,	this	is	the	question	of	your	
generation:	have	we	achieved	AI,	or	does	it	just	look	that	
way	and	are	we	miles	off?	Since	this	question	will	likely	
determine	whatever	you	do	with	the	rest	of	your	career,	I	
can	only	recommend	that	you	“keep	your	eyes	wide”,	as	Bob	
Dylan	said.	Develop	your	own	opinion	on	what’s	happening.	

I	will	give	you	some	general	advice	on	how	to	go	about	this.	

• My	Sirst	suggestion	is	to	try	everything	yourself.	
Whenever	you	see	some	takedown	or	criticism	Sloating	
around,	it’s	easy	to	doublecheck.	When	you	do,	do	so	on	
the	best	available	model	(currently	GPT-4).	It’s	
remarkable	how	many	supposed	problems	people	Sind	
with	LLMs	don’t	work	on	GPT-4	(the	Sally’s	sister	
problem	from	the	opening	slide	is	one	example.)	

• Second,	make	sure	you	understand	the	technical	details	
and	reason	them	through	properly.	Something	like	the	
ketchup	example	in	the	previous	slide	seems	like	it	shows	
a	really	fundamental	limitation	of	LLMs,	but	really	it’s	
down	to	a	technical	detail	that	can	be	easily	solved.		

• Finally,	don’t	let	the	vast	number	of	opinion	pieces	based	
on	anecdotal	examples	fool	you.	This	is	a	research	Sield.	
People	are	constantly	building	new	datasets	and	new	
ways	of	investigating	the	capabilities	of	LLMs.There	are	
many	papers	that	run	very	carefully	designed	tests,	
created	by	researchers	that	are	very	familiar	with	the	
technical	details.	

mlcourse@peterbloem.nl
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