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cleverbot e

Oakland, CA
P Alright, I'll call to make a reservation
at El Agavero Restaurant And Tequila
Bar. For how many?
e ¢{Qué quieres para beber?
So what are you? 2 people
Agua, por favor. Sounds good, for 2 people. For when?

Human.

Saturday
e oo No, you are a bot.

Sounds good. At what time?
No I'm not!!

6:00 PM 7:00 PM 8:00 PM

| @ Yes you are.
Cancel o cp

How would you know? | know myself, I'm not stupid. = <!

Yo quiero Me gustaria Agua

kay to cleverbot... =

QWERTYU I OFP & ©
- G Gl G B B B B Of & think aboutit think for me thoughts so far

< L] o

https:/ fephot(seanctemg 20 6/ 10706/ coatinges rebdtpatiddredigayngfbd (988 /AR T nggr:more-android-iphone-users-314948




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

Two components: encoder ENCODER DECODER
and decoder

| d
Encoder represents input text R T T
Initialize decoder’s hidden
state to encoder’s hidden
state to begin with - . - .
Prompt the decoder to start <G>
generation with special token ( Embedding )
Feed decoder’s predictions as hT T T I
data at generation time o e vor '
ﬁme Siep | ] 11 2 11 3 I 4 | L 5 11 6 11 7 |

https://towardsdatascience.com/sequence-to-sequence-model-introduction-and-concepts-44d9b41cd42d
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How is “I” generated?
I

Token Probability
LSTM Greedy decode:
Decoder
‘T Well 0.05 Generate token
Im 0.04 with highest
Size(Vocab -
(Vocab) — Good 0.04 probability!
Poor 0.02
Doin’ 0.001
Know 0.0001

~—

This is multi-class classification, just
<GO> applied at very large scale (e.g. 10k
vocab words!)




How do we train our model on human data?

Probability Let’s look at our true response,
LSTM . . .
Decoder oL associated with this example,
f 0.05 in the dataset.

I'm 0.04

Good 0.04

p 0.02 . L

oo WelllI’'m doing fine.

Doin’ 0.001

Know 0.0001 Word at position 0
<GO>

cross entropy loss = — 2 log(P(Yelx, ¥y<t))

teT




What if the model goes off-track?

True response is very

Input: How are you? specific!

I’'m doing well but my brother has been

True response: ,
struggling lately. Do you remember

Isn’t single correct
response for

him? :
conversations.
Greedy decoded
model I’'m ok thank you for asking.
response:.

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




Solution: Teacher-forcing!

True response:
] [ <€0s> S
well] [prffine:

LSTM LSTM LSTM LSTM LSTM
Decoder Decoder Decoder Decoder Decoder

Calculate loss for each

timestep, but always feed
gold-generated token.
I am

<GO> Well fine




BERT Conditional Generation Framework
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https://medium.com/huggingface/encoder-decoders-in-transformers-a-hybrid-pre-trained-architecture-for-seq2seqg-af4d7bf14bb8




Dialogue Models

/\

Goal-Oriented Chit-Chat

* Users converse with system e Users converse with system
with goal in mind (e.g. with the goal of having a
movie recommendation) social conversation

e System aims to fulfill user e System aims to entertain
request and engage user

e System usually match user- e Systems can use neural
intents or slot-fill dialog agents or knowledge

bases




Goal Oriented Dialogue

Conversation with user aims to fulfill user task

Common domains:

o Restaurant reservation
o Movie recommendation

o Hotel reservation




bAbl dialog tasks

etk o 0 e 5 X e e i S T Intent classification
T | What is the user intending
to accomplish with the
conversation?
E.g. “book a restaurant
reservation”

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




bAbl dialog tasks

. —— Slot-filling
B ™ et Given a template,

Ok, let me look into some options for you. | Wh 3 t |n fO rma th n |S
required to complete
the task?

E.g. (British, London, 6

people, expensive)

In London.

