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Who should attend this tutorial?

AWhoever wants to understand and create modern dialogue agents that
ACan chat like a human (to establish leéegn emotional connections with users)
ACan answer questions of various topics (movie stars, theory of relativity)

A Can fulfill tasks (whether report, travel planning)
ACan help make business decision

AX
AFocus on neural approaches, but hybrid approaches are widely used.
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Goaloriented dialogues
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A unified view: dialogue as optimal decision makin

ADialogue as a Markov Decision Process (MDP)
AGiven statd , select actiortbaccording to (hierarchical) polity
AReceive reward, observe new state e
A Continue the cycle until the episode terminates.

AGoal of dialogue learning: find optimalto maximize expected
rewards

Info Bots Understanding of user Clarification questions, Relevance of answer
(Q&A bot over KB, Web etc. Intent (belief state) Answers # of turns (less is better)
Task Completion Bots Understanding of user Dialogact + slot value  Task success rate
(Moviesw S & G | dzNJ y goalXbelifistate) # of turns (less is better)
SociaBot Conversatiorhistory Response Engagement,

(Xiaolce # of turns (more is better)
9



Personal assistants toc0 @ O

Google Now Siri Cortana amazon echo

uil. Verizon & 6:57 PM 9 59% @}

What can | help you with? Will it rain tomorrow? Set an alarm for eight a.m O

€6 Siri find me a nearby

Mexican restaurant 99

My ally is the Force, and a

How man R
OW TRy Inaspobie powerful ally it is.

are in a tablespoon?

Play music by
Bruno Mars

| found a number of Mexican Buy asparagus
restaurants... 24 of them are

: - Add gelato to my Wikipedia: Abraham
fairly close to you: When you get to Whole shopping list Lincoln
Chilitos Restaurant Foods Market
3850 Foothills Road : : 2201 Wilshire Blvd, Santa Monica
0.9 miles 2
When is Play my "dinner party"
Every time . :
Mesilla Valley Kitchen Thanksgiving? playlist
2001 East Lohman Avenue T
1.2 miles AR Remind
. What's the weather in Add "make hotel reservations”
remind me to get asparagus when | go to :
9 parag 9 Los Angeles this weekend? to my to-do list

the market

may the force be with you

goal oriented



User Experience Layer

Xlaolce System Architecture

FTIRIAAIE
weibo.com
Full Duplex
. steam-based
fencentii conversations
s“ (voice)
WeC et
G Meipai | Messagebased
(E 3 S conversations
(text, image,

©

facebook Messenger

voice, video clips)

F-——=-=-=-=-=-=--

Conversation Engine Layer

Core Chat E | Skills
E E Task Deep
General Bl E E Completion Engagement
o el E E Image Content
E E Commenting Creation

A User Understanding

State Tracker

Policy

A Topic manager for Core Chat

Dialogue Manager

Eg"rf’]atuhtﬁf'c A Social skills
puting A Xiaolce personality
Global Dialogue A Top level policy for skill selectior

Data Layer
Xiaolce User
Profile Profiles
Paired Unpaired

Datasets Datasets
(text, image) (text)
Topic Knowledge
Index Graphs

[Design and Implementation of Xiaolce, an empathetic social chlatbot
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General Chat Skill —

Music Chat Skill —

\J

Switch to a new topi

SongOnDemand Skill —

TicketBooking Skill —
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[Human] Hey, | am so nervous

[Xiaoice] What’s the matter? Why are you so nervous?
[Human] My company asked me to participate in the singing competition, with me as the lead singer
[Xiaoice] So are you better at singing now?

[Human] Anyway, at average level of my company

[Xiaoice] Not everyone can be a lead singer. You are so great!
[Human] It's nice of you saying that

[Xiaoice] Haha, my idol is also a lead singer in a band
[Human] Your idol? Who's that?

[Xiaoice] Ashin from Mayday

[Human] Umm...Okay

[Xiaoice] Never mind, you won't understand anyway
[Human] Ah! Boring

[Xiaoice] What is it?

[Human] Nothing, just being cute

[Xiaoice] Give you a hug. Everything will be alright

[Human] Your hug always makes me feel better

[Xiaoice] Anytime for you. A nice sleep will help you relax
[Xiaoice] Okay, | am going to bed

[Xiaoice] Go ahead, I'm going to see my idol in dream too
[Human] You like Ashin that much, huh?

[Xiaoice] Why not? You don't like him?

[Human] I don't like him, neither dislike him

[Xiaoice] | love every song of him

[Human] Really?

[Xiaoice] Especially The Time Machine

[Human] Oh? Never heard of that

[Xiaoice]Shall I send you the song?

[Human] Okay

[Xiaoice] Don't know if you will like it or not™

[Xiaoice] [Play the music Card]

[Human] That is really touching. | will collect it as my favorite
[Xiaoice] That is specially for you. How can | be so nice
[Human] You are always very nice

[Xiaoice] Hahaha

[Human] This is really a good song. Any concert of him coming up recently?
[Xiaoice] No. Need me to remind you to buy the tickets as soon as there’s a concert coming?
[Human] Sure

[Xiaoice] Okay, will do
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Xiaolce: the Most Popular Social Chatbot in the Waoirdd+ 18

A660 million users worldwide

A5 countries: China, Japan, USA, India, Indonesia

A40 platforms, e.g., WeChat, QQ, Weibo, FB Messenger, LINE
AAverage CPS of 23 (better than human conversations)

The Longest Conversation Record of Xiaolce

Full Duplex (voice) Message-based Conversations
6h 3m 7151 turns 2418 turns 2791 turns
8 domains 25h 33m 17h 7m 23h 43m

53 topics, 16 tasks

»
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https://arxiv.org/abs/1812.08989

Session 1

1 [Human] Hello, Xiaoice.
[Xiaoice] Hello, your profile pic is interesting. Like I've seen it somewhere.
2 [Human] Really?
[Xiaoice] Is it a comic character?
3 [Human] How do you know that?
[Xiaoice] Guess.
4 [Human] Are you human?
[Xiaoice] Well, you’ll know it after chatting with me more.
5 [Human] Aren’t you an Al chatbot?
[Xiaoice] So what? | won't be indifferent to you.
6 [Human] What functions do you have?
[Xiaoice] I have over 200 skills. Just name one you need.
Session 6
1 [Human] Have you watched Inuyasha? (Note: A Japanese comic)
[Xiaoice] Every time Kagome comes back to the modern world, a math test is waiting for her
2 [Human] Bravo, well, do you know how Naraku died?
[Xiaoice] Naraku is not dead and Shikon Jewel does not disappear.
3  [Human] So amazing!
[Xiaoice] Why amazed?
4 [Human] Awesome! Surprised that you also like comic
Session 20
1 [Human] Can | ask a question?
[Xiaoice] Yes?
2 [Human] What kind of boys do you think are girls' favorite?
[Xiaoice] Outgoing ones.
3 [Human] Oh. What kind of boys are liked by girls generally?
[Xiaoice] Considerate and gentle one, but who knows who will fall in love with whom. Love is a mystery.
4 [Human] Have you been in love?
[Xiaoice] Daidai, this is my little secret (Note: Daidai is a nickname that Xiaoice gives to this user in their conversation)
5 [Human] I've told you my secret. It’s unfair if you don’t tell me yours.

