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processing as “understanding’




Turing
test

Distinguishing human vs.
computer only through
written language

Turing 1950




Dave Bowman: Open the pod bay doors, HAL
HAL: I'm sorry Dave. |I'm afraid | can't do that

Complex human emotion

Reall vigle mediated through language
Hal 2001 Mission execution
Samantha Her Love

David Prometheus Creativity



Conversational bots

* Jask-oriented dialog agents

e Solicit information from users in order to
complete some task (e.g., booking airline tickets,
routing to customer service).

e Conversational chatbots

* Systems designed for open-ended conversations
with users.



cLIZA

* Early conversational agent (Weizenbaum 1964)

* Imitated Rogerian psychotherapist



| am the psychotherapist. Please, describe your problems.
Each time you are finished talking, type RET twice.

| am unhappy.

Are you unhappy often”
Yes.

Can you elaborate on that?
Too much work.

Why do you say too much work?
| am working a lot.

Earlier you said you felt unhappy?
Yes.

| would appreciate it if you would continue.



Rule-based systems

(M) YOU () ME [pattern]

« WHAT MAKES YOU THINK I (\?) YOU [transform]

* | think you me

« WHAT MAKES YOU THINK | YOU



| am the psychotherapist. Please, describe your problems.
Each time you are finished talking, type RET twice.

| wish to know about you.

Why do you say i might want to know me”
To write my report

What makes you believe to write your report?

| do not understand your

question, please clarity
Earlier you said i would like to know me”?

yes
Can you elaborate on that?
| wish to know ELIZA

How does it feel to want?
Want what?



Cleverbot

say to cleverbot...

think about it think for me thoughts so far

http://www.cleverbot.com



Frame-pased dialog agents

* Most modern commercial systems are based in
GUS system for travel (Bobrow et al. 1977)



Frame-pased dialog agents

. are a collection of ~and each slot can
take one out of a set of

slot type
origin city City
destination city city
departure time time
departure date date
arrival time time
arrival date date




What city are you leaving from?

Where are you going?

What date do you want to leave?

Is it 2 one-way trip?

No

Do you want to go from What date do you want to return?
<FROM> to <TO> on <DATE>?

N Y, Do you want to go from <FROM> to <TO>
0 ©3 on <DATE> returning cn <RETURN>?

Book the flight

Jurafsky and Martin 2017



'd like to book a flight to Chicago

slot type value
origin city City
destination city City
departure time time
departure date date
arrival time time
arrival date date

Given the available slots and the dialogue history, which slot (if

any) does the turn fill?



San Francisco

slot type value
origin city City
destination city city Chicago
departure time time
departure date date
arrival time time
arrival date date

Where from??




slot type value
origin city city San Francisco
destination city city Chicago
departure time time
departure date date
arrival time time
arrival date date

What time are you looking to leave”




slot type value
origin city city San Francisco
destination city city Chicago
departure time time 8:10
departure date date 11/14/17
arrival time time 5:10
arrival date date 11/14/17




lasks

* Domain classitication (flights, schedule meeting,
etc.)

* Intent determination (in flight domain = book a
flight)

o Slot filling (the book a flight frame, find the values
that fill those roles)



Dialog agents

e |sthere a notion of that can be used to
structure your conversations”

slot type
origin city City
destination city city
departure time time
departure date date
arrival time time
arrival date date




Evaluation: user satisfaction

TTS Performance Was the system easy to understand ?

ASR Performance Did the system understand what you said?

Task Ease Was it easy to find the message/flight/train you wanted?
Interaction Pace Was the pace of interaction with the system appropriate?
User Expertise Did you know what you could say at each point?

System Response How often was the system sluggish and slow to reply to you?
Expected Behavior  Did the system work the way you expected it to?

Future Use Do you think you’d use the system in the future?

I DT CIPAAEY  User satisfaction survey, adapted from Walker et al. (2001).



Conversational Agents

TWEETS FOLLOWERS

96.2K 33.3K

Tweetls Tweets & replies Photos & videos
TayTweets ©

f.‘" 1 dy '.”“!"v(' J a Pinne d Tweel
The official account of Tay, Microsont's Bl ToyTweets oiTayandYou - Mar 2



Cleverbot

say to cleverbot...

think about it think for me thoughts so far

http://www.cleverbot.com



Dialogue as IR

* For a given turn, find the turn with the highest
match in a dataset

e Return the turn.

