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Outline

ÅPart 1: Introduction
ÅWho should attend this tutorial

ÅDialogue: what kinds of problem

ÅA unified view: dialogue as optimal decision making

ÅDeep learning leads to paradigm shift in NLP

ÅPart 2: Question answering and machine reading comprehension

ÅPart 3: Task-oriented dialogues

ÅPart 4: Fully data-driven conversation models and chatbots
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Who should attend this tutorial?

ÅWhoever wants to understand and create modern dialogue agents that
ÅCan chat like a human (to establish long-term emotional connections with users)

ÅCan answer questions of various topics (movie stars, theory of relativity)

ÅCan fulfill tasks (whether report, travel planning)

ÅCan help make business decision

ÅΧ

ÅFocus on neural approaches, but hybrid approaches are widely used.
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Aspirational Goal:
Enterprise Assistant

Where are sales lagging behind our 
forecast?

The worst region is [country], where sales 
are XX% below projections

Do you know why?

The forecast for [product] growth was 
overly optimistic

How can we turn this around?

Here are the 10 customers in [country] 
with the most growth potential, per our 

CRM model

Can you set up a meeting with the CTO of 
[company]?

¸ŜǎΣ LΩǾŜ ǎŜǘ ǳǇ ŀ ƳŜŜǘƛƴƎ ǿƛǘƘ ώǇŜǊǎƻƴ 
ƴŀƳŜϐ ŦƻǊ ƴŜȄǘ ƳƻƴǘƘ ǿƘŜƴ ȅƻǳΩǊŜ ƛƴ 

[location]

QA (decision support)

Task Completion

Info Consumption

Task Completion Thanks 5



άL ŀƳ ǎƳŀǊǘέ

άL ƘŀǾŜ ŀ ǉǳŜǎǘƛƻƴέ

άL ƴŜŜŘ ǘƻ ƎŜǘ ǘƘƛǎ ŘƻƴŜέ

ά²Ƙŀǘ ǎƘƻǳƭŘ L ŘƻΚέ

¢ǳǊƛƴƎ ¢Ŝǎǘ όάLέ ǘŀƭƪ ƭƛƪŜ ŀ ƘǳƳŀƴύ

Information consumption

Task completion

Decision support

What kinds of problems?
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άL ŀƳ ǎƳŀǊǘέ

άL ƘŀǾŜ ŀ ǉǳŜǎǘƛƻƴέ

άL ƴŜŜŘ ǘƻ ƎŜǘ ǘƘƛǎ ŘƻƴŜέ

ά²Ƙŀǘ ǎƘƻǳƭŘ L ŘƻΚέ

¢ǳǊƛƴƎ ¢Ŝǎǘ όάLέ ǘŀƭƪ ƭƛƪŜ ŀ ƘǳƳŀƴύ

Information consumption

Task completion

Decision support

What kinds of problems?

Goal-oriented dialogues
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DB

Dialog Systems

Understanding
(NLU)

State tracker

Generation
(NLG)

Dialog policy
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[Young+ 13; Tur & De Mori 11; Ritter+ 11; Sordoni+ 15; Vinyals& Le 15; Shang+ 15; etc.] 8
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A unified view: dialogue as optimal decision making

Dialogue State (s) Action (a) Reward (r)

Info Bots
(Q&A bot over KB, Web etc.)

Understanding of user 
Intent (belief state)

Clarification questions,
Answers

Relevance of answer
# of turns (less is better)

Task Completion Bots 
(Movies,wŜǎǘŀǳǊŀƴǘǎΣ Χύ

Understanding of user
goal (belief state) 

Dialogact + slot_value Task success rate
# of turns (less is better)

SocialBot 
(XiaoIce)

Conversationhistory Response Engagement, 
# of turns (more is better)

ÅDialogue as a Markov Decision Process (MDP)
ÅGiven state ί, select action ὥaccording to (hierarchical) policy “

ÅReceive reward ὶ, observe new state ίᴂ

ÅContinue the cycle until the episode terminates.

ÅGoal of dialogue learning: find optimal “to maximize expected 
rewards
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Personal assistants today

goal oriented Engaging (social bots)
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Dialogue Manager

General 
Chat 

Global 
State Tracker

Dialogue 
Policy

Full Duplex 
steam-based 
conversations

(voice)

Message-based 
conversations 
(text, image, 

voice, video clips)

XiaoIce 
Profile

User 
Profiles

Paired 
Datasets 

(text, image)

Unpaired 
Datasets 

(text)

Knowledge 
Graphs

Topic 
Index

User Experience Layer Conversation Engine Layer Data Layer 

SkillsCore Chat

Å User Understanding
Å Social skills
Å XiaoIce personality

Domain 
Chat 

Task 
Completion

Image 
Commenting

Deep 
Engagement

Content 
Creation

Empathetic 
Computing

ÅTop level policy for skill selection
ÅTopic manager for Core Chat

XiaoIce System Architecture

[Design and Implementation of XiaoIce, an empathetic social chatbot]

https://arxiv.org/abs/1812.08989


General Chat Skill

Music Chat Skill

Song-On-Demand Skill

Ticket-Booking Skill

Switch to a new topic



XiaoIce: the Most Popular Social Chatbot in the World [Zhou+ 18]