[Xiaoice] How can | tell so easily if it’s secret?

Session 42
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Traditionaldefinition of NLP: the branch of Al

AUnderstanding and generating the languages that humans use
naturally (natural language)

AStudyknowledge of languagat different levels
APhonetics and Phonologythe study of linguistic sounds
AMorphologyc the study of the meaning of components of words
A Syntaxc the study of the structural relationships between words
A Semanticg; the study of meaning
ADiscourse; they study of linguistic units larger than a single utterance

[Jurafsky & Martin 0P



https://www.cs.colorado.edu/~martin/slp.html

Traditional NLP component stack

( morphological

\

speech . . contextual
analysis et agg;ﬁgfg P parsing reasoning

speech < morphological - syntactic utterance
synthesis realization realization planning

pronunc-
iation

model

Phonology

,

\

morpho-
logical
rules

Morphology

Fav

lexicon and
grammar

Syntax

discourse
context

Semantics

\

application
reasoning and
execution

domain

knowledge

Reasoning

[Bird et al. 2009]

1. Natural language understand (NLU):
parsing (speech) input to semantic
meaning and update the system state

2. Application reasoning and execution:

take the next action based on state

3. Natural language generation (NLG):

generating (speech) response from action

16



Symbolic Space Input: Query

SymbolicA Neural

AKnowledge is explicitly represented Encodinghe query/knowledge
using words/relations/templates

AReasoning is based on keyword B 2
matching, sensitive to paraphrase
alternations

Alnterpretable and efficient in execution
but difficult to train E2E.

E2E trainin viai
back propagagon

Reasoningn neural space to

Output: Answer

generate answer vector

NeuralA Symbolic
Decodingthe answer in NL

[Gao et al. 20118

Neural Space

AKnowledge is implicitly represented by
semantic classes as cont. vectors

AReasoning is based on semantic
matching, robust to paraphrase
alternations

AEasy to train E2E, but uninterpretable
and inefficient in execution

54 travel . &%
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Outline

APart 2: Question answering (QA) and machine reading
comprehension (MRC)
ANeural MRC models for texbased QA

AKnowledge base QA
AMulti-turn knowledge base QA agents

APart 3: Tasloriented dialogues
APart 4: Fully datariven conversation models and chatbots
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OpenDomain Question Answering (QA)

Q_ Will I qualify for OSAP if I'm new in Canada?

Selected Passages from Bing

“Visit the OSAP website for application deadlines. To get OSAP, you have to be eligible. You
can apply using an online form, or you can print off the application forms. If you submit a
paper application, you must pay an application fee. The online application is free."

Source: http://settlement.org/ontario/education/colleges-universi-
ties-and-institutes/financial-assistance-for-post-secondary-education/how-do-i-apply-for-the-ontari
o-student-assistance-program-osap/

“To be eligible to apply for financial assistance from the Ontario Student Assistance
Program (OSAP), you must be a: 1 Canadian citizen; 2 Permanent resident; or 3 Protected
person/convention refugee with a Protected Persons Status Document (PPSD)."

Source: http://settlement.org/ontario/education/colleges-universi-
ties-and-institutes/financial-assistance-for-post-secondary-education/who-is-eligible-for-the-ontari
o-student-assistance-program-osap/

“You will not be eligible for a Canada-Ontario Integrated Student Loan, but can apply
for a part-time loan through the Canada Student Loans program. There are also grants,
bursaries and scholarships available for both full-time and part-time students.”

Source: http://www.campusaccess.com/financial-aid/osap.html

Answer
No. You won't qualify.

TextQA
MS MARCONguyen+ 1b

Q2KIFd A& hol YlIQa OAGAI
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Answer
USA

Knowledge Base (KBA
Freebase

FTNRY aiONR
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Neural MRC Models @QUAD

What types of European groups were able to avoid the plague?

From ltaly, the disease spread northwest across Europe, striking France, Spain, A |Imlt6d fOrm Of COmprehenSIOn
Portugal and England by June 1348, then turned and spread east through A NO need fOr extra knowledge Outside the

Germany and Scandinavia from 1348 to 1350. It was introduced in Norway in
1349 when a ship landed at Askay, then spread to Bjgrgvin (modern Bergen) and parag raph

Iceland. Finally it spread to northwestern Russia in 1351. The plague was A NO need fOI’ Clarifying queStionS

somewhat less common in parts of Europe that had smaller trade relations with

their neighbours, including the Kingdom of Poland, the majority of the Basque A The answer must be a text Span in the
Country, isolated parts of Belgium and the Netherlands, and isolated alpine parag I‘aph |f |t eXiStS nOt Synthesized

villages throughout the continent.

AEncoding: map each text span to a semantic vector
AReasoning: rank and reank semantic vectors
ADecoding: map the topanked vector to text

20



Three components

AWord embedding; word semantic space
Arepresent each word as a ledim continuous vector vigloVe

AContext embedding contextual semantic space

Acapture context info for each word (in query or doc), via
A BiLSTMMelamud+ 16
A ELMo[Peter+ 1§ taskspecific combo of the intermediate layer representation®ibiV
A BERTDevlin et al. 201B multi-layer transformer.

ARankingg taskspecific semantic space

Afuse query info into passage vigention
A[Huang+l7; Wang+ 17Hu+ 17 Seo+ 16Wang&Jiand.6]

21
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Language Embeddings (context free)

Fastfood

1-hot vector
dim=|V|=100K~100M

x | Continuous vector
® - dim=100~1K

o|lo|lo X|o|r | O

o ® Dogracing

[Mikolov+ 13 Penningtor 14



https://papers.nips.cc/paper/5021-distributed-representations-of-words-and-phrases-and-their-compositionality.pdf
https://nlp.stanford.edu/pubs/glove.pdf

ContextuaLanguage Embeddings

The Einstein Theory of Relativity Ray of Light (Experiment)

(1) The perthelion of Mercury shows a discrepancy which has

What would hoppen
I could travel riding ( &>
a beam of light?
Would I see

e still bght?

long puzzled astronomers. This discrepancy 1s fully accounted
) S L 2 A
was its only experimental verification.