F
Z/ 1 XiYi

\/Z/ 1 /\/Z/ 1y/

cos(Xx,y) =




I'm pretty sure that’s not true

Search your feelings. You know
It to be true

—

LUKE
I'll never join youl!

VADER
If you only knew the power of the
dark side. Obi-Wan never told
you what happened to your father.

LUKE
He told me enough! It was you
who killed him.

VADER
No. I am your father.

LUKE
No. No. That's not true!
That's impossible!

VADER
Search your feelings. You know
it to be true.

LUKE
No! No! No!



Neural models

* Basic idea: a user dialogue turn into a
response by the system.



Fncoder-decoder framework

Language modeling: predict a word given its left context

Conversation: predict a word given its left context

Machine translation: predict a word given its left context

Basic idea:
then

some context into a fixed vector; and
a new sentence from that embedding.
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Encoder-decoder framework

K-dimensional vector

representing entire context

<eQs>

> —>

X—> —» <

<—>» |—>N
—

T ]

Context
(Previous Sentences)

Reply

Condition on word generated in

Sutskever et al. (2015); reply
Vinyals and Le (2015)
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Training

* As in other RNNs, we can train by minimizing t
loss between what we predict at each time ste
and the truth.
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Training
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predicted
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truth
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1 0 0 0 0
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truth

predicted

fine great bad ok .

1 0 0 0 0
fine great bad ok .
0.13 0.08 0.01 0.03 0.009




Neural models

e Data: train on existing conversations

OpenSubtitles (movie conversations; 62M sentences/
923M tokens). . [Vinyals and Le 2015]

Movie scripts (Friends/Big Bang Theory: dyadic
interactions).

Twitter: minimum 3-turn conversations (context/
message/response); 24M sequences. [Li et al. 2016]

IT HelpDesk Troubleshooting data (30M tokens).
[Vinyals and Le 2015]



Human: hello !

Machine: hello !

Human: how are you ?

Machine: i 'm good .

Human: what ’s your name ?
Machine: 1 'm julia .

Human: when were you born ?
Machine: july 20th .

Human: what year were you born ?
Machine: 7977 .

Vinyals and Le 2015



Human: what is moral ?

Machine: what empowered humanity , what in-
tellectual the essence is .

Human: what is immoral ?

Machine: the fact that you have a child .
Human: what is morality ?

Machine: what is altruism ?

Human: what is the definition of altruism ?
Machine: if you don 't believe in god , then you

don 't know .

Human: ok ... so what is the definition of moral-
ity ?

Machine: well , the truth is , you 're not a be-
liever in god almighty .

Human: rell me the definition of morality , i am
quite upset now !

Machine: i ‘'m not ashamed of being a philoso-
pher !

Human: zell me the definition of morality .
Machine: i don 't have ethics .

Vinyals and Le 2015



Evaluation

How do we evaluate conversational agents?



Evaluation

. given a held-out dialogue response not
used In training, how surprised are we by the
words we see”?



Evaluation

. score: given a held-out dialogue response not
used In training, how closely does a generated
response match it (in terms of ngram overlap)?

* Not perfect because many responses are valid (unlike
iIN machine translation where the space of possible
translations for a fixed source is more constrained).



Evaluation

Human: What is the deepest spot on the world ?

* Human judgment: NCM: The pacific ocean.
- CB: What ?
human judges to !
' ' Human: Do you like Mexican food or Indian
evaluation WhI.Ch of o
two conversational NCM: T hate it.

CB: I love Mexican food.
agents they prefer

Human: Who are you crazy about ?
NCM: You’re the one who’s crazy.
CB: Who are you ?

Vinyals and Le (2015)



Personas

* WWe can model speaker-specific information (
dialect, register, age, gender) to generate
conversations under different personas

* Model this in a seg2seq model by conditioning on
a k-dimensional representation of the user during
generation.
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Personas

* People also vary their dialogue according to the

* Model this in a seg2seg model by linearly
combining user representation for speaker and
addressee and conditioning response on that

vector.



message Where 1s your hometown”?
baseline 1 was born in Canada.

user] T'm from England.

user2 1'm from Manchester.

user3 1’m from Liverpool.

user4 England. You?

userd My hometown.

user6 I'm from Texas.

user7 [1’'m from LA.

user8 England.

user9 1was born here,
userl0 1 was born in the us.

message What company do you work for?

baseline 1 work for a company.

user{ 1don’t have a job.
user2 1'm a manager.

user3 I'm working. #
user4 1 work for a company.
user> I'm working. #
user6 Customer service.
user7 1 work in retail.

user8 I workin a cafe.

user9 1 work at a gas station.
userlQ 1don’t know #



Reinforcement learning

What are you doing?

