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Dialogue	Systems
Input:	conversation,	collection	of	multiple	
utterances/turns
Output:	next	utterance	in	conversation
Conversational	goals	and	how	success	is	defined	are	task-
dependent



Seq2Seq	Framework

https://towardsdatascience.com/sequence-to-sequence-model-introduction-and-concepts-44d9b41cd42d

Two	components:	encoder	
and	decoder
Encoder	represents	input	text
Initialize	decoder’s	hidden	
state	to	encoder’s	hidden	
state	to	begin	with
Prompt	the	decoder	to	start	
generation	with	special	token
Feed	decoder’s	predictions	as	
data	at	generation	time
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LSTM	
Decoder

<GO>

I
Token Probability

I 0.1

Well 0.05

I’m 0.04

Good 0.04

Poor 0.02

Doin’ 0.001

Know 0.0001

How	is	“I”	generated?

Greedy	decode:	
Generate	token	
with	highest	
probability!Size(Vocab)

This	is	multi-class	classification,	just	
applied	at	very	large	scale	(e.g.	10k	
vocab	words!)
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How	do	we	train	our	model	on	human	data?

Let’s	look	at	our	true	response,	
associated	with	this	example,	
in	the	dataset.

Well	I’m	doing	fine.
Word	at	position	0

𝑐𝑟𝑜𝑠𝑠	𝑒𝑛𝑡𝑟𝑜𝑝𝑦	𝑙𝑜𝑠𝑠 = −.log	(𝑃 𝑦4 𝑥, 𝑦74))
�

4∈;



What	if	the	model	goes	off-track?

I’m	doing	well	but	my	brother	has	been	
struggling	lately.		Do	you	remember	
him?

I’m	ok	thank	you	for	asking.

True	response:

Greedy	decoded
model
response:

True	response	is	very	
specific!

Isn’t	single	correct	
response	for	
conversations.

Can’t	compare	true	and	decoded	responses	for	tokens	after	position	1!

Input:	 How	are	you?



Solution:	Teacher-forcing!

True	response:
Well,	I	am	fine.
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Calculate	loss	for	each	
timestep,	but	always	feed	
gold-generated	token.		



BERT	Conditional	Generation	Framework

https://medium.com/huggingface/encoder-decoders-in-transformers-a-hybrid-pre-trained-architecture-for-seq2seq-af4d7bf14bb8



Dialogue	Models

Chit-ChatGoal-Oriented

• Users	converse	with	system	
with	goal	in	mind	(e.g.	
movie	recommendation)

• System	aims	to	fulfill	user	
request

• System	usually	match	user-
intents	or	slot-fill

• Users	converse	with	system	
with	the	goal	of	having	a	
social	conversation

• System	aims	to	entertain	
and	engage	user	

• Systems	can	use	neural	
dialog	agents	or	knowledge	
bases



Goal	Oriented	Dialogue
Conversation	with	user	aims	to	fulfill	user	task
Common	domains:
◦ Restaurant	reservation
◦ Movie	recommendation
◦ Hotel	reservation



Bordes et	al.	2017,	Learning	End-to-End	Goal-Oriented	Dialog

bAbI dialog	tasks

Intent	classification
What	is	the	user	intending	
to	accomplish	with	the	
conversation?	
E.g.	“book	a	restaurant	
reservation”	



bAbI dialog	tasks

Slot-filling
Given	a	template,	
what	information	is	
required	to	complete	
the	task?
E.g.	(British,	London,	6	
people,	expensive)

Bordes et	al.	2017,	Learning	End-to-End	Goal-Oriented	Dialog



bAbI dialog	tasks

Bordes et	al.	2017,	Learning	End-to-End	Goal-Oriented	Dialog
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bases



Chit-Chat	Dialogue
Aims	to	entertain	the	user	and	keep	them	engaged	with	
utterances	that	further	the	conversation.



Alexa	SocialBot Challenge
Goal:	engage	users	in	social	conversation
User	population:	Amazon	Alexa	users	who	opt-in	to	
challenge	via	“Alexa,	let’s	chat”
Evaluation:	
◦ User	Likert	scale	ratings	(1-5)
◦ Number	of	turns	completed
◦ Time	spent	in	conversation



Chen	et	al.	2018,	Gunrock:	Building	A	Human-Like	Social	Bot	By	Leveraging	Large	Scale	Real	User	Data



Gunrock SocialBot

Chen	et	al.	2018,	Gunrock:	Building	A	Human-Like	Social	Bot	By	Leveraging	Large	Scale	Real	User	Data



Challenges	with	Chatbots

Persona	
Attributes

Responding	
appropriately

Diversity	of	
Responses



Why	Personas?