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




Hi!
Hello, what can I help you with today?

I'd like to book a table for six people in an expensive price range with British food. Task 1

I'm on it! i

Where should it be? Issuing API calls
In London.

Ok, let me look into some oitions ior iou.

Actually i would prefer for four.

Sure. Is there anything else to update? Task 2

No. Updating API calls

Ok let me look into some options for you.

The Place R_phone The Place_phone
The_Place R_cuisine british
The_Place R_address The_Place_address

The Place R _location london

The_Place R_availability four

The_Place R _price expensive

The_Place R _rating 7

The_Fancy Pub R_phone The_Fancy Pub_phone
The_Fancy Pub R_cuisine british
The_Fancy Pub R_address The_Fancy Pub_address

The_Fancy Pub R_location london Task 3
The_Fancy Pub R_availability four Displavi .
The_Fancy Pub R_price expensive Isplaying optlons

R I T S U S A S

The_Fancy_Pub R_rating 8

What do you think of this option: The_Fancy Pub
No, I don't like that.

Sure, let me find an other option for you.

What do you think of this option: The_Place

Let's do it!
Great let me do the reservation.
Can you provide me the address?
Here it is: The_Place_address.
You rock! T k 4
Is there anything else I can help you with? as .. . .
NEHEHER Providing extra-information
You're welcome.

Task S Conducting full dialogs

bAbl dialog tasks

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




Dialogue Models

/\

Goal-Oriented Chit-Chat

* Users converse with system e Users converse with system
with goal in mind (e.g. with the goal of having a
movie recommendation) social conversation

e System aims to fulfill user e System aims to entertain
request and engage user

e System usually match user- e Systems can use neural
intents or slot-fill dialog agents or knowledge

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:

o User Likert scale ratings (1-5)
> Number of turns completed
° Time spent in conversation




User_1: let’s chat ) )
Gunrock_1: Hi, this is an Alexa Prize Socialbot. It’s

nice to talk to you again, George. I think
last time we were talking about movies.

Would gou like to talk about it now?
User 2: sure [SPL] that would be great
Gunrock 2: By the way, I love to discover new

movies. I recently watched Crazy Rich
Asians because someone told me it was
hilarious. What movie would you recom-

mend to me? ) )
User_3: ha [SPL] it’s a tough question [SPL] i

don’t think i have a good one to recom-
mend [SPL] wait [SPL] i think that stars

born is good
Gunrock 3:  Yes I remember watching a star is born.

Hmm. If you had to rate this movie from
1 to 10, what would it be?
User 4:

ten

Gunrock 4: A perfect 10! You have to tell me
more. What was so exceptional? When I
watched it, the music design really stood

out to me. . . .
User_5S: when i watched it the music was amazing

[SPL] and bradley cooper was super tal-

ented in the movie [SPL] i really like him
Gunrock 5:  You've got me wanting to watch the

movie again. Ouu, Maybe you will find
this interesting. Bradley Cooper claimed
that his dream was to be a director before
he got into acting and this was his direc-
torial debut ...

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




GunrockSociant

' Natural Language Dialog Manager
User : Understanding

Topic Dialog Modules

Segmentation

v

| Noun Phrase

v

Context movies

Intent
Classifier

Backstory

Feedback
Topic Sentiment retrieval
R
ASR _ Knowledge Base
— Profanity NER
| Check
( ) c Google Natural Language Generation
oreference
L TTs Knowledge |
5 " Profanity Check Template Manager .
oncep
%H Graph Concept Net
Data Scraper
ASR )
Correction Dialog Act Prosody Post Processor w on EG2
-

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




Challenges with Chatbots

Persona Responding Diversity of
Attributes appropriately Responses




Why Personas?

message Where do you live now?
response 1live in Los Angeles.

message In which city do you live now?
response 1 live in Madrid.

message In which country do you live now?
response England, you?

message Where were you born?
response 1 was born in Canada.

message Where are you from?

response England, you?

message Where did you grow up?
response 1 grew up in Texas.

message How old are you?

response 16 and you?

message What'’s your age?

response 18.

message What is your major?

response I’'m majoring in psychology
message What did you study in college?
response English lit.