Å660 million users worldwide 

Å5 countries: China, Japan, USA, India, Indonesia

Å40 platforms, e.g., WeChat, QQ, Weibo, FB Messenger, LINE

ÅAverage CPS of 23 (better than human conversations)

https://arxiv.org/abs/1812.08989




Traditionaldefinition of NLP: the branch of AI

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

ÅStudy knowledge of languageat different levels
ÅPhonetics and Phonology ςthe study of linguistic sounds

ÅMorphology ςthe study of the meaning of components of words

ÅSyntax ςthe study of the structural relationships between words

ÅSemantics ςthe study of meaning

ÅDiscourse ςthey study of linguistic units larger than a single utterance 

[Jurafsky & Martin 09] 15
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Traditional NLP component stack

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

[Bird et al. 2009]
16



Symbolic ĄNeural 
Encodingthe query/knowledge

Neural Ą Symbolic 
Decoding the answer in NL
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Input: Query

Output: Answer

E2E training via 
back propagation

ÅKnowledge is explicitly represented 
using words/relations/templates
ÅReasoning is based on keyword 

matching, sensitive to paraphrase 
alternations
ÅInterpretable and efficient in execution 

but difficult to train E2E.

ÅKnowledge is implicitly represented by 
semantic classes as cont. vectors
ÅReasoning is based on semantic 

matching, robust to paraphrase 
alternations
ÅEasy to train E2E, but uninterpretable 

and inefficient in execution

Symbolic Space Neural Space

Errors

[Gao et al. 2018]

https://arxiv.org/pdf/1809.08267.pdf


Outline

ÅPart 1: Introduction

ÅPart 2: Question answering (QA) and machine reading 
comprehension (MRC)
ÅNeural MRC models for text-based QA

ÅKnowledge base QA

ÅMulti -turn knowledge base QA agents

ÅPart 3: Task-oriented dialogues

ÅPart 4: Fully data-driven conversation models and chatbots
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Open-Domain Question Answering (QA) 

²Ƙŀǘ ƛǎ hōŀƳŀΩǎ ŎƛǘƛȊŜƴǎƘƛǇΚ

{ŜƭŜŎǘŜŘ ǎǳōƎǊŀǇƘ ŦǊƻƳ aƛŎǊƻǎƻŦǘΩǎ {ŀǘƻǊƛ

Answer
USA

Selected Passages from Bing

Text-QA 
MS MARCO [Nguyen+ 16]

Knowledge Base (KB)-QA
Freebase 19

https://arxiv.org/abs/1611.09268


ÅEncoding: map each text span to a semantic vector

ÅReasoning: rank and re-rank semantic vectors

ÅDecoding: map the top-ranked vector to text

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

A limited form of comprehension:
ÅNo need for extra knowledge outside the 

paragraph 

ÅNo need for clarifying questions

ÅThe answer must be a text span in the 
paragraph if it exists, not synthesized, 

Neural MRC Models on SQuAD

20



Three components 
ÅWord embedding ςword semantic space 
Årepresent each word as a low-dim continuous vector via GloVe

ÅContext embedding ςcontextual semantic space
Åcapture context info for each word (in query or doc), via 
ÅBiLSTM[Melamud+ 16]

ÅELMo[Peter+ 18]: task-specific combo of the intermediate layer representations of biLM

ÅBERT[Devlin et al. 2018]: multi-layer transformer.

ÅRanking ςtask-specific semantic space
Åfuse query info into passage via Attention 

Å[Huang+17; Wang+ 17; Hu+ 17; Seo+ 16; Wang&Jiang16]
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Language Embeddings (context free)

Hot-dog

Fast-food

Dog-racing

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

dim=100~1K

[Mikolov+ 13; Pennington+ 14]
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https://papers.nips.cc/paper/5021-distributed-representations-of-words-and-phrases-and-their-compositionality.pdf
https://nlp.stanford.edu/pubs/glove.pdf


ContextualLanguage Embeddings

ray of light

Ray of Light (Experiment)

Ray of Light (Song)

The Einstein Theory of Relativity



Context embedding via BiLSTM/ ELMo

Embedding vectors ὼ
One for each word

Context vectorsὬȟat low level
One for each word with its context

BiLSTM

Context vectors Ὤȟat high level
One for each word with its context

BiLSTM

%,-Ï ‎
ȣ
ύ Ὤȟ

Task-specific combination of 
hidden layers in BiLSTM

[Peter+ 18; McCann+ 17; Melamud+ 16] 24

https://arxiv.org/abs/1802.05365
https://arxiv.org/abs/1708.00107
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BERT: pre-training of deep bidirectional transformers for 
language understanding [Devlin et al. 2018]

Train deep (12 or 24 layers)     
bidirectional transformer LMs

Fine-tune on individual tasks 
using task-specific data

Classifier:
Sentiment analysisthe man went to the [MAS] to buy [word] 