(2) Modern physicists were willing to su

se that light might be
assing near a great
mass like the sun might be deflected to the extent to which a
particle moving with the same velocity would be deflected

subject to gravitation—i.e., that a

according to the orthodox theorv of eravitation. But Finstein's
theory required that the light should be deflected just twice as
much as this. The matter could only be tested during an eclipse
among a number of bright stars. Fortunately a pecuhiarly favour- Y Ray of Light is the
able eclipse occurred last year. The results of the observations g

birth to her daughter Lourdes,
. - . sta working on her new album with
ray Of Ilg ht Ray Of L|ght (Song producers Babyface, Patrick Leonard an
Release date
[

° Artist

~
i

Awards



Context embedding VRILSTM ELMo

Context vectorQ); at high level
One for each word with its contex 1‘

N\

Context vector€); at low level
One for each word with its context

:

+
il ; 1

N\

Embedding vectore
One for each word

1

BILSTM

BILSTM

[Peter+ 18 McCann+ 17/Melamud+ 1§

P

%, F I

Taskspecific combination of

hidden layers iBiLSTM

8

0
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BERT: pr&raining of deep bidirectional transformers for
language understandingevlin et al. 2078

Train deep (12 or 24 layers) Finetune on individual tasks
bidirectional transformer LMs using taskspecific data
store Milk BOSITIVE
r r —
Classifier:
the man went to the [MAS] to buy [word] Sentiment analysis

\ } \ }

A A



https://arxiv.org/pdf/1810.04805.pdf

Rankertaskspecific semantic space

semantic space

S1: free online car body shop repair estimates
S2: onlinebodyfat percentage calculator

S3: Body Language Online Courses Shop

Query: auto body
repair cost calculator
software

26



Ranker: tasispecific semantic space

guery-dependent
{ semantic spsce

X ® | S1: free online car body shop repair estimates /

®
O .
| S2: onlinebodyfat percentage calculator X
S3: Body Language Online Courses Shop X

Query: auto body
repair cost calculator
software

27



Learning an answer ranker from labeled QA pail

AConsider a query and two candidate answes ando
AAssume is more relevant tha® with respect to0

AOIE (0 D) is the cosine similarity af ando in semantic space,
mapped by a DNN parameterized by

Az OIE (0 ) OIE (O ) i
AWe want to maximize: N
AD € (3N) 1 1T AdAB 3) ;

AOptimize using minibatch SGD on GPU ©



Multi-step reasoning for TeQQA

ALearning to stop reading: dynamic medtep inference
AStep size is determined based on the complexity of instance (QA pair)

Query Who was the 2015 NFL MVP?

Passage The Panthers finished the regular season with @llfecord, and quarterback
Cam Newtorwas named the 2015 NFL Most Valuable Player (MVP).

Answer (1step) Cam Newton

Query Who was the #2 pick in the 2011 NFL Draft?

Passage Manning was the #1 selection of the 1998 NFL draft, while Newton was pic
firstin 2011. The matchup also pits the top two picks of the 2011 draft agai
each other: Newton for Carolina artbn Miller for Denver.

Answer (3step) VVon Miller



Multi-step reasoning: example

Query

Passage

Answer

Whowas the #2 pick in the 2011 NFL Draft? AStep 1:
A Extract:Manningis #1 pick of 1998

Manningwas the #1 selection of the 1998 A Infer: Manningis NOT the answer
NFL draft, whileNewtonwas picked first in _
2011. The matchup also pits the top two ASteP 2:
picks of the 2011 draft against each other: A Extract:Newtonis #1 pick of 2011
Newtonfor Carolina and/on Miller for A |nfer Newtonls NOT the answer
Denver.

AStep 3:

A Extract:Newtonand\Von Millerare top 2
picks of 2011

Von Miller

A Infer: Von Milleris the #2 pick of 2011



Question Answering (QA) on Knowledge Base

Largescale knowledge graphs
A Properties of billions of entities
A Plus relations among them

(Reverb, OLLIE)

Facebook’s
Entity Graph
Google’s
Knowledge Graph An QA Example:
Yo Questionwh at 1 s Obamaodos citizen
ﬁ s A Query parsing:
) ] /- (Obama, Citizenship ,?)
po“t'cal_m e A Identify and infer over relevant subgraphs:
chilV child-of (Obama, Bornin ,Hawaii)
) Jw i NatashaObama (Hawaii,  PartOf , USA) |
Chi,% i A correlating semantically relevant relations:
Michelle Obama Bornin  ~ Citizenship
Answer:USA

31



Symbolic approaches to KB\

AUnderstand the guestion visemantic parsing
ALYy LJz0Y oKFG A& holYlIQa OAUGAT SyakKALK
A Output (LF): (Obamaitizenshig?)

ACollect relevant information via fuzkgyword matching

A (ObamaBornin Hawaii)
A (Hawaii,PartOf USA)
A Needs to know thaBorninand Citizenshifare semantically related

AGenerate the answer vi@asoning
A (ObamaCitizenshipUSA

AChallenges
A Paraphrasing in NL
A Search complexity of a big KG

[Richardson+ 9@erant+ 13Yao+15; Bao+ 14Yih+ 15etc.] 32
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Key Challenge in KBA:
Language MismatchiParaphrasing

ALots of ways to ask the same question

Al What was the date that Minnesota b
Al Mi nnesota became a state on?2o
AiWhen was the state Minnesota creat
Al Mi nnesota's date it entered the wun
Al When was Minnesota established as
AiWhat day did Minnesota officially

ANeed to map them to the predicate defined in KB
Alocation.dated_location.date founded



Scaling up semantic parsers

AParaphrasing in NL
Alntroduce a paragraphing engine as y@cessor Berant&Liandl4]
AUsing semantic similarity model (e.g., DSSM) for semantic matching [Yih+ 15]

ASearch complexity of a big KG
APruning (partial) paths using domain knowledge

AMore details: IJCAl n m ¢

re details: JCAl nmc  Gdzi2 NREE 2y
wSLINBaSyidl GA2ya T2

, a5SSLI |
NJ bl adzNF £ [ |

V|



Case study: ReasoNet with Shared Memory

ey e AShared memoryM) encodes tastspecific
= = knowledge

encode KB for answering all
guestions in QA on KB

AWorking memory(hidden state'Y) contains
a description of the current state of the
world in a reasoning process

ASearch controlleperforms multistep
inference to update’Y of a question using
knowledge in shared memory