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




Gunrock SocialBot

~
' Natural Language Dialog Manager
User : Understanding
- ; Topic Dialog Modules
: Segmentation :
Noun Phrase > | Classifier > M :
v £ ; ‘
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Chen et al. 2018, Gunrock: Building A Human-Like Social Bot By Leveraging Large Scale Real User Data




Gunrock Persona

User Ratings x Backstory

Userl: do you like jeopardy? o " { QMH{#}}% Backstory
Gunrockl: Sure I like Jeopardy, especially when Watson 3 i ¢ w
o sy .
competed. g 36 »
User2: why? = & 10
Gunrock2: I’m so impressed with the capabilities of a su- .
percomputer. ' 3

T T T Al Al L
0 10 20 30 40 50

# Backstory Questions

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




Personas at-scale: PersonaChat

Persona 1 | Persona 2

I like to ski I am an artist Collected from crowdworkers

My wife does not like me anymore I have four children

I have went to Mexico 4 times this year | I recently got a cat

I hate Mexican food I enjoy walking for exercise Each participant in 2-party dialogue has
I like to eat cheetos I love watching Game of Thrones

associated persona

[PERSON 1:] Hi

[PERSON 2:] Hello ! How are you today ? .
[PERSON 1:] I am good thank you , how are you. 162k Conversations
[PERSON 2:] Great, thanks ! My children and I were just about to watch Game of Thrones.

[PERSON 1:] Nice ! How old are your children?

[PERSON 2:] I have four that range in age from 10 to 21. You? 1,155 personas
[PERSON 1:] I do not have children at the moment.

[PERSON 2:] That just means you get to keep all the popcorn for yourself.

[PERSON 1:] And Cheetos at the moment!

[PERSON 2:] Good choice. Do you watch Game of Thrones?

[PERSON 1:] No, I do not have much time for TV.

[PERSON 2:] I usually spend my time painting: but, I love the show.

Zhang et al. 2018, Personalizing Dialogue Agents: | have a dog, do you have pets too?




Challenges with Chatbots

Persona Responding Diversity of
Attributes appropriately Responses




What if responses don’t convey correct
emotion?

@ {I finally got promoted today at work.
Speaker RS

Congrats! That’s great! Listener

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




Solution: condition on emotion

Label: Proud

Situation: Speaker felt this when...

“I finally got that promotion at work! I have tried so
hard for so long to get it!”

Conversation:

Speaker: I finally got promoted today at work!
Listener: Congrats! That’s great!

Speaker: Thank you! I’'ve been trying to get it for a
while now!

Listener: That is quite an accomplishment and you
should be proud!

h

w

Encoder

lembarrassed|| slipped and...
/'

Pre-trained
Emotion Classifier

T

| slipped and fell on my face

Prepend
emotion to
dialogue to
condition
generation

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




Challenges with Chatbots

Persona Responding Diversity of
Attributes appropriately Responses




| just got promoted at work today!

I I How should | celebrate?

| don’t know i E i




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

What is diversity?

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

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

Standard decode MMI decode

T = argmax { log p(T'|S)} argmax { (1 — X)log p(T'|S) + Alog p(S|T)}
T T

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




Maximum Mutual Information

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

Standard decode MMI decode

T = argmax { log p(T'|S)} arg max { (1 — A\Mlog p(T'|S) [}t Alog p(S|T’) }
T T

How probable is target
given source?

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




Maximum Mutual Information

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

Standard decode MMI decode

T = argqrpax{logp(T|S)} argq{nax {(1—X)1ogp(T|S) + Adlg p(S|T) }

How probable is source
given target?