Li	et	al.	2016,	A	Persona-Based	Neural	Conversation	Model



Gunrock SocialBot

Chen	et	al.	2018,	Gunrock:	Building	A	Human-Like	Social	Bot	By	Leveraging	Large	Scale	Real	User	Data



Gunrock Persona

Chen	et	al.	2018,	Gunrock:	Building	A	Human-Like	Social	Bot	By	Leveraging	Large	Scale	Real	User	Data



Personas	at-scale:	PersonaChat

Collected	from	crowdworkers

Each	participant	in	2-party	dialogue	has	
associated	persona

162k	Conversations

1,155	personas

Zhang	et	al.	2018,	Personalizing	Dialogue	Agents:	I	have	a	dog,	do	you	have	pets	too?
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What	if	responses	don’t	convey	correct	
emotion?

Rashkin et	al.	2019,	Towards	Empathetic	Open-domain	Conversation	Models:	a	New	Benchmark	and	Dataset



Solution:	condition	on	emotion

Rashkin et	al.	2019,	Towards	Empathetic	Open-domain	Conversation	Models:	a	New	Benchmark	and	Dataset

Prepend	
emotion	to	
dialogue	to	
condition	
generation



Challenges	with	Chatbots

Persona	
Attributes

Responding	
appropriately

Diversity	of	
Responses



I	just	got	promoted	at	work	today!

Oh,	okay

How	should	I	celebrate?

I	don’t	know



What	is	diversity?

”An	engaging	response	generation	system	should	be	able	to	output	
grammatical,	coherent	responses	that	are	diverse	and	interesting”	(Li	
et	al.	2016)

Diverse	responses:
• are	specific,	not	vague	or	generic
• are	interesting
• are	engaging
• advance	the	conversation

Li,	J.	et	al.	2016,		A	Diversity-Promoting	Objective	Function	for	Neural	Conversation	Models.



Problem	with	Maximum	Likelihood
If	always	choose	to	generate	the	most	likely	token,	our	
model	responses	will	be	the	most	predictable.		



Maximum	Mutual	Information

Standard	decode MMI	decode

Instead	of	using	greedy	decode	to	produce	the	most	likely	response,	incorporate	specificity	of	
information	given	by	target.

More	precisely,	how	likely	is	the	source	(prior	utterance)	given	the	wording	of	the	target	
(potential	model	response)?		More	specific	utterances	provide	more	information

Li,	J.	et	al.	2016,		A	Diversity-Promoting	Objective	Function	for	Neural	Conversation	Models.
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Li,	J.	et	al.	2016,		A	Diversity-Promoting	Objective	Function	for	Neural	Conversation	Models.



I	don’t	knowTargets	
(generate	n):

Thanks	for	asking,	my	
sister	is	doing	great!

Gold	Source:All	sources
in	dataset:

What’s	
your	
name?

How	
are	
you?

How	is	your	
sister?

Lower	MMI	likelihood Higher	MMI	likelihood

General	response,	could	apply	to	
many	source	sentences	in	dataset.

More	specific	response,	limits	
number	of	applicable	source	
utterances.	P(S|T)	is	higher.



Measuring	diversity
How	do	we	measure	diversity	of	responses? Distinct	
number	of	n-grams!
Distinct-1:	For	the	entire	test	set,	calculate	the	total	number	
of	unique	unigrams,	divided	by	the	total	number	of	
generated	unigrams

Distinct-1

𝑙𝑒𝑛(𝑠𝑒𝑡 𝑢𝑛𝑖𝑔𝑟𝑎𝑚𝑠 𝑡𝑒𝑠𝑡𝑠𝑒𝑡
𝑙𝑒𝑛(𝑢𝑛𝑖𝑔𝑟𝑎𝑚𝑠 𝑡𝑒𝑠𝑡AB4 )

Li,	J.	et	al.	2016,		A	Diversity-Promoting	Objective	Function	for	Neural	Conversation	Models.



I	don’t	know.
I’m	doing	well.
I	don’t	know.		Are	you	well?
OK,	I	guess	so.
I’m	doing	well.

Distinct-1:	

I	:	3
Don’t:	2
Know:	2
I’m:	2
Doing:	2
Well:	3
Are:	1
You:	1
OK:	1
Guess:	1
So:	1

11	distinct	unigrams

CC
CD

=	0.58

Total:	19



Measuring	diversity
Distinct-2:	For	the	entire	test	set,	calculate	the	total	number	
of	unique bigrams,	divided	by	the	total	number	of	
generated	bigrams.		