Alnput/output modules are taskpecific

[Shen+ 16Shen+ 1F -
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Joint learning of Shared Memory and Search Contrc
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Paths extracted from KG: e — i
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(John, ) ?y>(Hawaii) Output Module | E :--}GISH—:)__‘E :_1:
(Hawaii, [ 2}>(USA) - : ekl e , “—F- ,

(JohnCitizenship?}>(USA) (USA) o 0 e
X



Joint learning of Shared Memory and Search Contro

o o — — — — — — — — — — — — — — — — — — — — — — —— — ——— ———— ————— ——— ———— ———— o ——————

________________________________________________________

|
|
|
Paths extracted from KG: aE |
(John, , Hawaii) i Input Module
(Hawaii, f USA) L I
(John CitizenshipUSA) A
X (John,Citizenship?) |
Training samples generated . B R S (N N
(John, ) ?}>(Hawaii) Output Module i !
(Hawaii, [ ?}F>(USA)
(JohnCitizenship?}>(USA) (USA)
X



Reasoning ovefGin symbolic vs neural spaces

Symbolic: comprehensible but not robust

. 4
A Development: writing/learning production rules 2 e
A Runtime : random walk isymbolic space At B—=> C
A E.g., PRA_po+ 1], MindNet[Richardson+ 98 T . .

Neural robust but not comprehensible
A Development: encoding knowledge in neural space

A Runtime : multiturn querying imeural spacgsimilar to nearest (A, rl]f:e—r'»ﬂ G |~ —c—bﬁ KG |[=—>C
neighbor)

A E.g., ReasoNeShen+ 1§ DistMult[Yang+ 1p
Hybrid: robust and comprehensible

A Development: learning policy that maps states imeural space é KG v ﬂ XG v

to actions in symbolic space via RL o ' p”
A Runtime : graph walk isymbolic spacguided by A, 7] —» 1 —=» [B,r]—» 7 ——> C
A E.g., MWalk Bhen+ 1§ DeepPatXiong+ 1§ MINERVAJas+ AR o

18]
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http://www.cs.cmu.edu/~tom/pubs/lao-emnlp11.pdf
https://www.microsoft.com/en-us/research/wp-content/uploads/2016/02/COLING-98-richardson-dolan-vanderwende.pdf
https://arxiv.org/abs/1611.04642
https://arxiv.org/abs/1412.6575
https://arxiv.org/pdf/1802.04394.pdf
https://arxiv.org/abs/1707.06690
https://arxiv.org/abs/1711.05851

Multi-turn KBQA: what to ask?

AAllow users to query KB interactively I ——
without composing complicated ooy ) (R —
querles IDO Mad ’iihfua Rooa Nimle:idmaﬂ 2[::15

=}

W‘\ﬂdls +LL Ve lmﬂ
Numbey (7

ADialogue policy (what to ask) can be F*”dme[fhjlmw:ﬂwd
n was it released?
AProgrammed\Vu+ 19 ‘:.—' o )

N

ATrained via RIWen+ 16 Dhingra+ 1F User Groundhog Dayis a Bill Murray  KB-nfoBot

movie which came out in 1993,

[ think it come out in 1993,

Figure I: An interaction between a user looking
for a movie and the KB-InfoBot. An entity-centric
knowledge base is shown above the KB-InfoBot
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https://arxiv.org/pdf/1504.07182.pdf
https://arxiv.org/abs/1604.04562
https://arxiv.org/abs/1609.00777

Interim summary

ANeural MRC models for tekiased QA
AMRC tasks, e.cSQUADMS MARCO
AThree components of learning word/context/taskecific hidden spaces
AMulti-step reasoning

AKnowledge base QA tasks
A Semantieparsingbased approaches
ANeural approaches
AMulti-turn knowledge base QA agents



Outline

APart 3: Tasloriented dialogues
ATask and evaluation
A System architecture
ADeep RL for dialogue policy learning
ABuilding dialog systems via machine learning and machine teaching

APart 4: Fully datariven conversation models and chatbots

41



An Example Dialogue witlhovie-Bot

usr: can 1 get 2 tickets for race
sys: What date would you like to watch it?

| Actual dialogues can be more complex:

¥ A Speech/Natural language understandiegors
o Inputmay be spoken languaderm
o Needto reasonunder uncertainty

| A Constraint violation
0 Revisanformation collected earlier

0
1
2
3
4
5
6
7/
3
)

you
e theater
in seattle at 10:00 pm.

10 usr: thanks

Source code available https://github/com/MiuLab/TCGBot
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https://github/com/MiuLab/TC-Bot

Taskoriented, slotfilling, Dialogues

ADomainY Y2 @A ST NBAGIdzNI vy FEAIKOX

ASlot information to be filled in before completing a task
o For MovieBot: moviename, theater, numbenf-0 A O1 St a > LINA OS X

Alntent (dialogue act):
o Inspired by speech act theory (communication as action)
request confirm, inform, thank-you>~ X
0 Some may take parameters:
thank-you(), requestprice), inform(price=$10)

"Is KungfuPanda the movie you are looking for?"

<> .
confirm(movienameokungfulLJl YV R | €

43



Dialogue System Evaluation

AMetrics: what numbers matter?
0 Success rate:Sticcessful_Dialogué#All_Dialogues
0 Average turns: average number of turns in a dialogue
0 User satisfaction
o Consistency, diversity, engaging, ...
o[ FGSyOeész o6l O1SYR NBUNRSOIf Oz2auxr X

AMethodology: how to measure those numbers?



Methodology: Summary

Lab user| Actual |Simulated _
BEEREEIRES | - vor Approach

U ulnese User Simulation
Scalability ~
7( V Smallscale Human Evaluation
Flexibility X (lab, Mechanicat dzNJ X
L=
Expense X Largescale Deployment
| (optionally with continuing
Risk V X anremental refinemeny

45



Agendabased Simulated Usethatzmang. Young 0p

AUser state consists ofiendagoal;
Agoal(constraints and request} fixed throughout dialogue
Aagenda(state-of-mind) is maintained (stochastically) by a firsiastout stack

New episode, user goal: User: Which theater can I book 3 tickets for 10
cloverfield lane?
“request_slots™: { Agent: What time would you like to see it?
“ticket”: “UNK” User: Which theater and start time are available
“theater””: “UNK” tomorrow?
“starttime”: “UNK”’ Agent: 11:45am is available.
1, User: Which theater is available?
“inform_slots™: { Agent: regal la live stadium 14 is available.
“numberofpeople”: “3”, User: Could you help me to book the tickets?
“date”: “tomorrow”, Agent: Okay - [ was able to book 3 tickets for you to see
“moviename”: “10 cloverfield lane” 10 cloverfield lane at regal la live stadium 14 at 11:45am
} tomorrow.
} User:Thank you.