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




All sources
in dataset:

What's How How is your
your are sister?

hame? you?
(generate n): sister is doing great!

General response, could apply to More specific response, limits

many source sentences in dataset. number of applicable source
utterances. P(S|T) is higher.

Gold Source:

Lower MM likelihood  Higher MMl likelihood




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(uni grams(testset))
len(unigrams(testse;))

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




l:3 —

Don’t: 2

Know: 2

I’'m: 2

Doing: 2
dOn’t knOW. Well: 3 — 11 distinct unigrams
Are: 1
You: 1
OK:1
Guess: 1

don’t know. Are you well? So: 1

'm doing well.

OK, | guess so. Total: 19

I'm doing well. .

. 1
Distinct-1: e 0.58




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(bi grams(testset))
len(bigrams(testgy;))

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




| don’t: 2
Don’t know: 2
I’'m doing: 2
Doing well: 2
Know are: 1 -
don't knOW. Areyou: 1 10 distinct unigrams
You well: 1
OKI: 1
| guess: 1
Guessso: 1

don’t know. Are you well? -

'm doing well.

OK, | guess so. Total: 14

I'm doing well. o
Distinct-2: —=0.71




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(testgy;))

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




| don’t know: 1 )

I’'m doing well: 2

don’t knOW. | don’t know. Are you well?: 1 4 distinct replies
OK, I guess so: 1 D

'm doing well. Total: 5

don’t know. Are you well?

OK, | guess so.

I'm doing well. ,
% Unique Replies: -=0.8




MM Results

Model # of training instances | BLEU || distinct-1 | distinct-2
SEQ2SEQ (baseline) 23M 4.31 107
SEQ2SEQ (greedy) 23M 4.51 .148
MMI-antiLM: log p(T'|S) — AU(T) 23M 4.86 175

MMI-bidi: (1 — A)logp(T|S) + Alogp(S|T) 23M 5.22 270

Why are these much smaller than our examples?

Because test set is MUCH larger!

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




Greedy Decoding

At each time step, select the Probability
most probable token to ' 2.1

Well 0.05
generate. . S on

Good 0.04

Poor 0.02
Problem: most-predictable Doin’ 0.001
utterance is chosen! Know 0.0001




Top-k sampling

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

probability BN

| 0.1 Randomly
sample

Well 0.05 from top-3

I'm 0.04 tokens

Good 0.04

Poor 0.02

Doin’ 0.001

Know 0.0001

Fan et al. 2018, Hierarchical Neural Story Generation




Problem with top-k sampling?

Doesn’t take into account the probability distribution
always chooses k words to sample from.

0.8
0.08 0.8
. thought I P mee————————]
knew mmmm cooling N
hid - warm -
saw [
did mam heating l
said fresh |
— wanted N cold |
She  said , o | never told mum " warming |
liked g burning |
got mm cooking |
_ would mm bakin gl
| J-:_\ ) heard gm Peaked
. . . want iy
Distribution mesct: I Distribution eonsl
could g

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




Nucleus sampling

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

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

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

New probability distribution,
used for normalization, e.g. 0.91 : Zwev(p) P(xlxlzi—l)

Use new probability distribution to
renormalize

. A F (»)
Sample from new distribution P'(z|z1:i-1) {ﬁx“_l) gﬂfefw};

Zero out probability of tokens which
fall below probability mass cutoff

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




Input text: | was feeling

fine [ 02 P=0.8
ok - 0.2

2000 - 05 P’ =0.88
proud - 0.15

- 0.13

alert

sick ' 0.1

yuck I 0.01

| | o001 With top-k sampling (k=3), would have only sampled from “fine,
Cat I 0.001 ok, good.” Now, have a more diverse set to sample from.

Man | 0.001

Dog | 0.001




Outstanding challenges

Coherence across multiple conversation turns
Longer, sustained conversation

Increasing diversity

More complex goals / application areas (e.g. conversational
tutor, mental health chatbots)