Milkstore

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


Query: auto body 
repair cost calculator 

software 

S1: free online car body shop repair estimates 

S2: online body fat percentage calculator 

S3: Body Language Online Courses Shop

Ranker: task-specific semantic space

semantic space

26



query-dependent
semantic space

Query: auto body 
repair cost calculator 

software 

S1: free online car body shop repair estimates 

S2: online body fat percentage calculator 

S3: Body Language Online Courses Shop

Ranker: task-specific semantic space

27



Learning an answer ranker from labeled QA pairs

ÅConsider a query ὗand two candidate answers ὃ and ὃ
ÅAssume ὃ is more relevant than ὃ with respect to ὗ

ÅÓÉÍ ὗȟὃ is the cosine similarity of ὗand ὃin semantic space, 
mapped by a DNN parameterized by 

Åɝ ÓÉÍ ὗȟὃ ÓÉÍ ὗȟὃ

ÅWe want to maximize ɝ

ÅὒέίίɝȠ ÌÏÇρ ÅØÐ‎ɝ

ÅOptimize using mini-batch SGD on GPU 0

5

10

15

20

-2 -1 0 1 2
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Multi-step reasoning for Text-QA

ÅLearning to stop reading: dynamic multi-step inference 

ÅStep 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 a 15ς1 record, and quarterback 
Cam Newton was named the 2015 NFL Most Valuable Player (MVP). 

Answer (1-step) 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 picked 
first in 2011. The matchup also pits the top two picks of the 2011 draft against 
each other: Newton for Carolina and Von Miller for Denver.

Answer (3-step) Von Miller

29



Multi-step reasoning: example

ÅStep 1:
ÅExtract:Manningis #1 pick of 1998

ÅInfer: Manningis NOT the answer

ÅStep 2:
ÅExtract:Newtonis #1 pick of 2011

ÅInfer: Newtonis NOT the answer

ÅStep 3:
ÅExtract:Newtonand Von Miller are top 2 

picks of 2011

ÅInfer: Von Miller is the #2 pick of 2011

Query Whowas the #2 pick in the 2011 NFL Draft?

Passage Manningwas the #1 selection of the 1998 
NFL draft, while Newtonwas picked first in 
2011. The matchup also pits the top two 
picks of the 2011 draft against each other: 
Newtonfor Carolina and Von Miller for 
Denver.

Answer Von Miller

30



Question Answering (QA) on Knowledge Base

Large-scale knowledge graphs
Å Properties of billions of entities
Å Plus relations among them

An QA Example:

Question: what is Obamaôs citizenship?
Å Query parsing: 

(Obama, Citizenship ,?)

Å Identify and infer over relevant subgraphs:
(Obama, BornIn , Hawaii)

(Hawaii, PartOf , USA)

Å correlating semantically relevant relations:
BornIn ~ Citizenship

Answer: USA

31



Symbolic approaches to KB-QA

ÅUnderstand the question via semantic parsing
ÅLƴǇǳǘΥ ǿƘŀǘ ƛǎ hōŀƳŀΩǎ ŎƛǘƛȊŜƴǎƘƛǇΚ
ÅOutput (LF): (Obama, Citizenship,?)

ÅCollect relevant information via fuzzy keyword matching
Å(Obama, BornIn, Hawaii)
Å(Hawaii, PartOf, USA)
ÅNeeds to know that BornInandCitizenship are semantically related

ÅGenerate the answer via reasoning
Å(Obama, Citizenship, USA)

ÅChallenges
ÅParaphrasing in NL
ÅSearch complexity of a big KG

[Richardson+ 98; Berant+ 13; Yao+ 15; Bao+ 14; Yih+ 15; etc.] 32

https://www.microsoft.com/en-us/research/wp-content/uploads/2016/02/COLING-98-richardson-dolan-vanderwende.pdf
http://www.aclweb.org/anthology/D13-1160
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Key Challenge in KB-QA:
Language Mismatch (Paraphrasing)

ÅLots of ways to ask the same question
ÅñWhat was the date that Minnesota became a state?ò

ÅñMinnesota became a state on?ò

ÅñWhen was the state Minnesota created?ò

ÅñMinnesota's date it entered the union?ò

ÅñWhen was Minnesota established as a state?ò

ÅñWhat day did Minnesota officially become a state?ò

ÅNeed to map them to the predicate defined in KB
Ålocation.dated_location.date_founded

33



Scaling up semantic parsers

ÅParaphrasing in NL
ÅIntroduce a paragraphing engine as pre-processor [Berant&Liang14]

ÅUsing semantic similarity model (e.g., DSSM) for semantic matching [Yih+ 15]

ÅSearch complexity of a big KG
ÅPruning (partial) paths using domain knowledge

ÅMore details: IJCAI-нлмс ǘǳǘƻǊƛŀƭ ƻƴ ά5ŜŜǇ [ŜŀǊƴƛƴƎ ŀƴŘ /ƻƴǘƛƴǳƻǳǎ 
wŜǇǊŜǎŜƴǘŀǘƛƻƴǎ ŦƻǊ bŀǘǳǊŀƭ [ŀƴƎǳŀƎŜ tǊƻŎŜǎǎƛƴƎέ ōȅ ¸ƛƘΣ IŜ ŀƴŘ DŀƻΦ