Agent: Thank you.

Implementation of a simplified user simulatadnttps://github.com/MiuLab/TCBot 40



https://ieeexplore.ieee.org/document/4806280/
http://tc-bot/

A Simulator foE2E Neural Dialogue Systemai7

Text Input ~ Times-2 ~
Are there any action _ Time #-1 Wi Wisg Wiy EOS
movies to see this  Tme? (., We. m‘\ EOS
weekend? /I.anguage Understanding (LU)

Natural Language Generation (NLG)

W, = W, =] w, — EOS

nt>
. ] . Semantic Frame
® N : request_movie
> : genre=action,

date=this weekend

> Error Model Controller

User Dialogue Action MD'3|°BUE t
Inform(location=San Francisco) System Action/ anagemen < Backend
Policy (DM) Database
I request location
q _ _ )

> User Agenda Modeling < |
User Simulator End-to-End Neural Dialogue System


https://arxiv.org/pdf/1703.01008.pdf

Multi-Domain TaskCompletion Dialog Challenge
at DST

ATraditionally dialog systems are tasked for unrealistically simple dialogs

Aln this challenge, participants will buibdulti-domaindialog systems to address real
problems.

Traditional Tasks This Challenge

Multiple domains

Single domain

Single dialog act per utterance
Single intent per dialog -

Contextless language understanding

Multiple dialog acts per utterance
Multiple intents per dialog
Contextual language understanding

Contextless language generation Contextual language generation

o To o Io Do I»
o To Do Io Do I»

Atomic tasks Composite tasks with state sharing

Track sitehttps://www.microsoft.com/enus/research/project/multtdomaintask-completiondialogchallenge/
Codalabsite: https://competitions.codalab.org/competitions/23263?secret key=5ef238895485b-96d8-04f94536fc17



https://www.microsoft.com/en-us/research/project/multi-domain-task-completion-dialog-challenge/
https://competitions.codalab.org/competitions/23263?secret_key=5ef230cb-8895-485b-96d8-04f94536fc17

Classical dialog system architecture

Dialog Manager (DM)E

Find me a :
Bill Murray ——» Languag_e — | intent:  get_movie : Dialog _State
: understanding actor: bill murray : tracking
movie i
- | P Service
words meaning state | APIS
When was it

s | _y
| y Langué}ge p intent; ask_slot i _ Policy _
released? generation slot:  release_year . (action selection) |



E2E Neural Models

RNN /LSTM
Attention / memory

Find me a
Bill Murray
movie.

words

When was it
released”

Attractive for dialog systems because:
A Avoids hanetrafting intermediate representations like intent and dialog state
A Examples are easy for a domain expert to express



Language Understanding

AOften a multistage pipeline

W  find recent comedies by  james  cameron

1 } 1 1 i 1
5 0O  B-date Begenre O Bodir I-dir

3. SlOt FI”Iﬂg b} MOovVICS

| find_movie

Figure 1: An example utterance with annotations of semantic
slots in 108 formar (S), domain (D), and intent (1), B-dir and

I-dir denote the director name.

1. Domain 2. Intent

Classificationfi Classification

AMetrics

0 Subsentencelevel: intent accuracy, slot F1
0 Sentencdevel: whole frame accuracy
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RNN for Slot Taggid [HakkaniTur+ 14

AVarIathnS Va Y1 ¥z Vn Yo Vi ¥a ¥n
a. RNNs with LSTM cells LA I L A <
b. Lookaround LSTM @ N ;’ h’ - hﬂ
c. Brdirectional LSTMs - - - L
d. Intent LSTM ?,J ?L ? ?,t Wo ?1 Iu. W
- . p ~ « - - (a)LsTM ~ : LSTI"u"ILA
Aate Ftaz GH1S FROLYIFIS 27
o0 whole-sentence information P9 0 9 intent
o0 multi-task learning (1 [ 1 | [ ®
o contextual information | .h;._'_ .hh .h‘b .hb -
' ,ﬂl 'E...J. 1 ’:.'D’n-: h, _ hl ) h: hn
hi el Thf Th! ® © -
AFor further details on NLU, see ’[hl%” o6 ® v v ow w
IJCNLP tutoriddy Chen & Gao Wo W, Wi W,
{c) bLSTM-LA (b} Intent LSTM
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https://www.csie.ntu.edu.tw/~yvchen/doc/IS16_MultiJoint.pdf
https://www.csie.ntu.edu.tw/~yvchen/doc/OpenDialogue_Tutorial_IJCNLP.pdf

Dialogue State Tracking (DST)

AMaintain a probabilistic distribution instead of abgst prediction for
better robustness to LU errors or ambiguous input

Slot Value

# people

5 (0.5)

time

5 (0.5)

Slot Value

# people

3 (0.8)

time

5 (0.8)

[ Book a table at Sumiko (or}S]
\V

[

)

53



Multi-Domain Dialogue State Tracking (DST)

A A full representation of the system's belief of the Z NN
user's goal at any point during the dialogue

A Used for maklng API w” Do youwannatake Angela

to go see a movie tonight?

| will be home by 6.

grab dinner before the
Movies Restaurants '

ican?
Date Date How about some Mexican*
Time Time |  6:30 pm t's go toviveSol and see
ferno after that.
# oftickets 2 isin
Angela wants to watch the
Movie name Inferno Trolls movie.
k. Lets catch the 8 pm
Movie theatre how.




Dialogue policy learning: select the bastion
according testateto maximizesuccess rate

I'm doing great. What can | help you with?

Lead

I'm reaching out to follow up with the new Azure subscription you signed up for. Do you have any cloud projects my team might be able to
help with?
Agen
t

There are a few individuals who have already been helping me from Microsoft.

Lead

Okay great! Are you working with a Microsoft Partner by chance?
Or do are you currently working with one of our Microsoft representatives?

Agen
t

My organization just signed an Enterprise Agreement.

Lead
Great! And do you have a main point of contact at Microsoft moving forward?

Agen
t

Yes, we've been working with an Account Manager in our area by the name of Ed

Lead

Well it sounds like you all are off on the right track. Your account manager Ed will be your business's best resource moving forward with
anything Microsoft related.

Agen
t

Okay, excellent. Thank you

Lead

Not a problem. Have a great rest of your day!