Distinct-2

𝑙𝑒𝑛(𝑠𝑒𝑡 𝑏𝑖𝑔𝑟𝑎𝑚𝑠 𝑡𝑒𝑠𝑡𝑠𝑒𝑡
𝑙𝑒𝑛(𝑏𝑖𝑔𝑟𝑎𝑚𝑠 𝑡𝑒𝑠𝑡AB4 )

Li,	J.	et	al.	2016,		A	Diversity-Promoting	Objective	Function	for	Neural	Conversation	Models.



I	don’t	know.
I’m	doing	well.
I	don’t	know.		Are	you	well?
OK,	I	guess	so.
I’m	doing	well.

Distinct-2:	

I	don’t:	2
Don’t	know:	2
I’m	doing:	2
Doing	well:	2
Know	are:	1
Are	you:	1
You	well:	1
OK	I:	1
I	guess:	1
Guess	so:	1

10	distinct	unigrams

CF
CG

=	0.71

Total:	14



Measuring	diversity
%	Unique	Replies:	For	the	entire	test	set,	calculate	the	total	
number	of	unique	responses,	divided	by	the	number	of	
responses	generated.		

𝑙𝑒𝑛(𝑠𝑒𝑡 𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒𝑠 𝑡𝑒𝑠𝑡𝑠𝑒𝑡
𝑙𝑒𝑛(𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒𝑠 𝑡𝑒𝑠𝑡AB4 )

Cao	and	Clark	2017,	Latent	Variable	Dialogue	Models	and	their	Diversity



I	don’t	know.
I’m	doing	well.
I	don’t	know.		Are	you	well?
OK,	I	guess	so.
I’m	doing	well.

%	Unique	Replies:	

I	don’t	know:	1
I’m	doing	well:	2
I	don’t	know.		Are	you	well?:	1
OK,	I	guess	so:	1

4	distinct	replies

G
H
=	0.8

Total:	5



MMI	Results

Li,	J.	et	al.	2016,		A	Diversity-Promoting	Objective	Function	for	Neural	Conversation	Models.

Why	are	these	much	smaller	than	our	examples?	

Because	test	set	is	MUCH	larger!



Greedy	Decoding
At	each	time	step,	select	the	
most	probable	token	to	
generate.

Problem:	most-predictable	
utterance	is	chosen!

Token Probability

I 0.1

Well 0.05

I’m 0.04

Good 0.04

Poor 0.02

Doin’ 0.001

Know 0.0001



Top-k	sampling
Idea:	what	if	we	sampled	
instead	of	choosing	the	most	
likely	token,	but	only	from	the	
top	k	most	likely	tokens?

Fan	et	al.	2018,	Hierarchical	Neural	Story	Generation

Token Probability

I 0.1

Well 0.05

I’m 0.04

Good 0.04

Poor 0.02

Doin’ 0.001

Know 0.0001

K=3	
Randomly	
sample	
from	top-3	
tokens



Problem	with	top-k	sampling?
Doesn’t	take	into	account	the	probability	distribution,	
always	chooses	k	words	to	sample	from.

Holtzmann et	al.	2019,	The	Curious	Case	of	Neural	Text	Degeneration



Nucleus	sampling

Amount	of	probability	mass	we	want	
to	sample	from,	e.g.	0.9

Idea:	sample	from	set	of	tokens	which	make	up	top-p	probability	mass

New	probability	distribution,	
used	for	normalization,	e.g.	0.91

We	want	to	collect	the	minimal	amount	
of	tokens	whose	probability	mass	
combined	is	greater	than	p

Zero	out	probability	of	tokens	which	
fall	below	probability	mass	cutoff

Sample	from	new	distribution

Use	new	probability	distribution	to	
renormalize

Holtzmann et	al.	2019,	The	Curious	Case	of	Neural	Text	Degeneration



P	=	0.8fine
ok
good
proud
alert
sick
yuck
I
Cat
Man
Dog

0.2

0.2

0.2

0.15

0.13

0.1

0.01

0.001

0.001

0.001

0.2
0.88

= 0.23

Input	text:	I	was	feeling

With	top-k	sampling	(k=3),	would	have	only	sampled	from	“fine,	
ok,	good.”		Now,	have	a	more	diverse	set	to	sample	from.

P’	=	0.88

0.001

0.23

0.23

0.23

0.17

0.15



Outstanding	challenges	
Coherence	across	multiple	conversation	turns
Longer,	sustained	conversation
Increasing	diversity
More	complex	goals	/	application	areas	(e.g.	conversational	
tutor,	mental	health	chatbots)