Case study: ReasoNet with Shared Memory

ÅShared memory(M) encodes task-specific 
knowledge
ÅLong-term memory:encode KB for answering all 

questions in QA on KB
ÅShort-term memory:encode the passage(s) 

which contains the answer of a question in QA 
on Text

ÅWorking memory (hidden state Ὓ) contains 
a description of the current state of the 
world in a reasoning process

ÅSearch controllerperforms multi-step 
inference to update Ὓof a question using 
knowledge in shared memory

ÅInput/output modules are task-specific

[Shen+ 16; Shen+ 17]
35
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Joint learning of Shared Memory and Search Controller 

36

Paths extracted from KG:
(John, BornIn, Hawaii)
(Hawaii, PartOf, USA)
(John, Citizenship, USA)
Χ

Training samples generated
(John, BornIn, ?)->(Hawaii)
(Hawaii, PartOf, ?)->(USA)
(John, Citizenship, ?)->(USA)
Χ

(John, Citizenship, ?)

(USA)

Embed KG to memory vectors 

Citizenship

BornIn



Joint learning of Shared Memory and Search Controller 

37

Paths extracted from KG:
(John, BornIn, Hawaii)
(Hawaii, PartOf, USA)
(John, Citizenship, USA)
Χ

Training samples generated
(John, BornIn, ?)->(Hawaii)
(Hawaii, PartOf, ?)->(USA)
(John, Citizenship, ?)->(USA)
Χ

(John, Citizenship, ?)

(USA)

Citizenship

BornIn



Reasoning over KG in symbolic vs neural spaces

Symbolic:  comprehensible but not robust
ÅDevelopment: writing/learning production rules
ÅRuntime : random walk in symbolic space
ÅE.g., PRA [Lao+ 11], MindNet [Richardson+ 98]

Neural: robust but not comprehensible
ÅDevelopment: encoding knowledge in neural space
ÅRuntime : multi-turn querying in neural space(similar to nearest 

neighbor)
ÅE.g., ReasoNet [Shen+ 16], DistMult [Yang+ 15]

Hybrid: robust and comprehensible
ÅDevelopment: learning policy “that maps states in neural space 

to actions in symbolic space via RL
ÅRuntime : graph walk in symbolic space guided by “
ÅE.g., M-Walk [Shen+ 18], DeepPath[Xiong+ 18], MINERVA [Das+ 

18]

38
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Multi-turn KB-QA: what to ask?

ÅAllow users to query KB interactively 
without composing complicated 
queries

ÅDialogue policy (what to ask) can be 
ÅProgrammed [Wu+ 15]

ÅTrained via RL [Wen+ 16; Dhingra+ 17]

39
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Interim summary

ÅNeural MRC models for text-based QA
ÅMRC tasks, e.g., SQuAD, MS MARCO

ÅThree components of learning word/context/task-specific hidden spaces

ÅMulti-step reasoning

ÅKnowledge base QA tasks
ÅSemantic-parsing-based approaches

ÅNeural approaches

ÅMulti-turn knowledge base QA agents
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Outline

ÅPart 1: Introduction

ÅPart 2: Question answering and machine reading comprehension

ÅPart 3: Task-oriented dialogues
ÅTask and evaluation

ÅSystem architecture

ÅDeep RL for dialogue policy learning

ÅBuilding dialog systems via machine learning and machine teaching

ÅPart 4: Fully data-driven conversation models and chatbots
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An Example Dialogue withMovie-Bot

Source code available athttps://github/com/MiuLab/TC-Bot

Actual dialogues can be more complex:
ÅSpeech/Natural language understanding errors

o Input may be spoken language form
o Needto reasonunder uncertainty

ÅConstraint violation
o Reviseinformation collected earlier

Å ...

42
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Task-oriented, slot-filling, Dialogues

ÅDomainΥ ƳƻǾƛŜΣ ǊŜǎǘŀǳǊŀƴǘΣ ŦƭƛƎƘǘΣ Χ

ÅSlot: information to be filled in before completing a task
o For Movie-Bot: movie-name, theater, number-of-ǘƛŎƪŜǘǎΣ ǇǊƛŎŜΣ Χ

ÅIntent (dialogue act):
o Inspired by speech act theory (communication as action)

request, confirm, inform, thank-youΣ Χ
o Some may take parameters:

thank-you(), request(price), inform(price=$10)

"IsKungfuPanda the movie you are looking for?"

confirm(moviename=άkungfuǇŀƴŘŀέ)
43



Dialogue System Evaluation

ÅMetrics: what numbers matter?
o Success rate: #Successful_Dialogues/ #All_Dialogues

o Average turns: average number of turns in a dialogue

o User satisfaction

o Consistency, diversity, engaging, ...

o [ŀǘŜƴŎȅΣ ōŀŎƪŜƴŘ ǊŜǘǊƛŜǾŀƭ ŎƻǎǘΣ Χ

ÅMethodology: how to measure those numbers?