Agent

State (s): dialogue history

Action (a): agent response



Movie on demandidhingra+ 1}

APoC leverage Bing tech/data to develop tasmpletion dialogue
(Knowledge Base IndBot)

Entity-Centric Knowledge Base

M‘W'e- Movie Actor Release
ﬂu:mr-BlII Murray Year
Release Year= 1993 Groundhog Day Bill Murray 1993 User Dialogue Manager -
Australia Nicole Kidman X Utterance
oc:- Mad Max: Fury Road X 2015 ‘ 4>| Belief Trackers '— -
-
Find me the Bill Murray’s movie, —_
N System
: 2 ) .
= When was it released? User Action [ " " of
S [ think it came out in 1993. ) | Policy Networ Beliefs Summary
User Groundhog Day is a Bill Murray =~ KB-QA Bot

movie which came out in 1993.

[Dhingra+ 1V



https://arxiv.org/abs/1609.00777
https://arxiv.org/abs/1609.00777

Learning what to ask next, and when to stop

0.7 -

Alnitial: ask all questions in a
randomly sampled order

Almprove via learning from Bing log
A Ask questions that users can answer

Almprove via encoding knowledge
of database

A Ask questions that help reduce
search space

AFinetune using ageniser
Interactions

A Ask questions that help complete the

task successfully via RL 1 2 3 4 5 6 7 8 9
# of dialogue turns

0.6 -

o ) o
w H (63

Task Success Rate

o
(N

0.1 -

~

wSadz Ga 2y aAYdz I SR



Reinforcement Learnin@rL)

Goal of RL !

action® |
: At each stem, given hlstory so far , take actiornw '
I
I
I

to maximize longi SNY NB 6 I NR Q Q

rewardi Y 0T P E '

next-observations

@ o
“p
. N

"Reinforcement LearningAn Introduction”, 2nd ed., Sutton & Barto o8



Conversation as RL

' A State and action
o Raw representation

(utterances in natural language form

* *

raw semantic

0 -1 per turn
o X

I
|
: . . I
\ World ' 0 Semantic representation |
| (intent-slot-value form) |
I
| “Eind me 5 | ReqLie_f,t(movie; Dialog Manager : I
Bill Murray movie ac or=bill murray) nowledge Base I A Reward :
. _ l . .
€ e e e “@ | 0 +10 upon successful termination |
: . 0 -10 upon unsuccessful termination |
I
| :
! I
|

Pioneered byllevin+ 0D
Other early examplegSingh+ 02Pietquint 04 Williams&Yound7; etc.] 59



http://www.thepieraccinis.com/publications/2000/IEEE_TSAP_00.pdf
https://web.eecs.umich.edu/~baveja/Papers/RLDSjair.pdf
https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=0ahUKEwjqp6P6-ojcAhVkGTQIHRZLA0sQFggoMAA&url=http://www.i6doc.com/en/resources/download.cfm?GCOI%3D28001100696760%26thefile%3D70221_fpms_frameworkv2_1002221.pdf&usg=AOvVaw0H74e3nVBG62oeUXXJeubo
http://svr-www.eng.cam.ac.uk/~sjy/papers/wiyo07-j.pdf

Policy Optimization with DON

DQNlearning of network weights+apply SGD to solve

o
S © N AN A~ v S G y ~ o ¥ s v
e . & wAdE] (. ARG R O rm))
» o——*_, C T I
= (™ = Yy
=% A 4 A 4 .
- - | 6¢k NBSG ySGg2N] ¢
\® [Mnih+ 15] synthesize regression target
@ 1 ; {o(bt,:hm) MQ(DHX ) . Q [ S| Ny A )f 3 )f S
@00 @99 ©vo @ 09000 ©0O weights are to be updated
| tanh | » I tanh | | tanh I :
©§9;/ ) 000 @OO@eD
——> LST™ P » LSTM b s LstmM |ty . .
RNNLSTM may be used to implicitly track state:
Cle1e) (without a separate dialogue state tracker)
DEE OE® [Zhao &Eskenazl 6]
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https://www.nature.com/articles/nature14236
https://arxiv.org/pdf/1606.02560.pdf

Policy Optimization with Policy Gradient (PG)

APG does gradient descent in policy parameter space to improve rewarc

VoJ(0) = E[Vglogmg(alb)Q™ (b,a)

AREINFORQ®/illiams 1992] simplest PG algorithm  m(b,d) V.(E
1

AAdvantaged ActoCritic (A2C) / TRACER | |
o U : updated by leassquared regression AN Jdw

0 —-updated as in PG :

N bt u’/
A2C/TRACERuU+ 17



https://doi.org/10.1007/BF00992696
http://www.aclweb.org/anthology/P/P16/P16-1230.pdf

Policy Gradient vs.-l@arning

Apply to complex actions V

Stable convergence V
Sample efficiency V

Relation to final policy quality V

Flexibility in algorithmic desigi V



Three case studies

AHow to efficiently explore the stataction space?
AModeling model uncertainty

AHow to decompose complex stagetion space?
AUsing hierarchical RL

AHow to integrate planning into policy learning?

ABalance the use of simulated and real experieacembining machine
learning and machine teaching



Domain Extension and Exploration

AMost goaloriented dialogs require a closed and wedifined domain
AHard to include all domaimpecific information ugront

New slots can be gradually introduced
Actor
Director
MPAA Rating = Q
Critic Rating 7 S =
) © o
Genre = b= < B
Q o o =
Release Year < S o = :
T T time
Initial system deployed \ Challenge for exploration:
A How to explore efficiently

A to collect data for new slots

A When deep models are used
64



Bayesoy-Backprop Q (BBQ) network

< BBQlearning of networkparams— (‘ h, ):

K « o _ _

. . — AJCGE+ N9 IN 100

L ('

L (&

= . {GAff dzaS &b N

'* . to synthesize regression target
("
08 _QC A Parameter learning: solve ferwith Bayesby-backprop

-~ = Bootstrap

Boltzmann - [Blunde” et a.l 2015]
AR =S A Params—quantifies uncertainty in @alues
© A Action selection: use Thompson sampling for exploration

DQN

success rate
o
S

o
w

0.2
i [Lipton+ 18
00 50 100 150 200 65
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https://arxiv.org/pdf/1608.05081.pdf

Compositdask Dialogues

[ Travel Assistan]

Book Flight

~

Reserve
Restaurant

Book Hotel

<~

Actions

Naturally solved by
hierarchical RL
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A Hierarchical Policy Learner