[ don’t know. —1.09 Get out of here.

[ don’t know! —1.09 I’'m going home.
Nothing. —1.09 Oh my god!

Get out of the way. —1.10 I’m talking to you.

what 1s your name?

I don’t know.
I don’t know!
I don’t know, sir.

—1.535 My name is Robert.
—1.58 My name is John.

¢ Seg2seq models Input
are trained to o
maximize ~1.06
—1.09

P(target | source) Laput
—0:92

—(.92

e This can prefer —0.97
common stock s
ohrases that are :}?g

lIkely In any

—1.17

Oh, my god! —1.59 My name’s John.
How old are you?

[ don’t know.

I’m fine. —1.64 Twenty-five.

[’'m all right. —1.66 Five.

['m not sure. —1.71 Eight.

situation.



Baseline mutual information model (Li et al. 2015)

Proposed reinforcement learning model

A: Where are you going? (1)

B: I’'m going to the restroom. (2)
A: See you later. (3)

B: See you later. (4)

A: See you later. (5)

B: See you later. (6)

A: Where are you going? (1)

B: I'm going to the police station. (2)

A: I'll come with you. (3)

B: No, no, no, no, you're not going anywhere. (4)
A: Why? (5)

B: I need you to stay here. (6)

A: I don’t know what you are talking about. (7)

A: how old are you? (1)

B:I'm 16. (2)

A: 16?7 (3)

B: I don’t know what you are talking about. (4)
A: You don’t know what you are saying. (5)

B: I don’t know what you are talking about . (6)
A: You don’t know what you are saying. (7)

A: How old are you? (1)

B: I'm 16. Why are you asking? (2)

A I thought you were 12. (3)

B: What made you think so? (4)

A: I don’t know what you are talking about. (5)
B: You don’t know what you are saying. (6)

Li et al. (2016), "Deep Reinforcement Learning for Dialogue Generation" (EMNLP)



Reinforcement learning

* A dyadic conversation takes place between two
agents p and

* A conversation is a sequence of taken by
the agents according to a defined by a
seqg2seqg model.

* Parameters optimized to maximize the expected
future reward ( )



Successtul dialogue

* Ease of answering. A dialogue turn should be easy

to respond to. Operationalize: negative log
ikelihood of a “dull” response (“| don’t know what

you're talking about™; “| have no idea”).

* Information flow. Turns should add new
information. Operationalize: negative log of cosine
similarity between turns

e Semantic coherence: Turns should make sense
given the previous turns.



Successtul dialogue

Reward =

A [Ease of answering]
+ A2 [Information flow]
+ A3 [Semantic coherence]
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Team Names Model Summary

Lost in Conversation  Generative Transforrmer based on OpenAl GPT. Trained on
PrersoNA-ClAT (original+revised), DailyDialog and Reddit comments.

Iugging Face Pretrained generative Transformer (Billion Words + CoNLIL: 2012)
with transfer to PERSONA-CHAT.
Little Baby Profile-Encoded Multi-Turn Response Selection

via Multi-Grained Deep Match Network.

Modification of [9]: better model 4 data augmentation via translation.
Mohd Shadab Alam  Seq2Seq +— Highway model.

Glove + language model vector.

Transfer learning strategy for Seq2Seq tasks.
ADAPT Centre Bi-directional Attentive LSTM.

Pretrained via GloVe embeddings + Switchboard, Open Subtitles.

Teamn Names Engagingness (1-4) Persona Detection ((0-1)
l. Lost in Conversation 3.11 0.9
2. Hugging Face 2.68 0.98
3. Little Baby 244 0.79
4. Mohd Shadah Alam 2.33 0.93
5. Happy Minions 1.92 0.46
6. ADAPT Centre 1.6 0.93
Human 348 (.96
KV Profile Memory (Baseline) 2.44 0.76

Dinan et al. (2019), “The Second Conversational Intelligence Challenge (ConvAl2)”



Data

* Opensubtitles 2018
http://opus.nipl.eu/OpenSubtitles2018.php