44



Methodology: Summary

Lab user 
subjects

Actual 
users

Simulated 
users

Truthfulness

Scalability

Flexibility

Expense

Risk

A Hybrid Approach

User Simulation

Small-scale Human Evaluation
(lab, Mechanical¢ǳǊƪΣ Χύ

Large-scale Deployment 
(optionally with continuing 
incremental refinement)
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Agenda-based Simulated User[Schatzmann& Young 09]

ÅUser state consists of (agenda, goal); 
Ågoal (constraints and request)is fixed throughout dialogue

Åagenda(state-of-mind) is maintained (stochastically) by a first-in-last-out stack

Implementation of a simplified user simulator:https://github.com/MiuLab/TC-Bot 46

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


A Simulator forE2E Neural Dialogue System [Li+ 17]

47

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


ÅTraditionally dialog systems are tasked for unrealistically simple dialogs

ÅIn this challenge, participants will build multi-domaindialog systems to address real 
problems.

Traditional Tasks

Å Single domain

Å Single dialog act per utterance

Å Single intent per dialog

Å Contextless language understanding

Å Contextless language generation

Å Atomic tasks

This Challenge

Å Multiple domains

Å Multiple dialog acts per utterance

Å Multiple intents per dialog

Å Contextual language understanding

Å Contextual language generation

Å Composite tasks with state sharing

Multi-Domain Task-Completion Dialog Challenge 
at DSTC-8

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

Policy
(action selection)

words

Dialog state 
tracking

state
Service

APIs

Find me a
Bill Murray 

movie

Language 
generation

When was it 
released?

meaning 

Language 
understanding

intent: get_movie
actor:  bill murray

intent: ask_slot
slot:  release_year

Dialog Manager (DM)



E2E Neural Models

Unified machine learning model
words

Service
APIs

Find me a
Bill Murray 

movie.

When was it 
released?

RNN / LSTM
Attention / memory

Attractive for dialog systems because:
ÅAvoids hand-crafting intermediate representations like intent and dialog state
ÅExamples are easy for a domain expert to express

Service
APIs



Language Understanding

ÅOften a multi-stage pipeline

ÅMetrics
o Sub-sentence-level: intent accuracy, slot F1

o Sentence-level: whole frame accuracy

1. Domain 
Classification

2. Intent 
Classification

3. Slot Filling

51



RNN for Slot Tagging ςI [Hakkani-Tur+ 16]

ÅVariations: 
a. RNNs with LSTM cells
b. Look-around LSTM 
c. Bi-directional LSTMs
d. Intent LSTM

Åaŀȅ ŀƭǎƻ ǘŀƪŜ ŀŘǾŀƴǘŀƎŜ ƻŦ Χ
o whole-sentence information
o multi-task learning
o contextual information

ÅFor further details on NLU, see this 
IJCNLP tutorialby Chen & Gao.
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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)

ÅMaintain a probabilistic distribution instead of a 1-best prediction for 
better robustness to LU errors or ambiguous input
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How can I help you?

Book a table at Sumiko for 5

How many people?

3

Slot Value

# people 5 (0.5)

time 5 (0.5)

Slot Value

# people 3 (0.8)

time 5 (0.8)



Multi-Domain Dialogue State Tracking (DST)

ÅA full representation of the system's belief of the 
user's goal at any point during the dialogue

ÅUsed for making API calls
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Do you wannatake Angela 
to go see a movie tonight?

Sure, I will be home by 6.

Let's grab dinner before the 
movie. 

How about some Mexican?

Let's go to ViveSol and see 
Inferno after that.

Angela wants to watch the 
Trolls movie.

Ok. Lets catch the 8 pm 
show.

Inferno

6 pm 7 pm

2 3

11/15/16

ViveSolRestaurant

MexicanCuisine

6:30 pm 7 pm

11/15/16Date

Time

Restaurants

7:30 pm

Century 
16

Trolls

8 pm 9 pm

Movies

Date

Time

# of tickets

Movie name

Movie theatre



Dialogue policy learning: select the best action
according to stateto maximize success rate

Agen
t

Agen
t

Agen
t

Agen
t

Agent

Lead

Lead

Lead

Lead

Lead

State (s): dialogue history 

Action (a): agent response 

LSTM

NLU

NLG

Supervised/imitation 
learningReinforcement 

learning



Movie on demand [Dhingra+ 17]

ÅPoC: leverage Bing tech/data to develop task-completion dialogue 
(Knowledge Base Info-Bot)

[Dhingra+ 17]

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


Learning what to ask next, and when to stop

ÅInitial: ask all questions in a 
randomly sampled order

ÅImprove via learning from Bing log
ÅAsk questions that users can answer

ÅImprove via encoding knowledge 
of database
ÅAsk questions that help reduce 

search space

ÅFinetune using agent-user 
interactions
ÅAsk questions that help complete the 

task successfully via RL
0
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# of dialogue turns

wŜǎǳƭǘǎ ƻƴ ǎƛƳǳƭŀǘŜŘ ǳǎŜǊǎ



Reinforcement Learning(RL)

reward ὶ
next-observation έ

action ὥ

Agent World

Goal of RL

At each step ὸ, given history so farί, take action ὥ
to maximize long-ǘŜǊƳ ǊŜǿŀǊŘ όάǊŜǘǳǊƴέύΥ

Ὑ ὶ ‎ὶ ‎ὶ Ễ

"Reinforcement Learning: An Introduction", 2nd ed., Sutton & Barto 58



Conversation as RL

semanticraw

Pioneered by [Levin+ 00]
Other early examples:[Singh+ 02; Pietquin+ 04; Williams&Young07; etc.]