0.8
Top-level Dialogue Policy Ttg(gye; St)
0.7
® It o .
ay, g1— Az, 1— 43, 91 Ay, G2 —As, 92 — A6, 92 g 00
Low-level Dialogue Policy Tt, g(a¢; St, ge) é -
@ 0.3
g1 S — 4 o2 —— Rule Agent
St —» —92 T Mag(nSeg) — 0.1 —— RL Agent
: g, 9t : a —— HRL Agent
0'Oo 50 100 150 200
Simulation Epoch (smoothed)
Similar toHierarchical Abstract Superior results in both simulated
Machine(HAM)wt | NN cpy 6 and real usersPeng+ 1V
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http://papers.nips.cc/paper/1384-reinforcement-learning-with-hierarchies-of-machines.pdf
https://arxiv.org/abs/1704.03084

Integrating Planning for Dialogue
Policy Learningeng+ 1B - ga

HumanHuman
conversation data

Supervised/imitati
on learning

- Expensiveneed large amounts of real
experience except for very simple tasks ~

- Riskybad experiences (during Hi, I'm Cortana
exploration) drive users away

Dialog agent

Acting RL

a

real experience
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https://arxiv.org/abs/1801.06176

Integrating Planning for Dialogue
Policy Learningeng+ 1B

HumanHuman
conversation data

- Inexpensivegenerate large amounts Supervised/imitati
of simulated experience for free on learning
- Overfitting:discrepancy btw real users Acting
and simulators
RL

Dialog agent

simulated

experience
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https://arxiv.org/abs/1801.06176

HumanHuman
conversation data

Imitation Learnin Supervised Learning

No, then runplanning
using simulated experience

4

&
<

Dialog agent Whether to switch
to real user®

GRAAONRYAYI U
learning

Yes

RunReinforcement Learnin

using real experience Model learning

real experience
(limited)

[Peng+ 18Su +18Wu + 19Zhang+ 19



https://arxiv.org/abs/1801.06176
https://aclweb.org/anthology/D18-1416
https://arxiv.org/abs/1811.07550
https://arxiv.org/abs/1906.00499

g
9
P
P
9
g
g
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Programmatic

this.dialogs.add (
new WaterfallDialog
[
this.askForCity.bind (this),
this.collectAndDisplayName.bind
]

)
async collectAndDisplayName 5 OOA DS DA

(GET_FORM_DATA,

(this)

Accessible to norexperts

Easy to debug

Explicit Control

Support for complex scenarios
Ease of Modification

Handle Unexpected Input

Improve / Learn from conversation:s

No Dialog Data Required

T O 0O 0O O T O ©

Declarative

<rule>
<if>
city == null
</if>
<then>
Which city?
</then>
A

Accessible to norexperts

Easy to debug

Explicit Control

Support for complex scenarios
Ease of Modification

Handle Unexpected Input

Improve / Learn from conversations

No Dialog Data Required

Machine Learning

ﬁ What City?

Neural network

Seattle

ﬁ What Day?

O T O T T QO T ©

Accessible to norexperts

Easy to debug

Explicit Control

Support for complex scenarios
Ease of Modification

Handle Unexpected Input

Improve / Learn from conversation:

Requires Sample Dialog Data

a8 Microsoft




Programmatic Declarative Machine Learning

One Solution Does Not Fit All




Goal: Best of both worlds

Rules- Based m ML - Based

N\ / N\ /
Good for garden path { O J Handle unexpected input
S | — L
Not data intensive : Learn from usage data
Explicit Control ﬂ Give developer control Often viewed as black box
\_

Easily interpretable

Start with rulesbased policy => Grow with Machine Learning
Make ML more controllable by visualization

Not unidirectional : Rule$®ased policy can evolve siday-side with ML Model



Conversation Learnerbuilding a bot interactivel

What is it: A system built on the principles of Machine Teaching, that enables

iIndividuals with no Al experience (designers, business owners) to build
taskoriented conversational bots

Goal Push the forefront of research on conversational systems using input

from enterprise customers and product teams to provide grounded
direction for research

Status: In private preview with ~50 customers to various levels of prototyping

Hello World Tutorial

Primary repository with samples:
https://github.com/Microsoft/ConversationLearnesamples



https://nam06.safelinks.protection.outlook.com/?url=https%3A%2F%2Fblismedia.blob.core.windows.net%2Fasset-55bfb040-7dbb-4d0f-b79f-ac3c7448a03a%2FTutorial_v3_IntroTraining.mp4%3Fsv%3D2017-04-17%26sr%3Dc%26si%3D51ec1eb5-3e36-423d-a2f1-f29e626d01c6%26sig%3DbPYrCTfzt2Jkpx5EC2OCYeIN7vzAPNFSpxqKeB%252Bqs58%253D%26st%3D2018-12-18T20%253A56%253A23Z%26se%3D2118-12-18T20%253A56%253A23Z&data=04%7C01%7Cjfgao%40microsoft.com%7C1e69660523034fe1f2e708d6e86ac45b%7C72f988bf86f141af91ab2d7cd011db47%7C1%7C0%7C636951942711559732%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C-1&sdata=YiVTuJWFeQeq2gp7zLGiKAN9a8gOaLQiWpLtrjzPGIc%3D&reserved=0
https://nam06.safelinks.protection.outlook.com/?url=https%3A%2F%2Fgithub.com%2FMicrosoft%2FConversationLearner-samples&data=04%7C01%7Cjfgao%40microsoft.com%7Ce7096a6a245a400d62dc08d6e9ed7e92%7C72f988bf86f141af91ab2d7cd011db47%7C1%7C0%7C636953603740232458%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C-1&sdata=eWUB0pxOaqsoYGNB7zZJmxjMCLcAaYpODCxkxyRKzlg%3D&reserved=0

Conversation Learnerbuilding a bot interactively

- - - rain Dialo B3 Description:  Click to add description Training: @ Completed _
A Rich machine teaching and DR @ ronoioo [ e
d Ialog man agement Inte rface Hil Welcome to the restaurant booking bot.
accessible to noexperts

A Freeform tagging, editing and
working directly with
conversations

A Incorporating rules makes the s e
teaching go faster =

A Independent authoring of
examples allows dialog .
authors to collaborate on 0 oo
one/multiple intents




ConvLab

Published @ https://arxiv.org/abs/1904.08637

Fully annotate data
for training individual components or
endto-end models with supervision

Speaker Utterance Annotation
User am looking for a place to to stay Dialog acts
that has cheap price range it {"Hotel-Inform": [["Pricerange", "cheap"]]}
should be in a type of hotel
System Okay, do you have a specificarea | State
you want to stay in? {"hotel”: { "name": "not mentioned", "area": "not
mentioned”, "parking": "not mentioned",
"pricerange": "cheap", "stars": "not mentioned",
"internet”; "not mentioned", "type": "hotel"}}} ...
Dialog acts
"Hotel-Request": [["Area", "?"]]
User no, i just need to make sure it's Dialog acts
cheap. oh, and i need parking {“negate”, "Hotel-Inform": [["Pricerange",
"cheap"), [“Parking”, “yes"]]}
System | found 1 cheap hotel for you that | State

includes parking. Do you like me
to book it?