ÅState and action
o Raw representation

(utterances in natural language form)
o Semantic representation

(intent-slot-value form)

ÅReward
o +10 upon successful termination
o -10 upon unsuccessful termination
o -1 per turn
o Χ
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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 DQN
st

a
te

Q
-v

a
lu

e
s

[Mnih+ 15]

DQN-learning of network weights —: apply SGD to solve

—ᴺÁÒÇÍÉÎ ὶ ‎ÍÁØὗ ί ȟὥ ὗ ίȟὥ

ά¢ŀǊƎŜǘ ƴŜǘǿƻǊƪέ ǘƻ 
synthesize regression target

ά[ŜŀǊƴƛƴƎ ƴŜǘǿƻǊƪέ ǿƘƻǎŜ 
weights are to be updated

RNN/LSTM may be used to implicitly track states 
(without a separate dialogue state tracker) 

[Zhao & Eskenazi16]
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https://www.nature.com/articles/nature14236
https://arxiv.org/pdf/1606.02560.pdf


Policy Optimization with Policy Gradient (PG)

ÅPG does gradient descent in policy parameter space to improve reward

ÅREINFORCE [Williams 1992]: simplest PG algorithm

ÅAdvantaged Actor-Critic (A2C) / TRACER

o ύ: updated by least-squared regression

o —: updated as in PG

A2C/TRACER[Su+ 17] 61

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


Policy Gradient vs. Q-learning

Policy Gradient Q-learning

Apply to complex actions

Stable convergence

Sample efficiency

Relation to final policy quality

Flexibility in algorithmic design
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Three case studies

ÅHow to efficiently explore the state-action space?
ÅModeling model uncertainty

ÅHow to decompose complex state-action space?
ÅUsing hierarchical RL

ÅHow to integrate planning into policy learning?
ÅBalance the use of simulated and real experience ςcombining machine 

learning and machine teaching 



Domain Extension and Exploration

ÅMost goal-oriented dialogs require a closed and well-defined domain

ÅHard to include all domain-specific information up-front

New slots can be gradually introduced

time
a

ct
re

s
s

p
ro

d
u

ce
r

b
o
x 

o
ff
ic

e

w
ri
te

r

Initial system deployed Challenge for exploration:
Å How to explore efficiently
Å to collect data for new slots
ÅWhen deep models are used
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Bayes-by-Backprop Q (BBQ) network

[Lipton+ 18]

BBQ-learning of network params— ‘ȟ„ :

— ÁÒÇÍÉÎ+,ήἿ— ȿὴἿȿὈὥὸὥ

st
a
te

Q
-v

a
lu

e
s

{ǘƛƭƭ ǳǎŜ άǘŀǊƎŜǘ ƴŜǘǿƻǊƪέ —
to synthesize regression target

ÅParameter learning: solve for —with Bayes-by-backprop 
[Blundell et al. 2015]

ÅParams—quantifies uncertainty in Q-values
ÅAction selection: use Thompson sampling for exploration
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https://arxiv.org/pdf/1608.05081.pdf


Composite-task Dialogues

Travel Assistant

Book Flight

Book Hotel

Reserve 
Restaurant

Actions

άǎǳōǘŀǎƪǎέ

Naturally solved by 
hierarchical RL

66



A Hierarchical Policy Learner

Similar to Hierarchical Abstract 
Machine(HAM)ώtŀǊǊΩфуϐ

Superior results in both simulated 
and real users [Peng+ 17]
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http://papers.nips.cc/paper/1384-reinforcement-learning-with-hierarchies-of-machines.pdf
https://arxiv.org/abs/1704.03084


Human-Human 
conversation data

Dialog agent

real experience

Supervised/imitati
on learning

Acting RL

- Expensive:need large amounts of real 
experience except for very simple tasks

- Risky:bad experiences (during 
exploration) drive users away 

68

Integrating Planning for Dialogue 
Policy Learning [Peng+ 18]

https://arxiv.org/abs/1801.06176


Human-Human 
conversation data

Dialog agent
simulated 
experience

Supervised/imitati
on learning

Acting

RL

- Inexpensive:generate large amounts 
of simulated experience for free

- Overfitting: discrepancy btw real users 
and simulators

69

Integrating Planning for Dialogue 
Policy Learning [Peng+ 18]

https://arxiv.org/abs/1801.06176


Human-Human 
conversation data

simulated userDialog agent Whether to switch 
to real users?

Simulated experience
No, then run planning

using simulated experience

Yes
Run Reinforcement Learning 

using real experience

άŘƛǎŎǊƛƳƛƴŀǘƻǊέ 
learning 

Model learning

real experience
(limited)

Supervised LearningImitation Learning

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


Programmatic Machine LearningDeclarative

<rule>
<if>

city == null
</if>
<then>

Which city?
</then>
ƛ

Neural network
What City?

What Day?

Seattle

Today

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

]
)); 
async collectAndDisplayName ƽÓÔÅÐƾ ǅƛ

p Accessible to non-experts

q Easy to debug

p Explicit Control

q Support for complex scenarios

q Ease of Modification

q Handle Unexpected Input

q Improve / Learn from conversations

p No Dialog Data Required

p Accessible to non-experts

p Easy to debug

q Explicit Control

p Support for complex scenarios

p Ease of Modification

q Handle Unexpected Input

p Improve / Learn from conversations

q Requires Sample Dialog Data

q Accessible to non-experts

q Easy to debug

p Explicit Control

p Support for complex scenarios

q Ease of Modification

q Handle Unexpected Input

q Improve / Learn from conversations

p No Dialog Data Required



Programmatic Machine LearningDeclarative

<rule>
<if>

city == null
</if>
<then>

Which city?
</then>
ƛ

Neural network
What City?

What Day?

Seattle

Today

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

]
)); 
async collectAndDisplayName ƽÓÔÅÐƾ ǅƛ

p Accessible to non-experts

q Easy to debug

p Explicit Control

q Support for complex scenarios

q Ease of Modification

q Handle Unexpected Input

q Improve / Learn from conversations

p No Dialog Data Required

p Accessible to non-experts

p Easy to debug

q Explicit Control

p Support for complex scenarios

p Ease of Modification

q Handle Unexpected Input

p Improve / Learn from conversations

q Requires Sample Dialog Data

q Accessible to non-experts

q Easy to debug

p Explicit Control

p Support for complex scenarios

q Ease of Modification

q Handle Unexpected Input

q Improve / Learn from conversations

p No Dialog Data Required

One Solution Does Not Fit All



Rules - Based ML - Based

Good for garden path

Not data intensive

Explicit Control

Easily interpretable

Goal: Best of both worlds

Handle unexpected input

Learn from usage data

Often viewed as black box

Start with rules-based policy  =>  Grow with Machine Learning

Make ML more controllable by visualization

Not unidirectional :   Rules-based policy can evolve side-by-side with ML Model

Give developer control



Conversation Learner ςbuilding a bot interactively 

What is it: A system built on the principles of Machine Teaching, that enables 
individuals with no AI experience (designers, business owners) to build 
task-oriented 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/ConversationLearner-samples

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 Learner ςbuilding a bot interactively 

ÅRich machine teaching and 
dialog management interface 
accessible to non-experts

ÅFree-form tagging, editing and 
working directly with 
conversations

Å Incorporating rules makes the 
teaching go faster

Å Independent authoring of 
examples allows dialog 
authors to collaborate on 
one/multiple intents



ConvLab

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

User Simulators
for reinforcement learning
1 rule-based simulator
2 data-driven simulators

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

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

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


Outline

ÅPart 1: Introduction

ÅPart 2: Question answering and machine reading comprehension

ÅPart 3: Task-oriented dialogue

ÅPart 4: Fully data-driven conversation models and chatbots
ÅE2E neural conversation models
ÅChallenges and remedies
ÅGrounded conversation models
ÅBeyond supervised learning
ÅData and evaluation
ÅChatbots in public
ÅFuture work
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Motivation

Natural 
language 

interpreter

Dialogue
State tracker

Natural 
language
generator

Dialogue 
response
selection

utterance x

utterance y

One statistical
model

Move towards fully data-driven, end-to-end dialogue systems.
78



Social Bots

ÅFully end-to-end systems so far most successfully applied to 
social bots or chatbots:
ÅCommercial systems: Amazon Alexa, XiaoIce, etc.

ÅWhy social bots?
ÅMaximize user engagement by generating 

enjoyableand more human-like conversations

ÅHelp reduce user frustration

ÅInfluence dialogue research in general
(social bot papers often cited in task-completion
dialogue papers) 
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Historical overview

Earlier work in fully data-driven response generation:

Å2010:Response retrieval system (IR) [Jafarpour+ 10]

Å2011: Response generation using Statistical Machine Translation 
(phrase-based MT) [Ritter+ 11]

Å2015: First neural response generation systems (RNN, seq2seq)

[Sordoni+ 15; Vinyals& Le 15; Shang+ 15]
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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


Target:
response

decoder

Neural Models for Response Generation 

I

EOS

ΩƳ

I

fine

ΩƳ

,

fine

thanks

,Χ   Ƙƻǿare you ?

Source:
conversation history

encoder

Similar to sequence models in Neural Machine Translation (NMT), summarization, etc.
Uses either RNN, LSTM, GRU, Pointer-Generator Networks, Transformer, etc.