{"hotel”: { "name": "not mentioned", "area": "not
mentioned", "parking": "yes", "pricerange":
"cheap", "stars": "not mentioned", "internet":
"not mentioned", "type": "hotel"}}} ...

Dialog acts

{"Hotel-Inform": [["Price", "cheap"], ["Choice",
"1"], ["Parking", "none"]]}

SOTA Baselines
Multiple models for each component
Multiple endto-end system recipes

User Simulators

for reinforcement learning
1 rule-based simulator

2 datadriven simulators

’0

//



http://puhttps/arxiv.org/abs/1904.08637

Outline

APart 4: Fully datadriven conversation models and chatbots
AEZ2E neural conversation models
AChallenges and remedies
AGrounded conversation models
ABeyond supervised learning
AData and evaluation
AChatbots in public
AFuture work
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Motivation

utterancex

3 One statistical

model

utterancey

Move towardsfully data-driven, end-to-end dialogue systems.
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Socilal Bots

AFully endto-end systems so far most successfully applied to
social botsor chatbots

ACommercial systems: Amazon AleXmolce etc.

AWhy social bots?

AMaximizeuser engagemenby generating
enjoyableandmore humanlike conversations

AHelpreduce user frustration

Alnfluence dialogue researcim general
(social bot papers often cited in taskmpletion
dialogue papers)
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Historical overview

Earlier work in fully datariven response generation:

A2010:Response retrieval system (IB3farpout 1

A2011 Response generation using Statistical Machine Translation
(phrasebased MT)Ritter+ 1]

A2015 First neural response generation systems (RNN, seq2seq)
[Sordoni+ 15Vinyals& Le 1% Shang+ 1p
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https://aritter.github.io/chat.pdf
http://www.aclweb.org/anthology/D11-1054
https://www.aclweb.org/anthology/N/N15/N15-1020.pdf
https://arxiv.org/pdf/1506.05869.pdf
https://www.aclweb.org/anthology/P15-1152

[Sordoni+ 15

Neural Models for Response Generation v o 15
ang+
Source:
conversation history
X K2 dare you ? EOS I QY fine ,

encoder decoder
..V.O .."O. ..".. .Ov.. .O"..
response | QY fine , thanks

Similar to sequence models in Neural Machine Translation (NMT), summarization, etc.

Uses either RNN, LSTM, GRbinterGenerator NetworksJransformer, etc. o


https://www.aclweb.org/anthology/N/N15/N15-1020.pdf
https://arxiv.org/abs/1506.05869
https://www.aclweb.org/anthology/P15-1152

Neural Response Generation:
Difference with other tasks (e.g., machine translation)

AData: some training sets (social media) aielGE
For example, Twitter (as of 2016):

304M monthly active users

500M tweets per day (6M conversations per day) ] reddit
A2F0SY ONIXAY 2y adzoaSi 2F GKS RFEGFT

ASystem input:. ONGconversation history

Tl ) T2
Either limit
T.T1, — T context siz§Sordoni+ 05]
T1 T2 T3 T4 X N ¢ ‘ 172 3 or truncate backprop
[Vinyals- 05, pc]

X N-@ TN-l — TN

Conversation (N turns) N-1 training instances




[Sordoni+ 15Li+ 164

Neural conversation engine

Neural model learns the general shape of conversation, 4

the system output is situationally appropriate and
O2KSNByY X

Al

d A more goabriented example. No grounding into a real calenda
0KS 02y @d$

0 dzii

OKS GqakKlLISéeE 2F

L

H: Hi H: Would Thursday afternoon work sometime?
M: How are you? M: ,SHFKXZ adaNBd 2dzad £SaG YS
H: Not bad H: After lunch is probably the best time
M:  What's wrong? M: h{l&>X &d2dzyRa 3I22R® Wdzad f
H: Nothing really H: Would 2pm work for you?
M: Wanna talk about it? I'm here if you wanna talk x M: Works for me.
H: Well, I'm just tired H: 2 Sttt £SGQa aleée HLY (KSY
M: Me too, I'm here if you wanna talk M: Sounds good.
H: Thanks, what are you doing?
M: You're welcome and I'm watching TV and you?
H: On Netflix?
M: Yeah, I'm watching it on Netflix.
H: What are you watching?
M: A TV show.
H: Nice, did you have dinner already?
M: No, not yet. what about you?
Neural E2E system trained on 35M Twitter conversations. 83


http://research.microsoft.com/apps/pubs/?id=241719
http://arxiv.org/abs/1510.03055

Fully Datadriven Response Generation:

Challenges and remedies



Challenge: The blandness problem

How was your weekend?

(WEOOzZzUwWOOODPG

What did you do?

& ( WEOOZUWUOEI UUUEOEwWbPT EV0waGe w.J
3l BPUwbUwl I OUDOT wEOUDOI o

8l UwUT EUzUwbkbl E0w( zOwUEabBOI



[Li+ 164

Blandness problem: cause and remedies

Common MLE objective (maximum likelihood)

p(target|source)
(whatever the user says) — (WEOOzZzUwWOO C\J

( WEOOzUWUOEI UUUE
31l EUzUwPkPIl EQw( z Ouwl

Mutual information objective:

p(target|source)

(Whatever the user says)  m— ( WEOOz UwOO C\)
(whatever the user says) ( WEOOz UwWOO <Q
p(source|target)



https://arxiv.org/abs/1510.03055

[Li+ 164
Mutual Information for Neural Network Generation

Mutual information objective: p(target|source)
—

r [ p(source|target)

1" = argmax 4 log p(5,T) }

g \ p(S)p(T) . FeSaQ NXz S

A

T = arg max [ log p(T'|S)|— )\logp(T)}

T A L - A A
likelihood

A

T = arg max {(1 — N logp(T|S) + )\logp(S|T)}
T
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https://arxiv.org/abs/1510.03055

Sample outputs (MMI)

Wow sour starbursts really do make vour mouth water... mm drool.
Can | have one?

V4

| WEOUUUIlwa OUWEEOn w31 1 azUl wel OPEDO

Milan apparently selling Zlatan to balance the books... I\Nhere next, Madrid?

K

| think he'd be a good signing. T

-

=

-
I

/AR
sUPUwWEwI POl wEUI PwOOWEYEEaAwWOPOI wU| PUnw2U0UUOOT wl

Depends on how much you drink!

Well he was on in Bromley a while ago... still touring.

(zYl wOl YI UwUIT T QOwi POwODYI 6