[Sordoni+ 15; 
Vinyals& Le 15; 

Shang+ 15]
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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)

ÅData: some training sets (social media) are HUGE
For example, Twitter (as of 2016):

304M monthly active users
500M tweets per day (6M conversations per day)

ĄƻŦǘŜƴ ǘǊŀƛƴ ƻƴ ǎǳōǎŜǘ ƻŦ ǘƘŜ ŘŀǘŀΤ ƭŜŀƴŜǊ ŀƴŘ άŦŀǎǘŜǊέ ƳƻŘŜƭǎ ǇǊŜŦŜǊǊŜŘ

ÅSystem input: LONGconversation history

T1 T2 T3 T4Χ ¢N

Conversation (N turns)

T1 T2 T3

T1 T2

Χ ¢N-2 TN-1 TN

Either limit 
context size [Sordoni+ 05] 

or truncate backprop
[Vinyals+ 05, pc]

N-1 training instances

...
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Neural conversation engine 
Neural model learns the general shape of conversation, and 
the system output is situationally appropriate and 
ŎƻƘŜǊŜƴǘΧ

A more goal-oriented example. No grounding into a real calendar, 
ōǳǘ ǘƘŜ άǎƘŀǇŜέ ƻŦ ǘƘŜ ŎƻƴǾŜǊǎŀǘƛƻƴ ƛǎ ŦƭǳŜƴǘ ŀƴŘ ǇƭŀǳǎƛōƭŜΧ

[Sordoni+ 15; Li+ 16a]
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H: Hi

M: How are you?

H: Not bad

M: What's wrong?

H: Nothing really

M: Wanna talk about it? I'm here if you wanna talk x

H: Well, I'm just tired

M: Me too, I'm here if you wanna talk

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?

H: Would Thursday afternoon work sometime?

M: ¸ŜŀƘΣ ǎǳǊŜΦ Ƨǳǎǘ ƭŜǘ ƳŜ ƪƴƻǿ ǿƘŜƴ ȅƻǳΨǊŜ ŦǊŜŜΦ

H: After lunch is probably the best time

M: hƪŀȅΣ ǎƻǳƴŘǎ ƎƻƻŘΦ Wǳǎǘ ƭŜǘ ƳŜ ƪƴƻǿ ǿƘŜƴ ȅƻǳΩǊŜ ŦǊŜŜΦ

H: Would 2pm work for you?

M: Works for me.

H: ²Ŝƭƭ ƭŜǘΩǎ ǎŀȅ нǇƳ ǘƘŜƴ LΩƭƭ ǎŜŜ ȅƻǳ ǘƘŜǊŜ

M: Sounds good. 

Neural E2E system trained on 35M Twitter conversations.

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


Fully Data-driven Response Generation:

Challenges and remedies
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Challenge: The blandness problem 

What did you do?

(ɯËÖÕɀÛɯÜÕËÌÙÚÛÈÕËɯÞÏÈÛɯàÖÜɯÈÙÌɯÛÈÓÒÐÕÎɯÈÉÖÜÛȭ

How was your weekend?

(ɯËÖÕɀÛɯÒÕÖÞȭ

3ÏÐÚɯÐÚɯÎÌÛÛÐÕÎɯÉÖÙÐÕÎȱ

8ÌÚɯÛÏÈÛɀÚɯÞÏÈÛɯ(ɀÔɯÚÈàÐÕÎȭ
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Blandness problem: cause and remedies

Common MLE objective (maximum likelihood)

Mutual information objective:

(whatever the user says) (ɯËÖÕɀÛɯÒÕÖÞȭ

(ɯËÖÕɀÛɯÜÕËÌÙÚÛÈÕËȭȭȭ

3ÏÈÛɀÚɯÞÏÈÛɯ(ɀÔɯÚÈàÐÕÎ

(whatever the user says) (ɯËÖÕɀÛɯÒÕÖÞȭ

(whatever the user says) (ɯËÖÕɀÛɯÒÕÖÞȭ
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[Li+ 16a]

https://arxiv.org/abs/1510.03055


Mutual Information for Neural Network Generation

Mutual information objective:

.ŀȅŜǎΩ ǊǳƭŜ

standard 
likelihood

anti-LM .ŀȅŜǎΩ ǘƘŜƻǊŜƳ
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[Li+ 16a]

https://arxiv.org/abs/1510.03055


Sample outputs (MMI)

ȿÛÐÚɯÈɯÍÐÕÌɯÉÙÌÞɯÖÕɯÈɯËÈàɯÓÐÒÌɯÛÏÐÚȵɯ2ÛÙÖÕÎɯÛÏÖÜÎÏȮɯÏÖÞɯÔÈÕàɯÐÚɯÚÌÕÚÐÉÓÌȳɯɯ

Depends on how much you drink!

Milan apparently selling Zlatan to balance the books... Where next, Madrid?

I think he'd be a good signing.

Wow sour starbursts really do make your mouth water... mm drool. 
Can I have one? 

.ÍɯÊÖÜÙÚÌɯàÖÜɯÊÈÕȵɯ3ÏÌàɀÙÌɯËÌÓÐÊÐÖÜÚȵ

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

(ɀÝÌɯÕÌÝÌÙɯÚÌÌÕɯÏÐÔɯÓÐÝÌȭ
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