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Information explosion problem? 

ÅInformation seeking requirements 

E-commerce(Amazon and Alibaba)

Social networking(Facebook and Wechat)

Content sharing platforms(Instagram and Pinterest)

ÅInformation Seeking 

м

information 

overload

Two major types of information 

seeking techniques
How to 

handle?  

Search Recommendation
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ÅRecommendation Has Become Prevalent in IR Community

2019 SIGIR Hot TopicsRecommendation

becomes the most 

popular track

SIGIR of different Topics were received in 2020
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Recommender systems

Åpredict a userôs preference 
towards an item by analyzing 
their past behavior

̂e.g., click history, visit log, 
ratings on items, etc̃

ÅTypical Recommender Systems

о

Implicit

User

Click

Visit

Ratings

Recommended system

Interface

Database

Top N 

recommendation
preference



Collaborative filtering

-matrix factorization and factorization machines

Neural Collaborative Filtering

Neural Graph Collaborative Filtering

Factorization Machines

ÅExisting Static Recommendation̔ Collaborative Filtering

Deep learning approaches

-neural factorization machines & deep interest networks

Graph-based approaches

- expressiveness and explainability of graphs 

4



ÅInformation asymmetry
ÅA system can only estimateusersô preferences based on their historical data

ÅIntrinsic limitation
ÅUsersô preferences often driftover times.

ÅIt is hard to find accurate reasonsto recommendation

ÅLimitation: Information Asymmetry

Key Problems for Recommendation: Information Asymmetry

5

You may like 

diaper.

I want beer.
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ÅExisting Online Recommendation̔ Bandit

Multi-Armed Bandit

Exploration and 

Exploitation Balance

ẄBandit Algorithm:

Å Exploit-Explore problem

Å Cold-Start problem

Online Recommendation:

Arm Item/ Item Category 

Reward User feedback

Environment User 
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ÅLimitation̔Lack of Explainability

Figure credit: Spotx

A model still has no 
channel to know find 
the exact reason why a 
user prefer an item.

What's inside the 

black room?

https://www.spotx.tv/resources/blog/developer-blog/introduction-to-multi-armed-bandits-with-applications-in-digital-advertising/


Interactive 
recommendation

Using natural 
languages

The example of a conversational 
recommender system

ÅConversation Brings Revolution

Conversational 
Recommender Systems 

8
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ÅConversational Recommender Systems In a Broader Perspective

ÅTag-based Interaction

The example of tag-based
interaction on kuaishou

The example of tag-based
interaction on tiktok



ÅConversational Recommendation Bridges Search and 

Recommendation

Traditional paradigms for information-seeking:

Search (pull)or Recommendation (push)

Search:

User's Intention is clear, 

explicitly indicated by query

Conversational Recommendation:

Try to induce user preference through 

conversation! 

Recommendation:

User's Intention is unclear, implicitly 

revealed in history 

11

- Item embedding 

- User  embedding

- Attribute embedding

- é

Explicit query
Implicit 

recommendation

-Item description

̂attributẽ
-é

Interactive 

recommendation

Item description

embedding



Four Directions being Explored

1. Question Driven Approaches

2. Multi -turn Conversational 
Recommendation Strategy

3. Exploitation-Exploration Trade-offs 
for Cold Users

4. Dialogue Understanding and 
Generation

ÅConversational Recommender Systems

12



The key advantage of conversational recommendation: 

being able to ask questions.

ÅAsk about attributes/topics/categoriesof items to narrow down 

the recommended candidates.

ÅQuestion Driven Approaches in CRS
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/ƘǊƛǎǘŀƪƻǇƻǳƭƻǳ Ŝǘ ŀƭΦ άvϧwΥ ! ¢ǿƻπ{ǘŀƎŜ !ǇǇǊƻŀŎƘ ǘƻǿŀǊŘ 
LƴǘŜǊŀŎǘƛǾŜ wŜŎƻƳƳŜƴŘŀǘƛƻƴέόY55Ω муύ

Zhang et al.Task-Oriented Dialog Systems that Consider Multiple 

Appropriate Responses under the Same Context (AAAIô 20)



ÅMulti -turn Conversational Recommendation Strategy

Lei et al.ñEstimationïActionïReflection: Towards Deep Interaction 

Between Conversational and Recommender Systemsò(WSDMô20)

Ẅ Purpose: making successful 

recommendations with less turns of 

interactions

Ẅ Challenges to address:

1. Which items or attributes to 

recommend?

2. When to ask questions and when to 

make recommendations?

3. How to adapt user feedback

A System needs to choose to ask questions and make recommendations

in a multi-turn conversation

14



ÅExploitation-Exploration Trade-offs for Cold Users

мр

Leverage the dynamics of CRS 

to benefit the E&E trade-off for 

cold users/items.

Trade-off

Exploitation

(Earning)

Exploration

(Learning)
Takes advantage of the best 

option that is known.
Take some risk to collect information 

about unknown options



Yeah, Mojito is too popular these day. 

Maybe you like some niche songs like 

this one. The singer is also Jay Chou.

Oh, I love it! But I have listened it like 100 

times. I wanna try something new.

As you wish, how about this one?

It is a new song just released by Jay Chou.

Yeah, wanna some relaxed music

Feel tired in work? What do you want?

I want some 

music. 

By Jay Chou

Mojito

By Jay Chou
Malt Candy

Neural methods

ÅDialogue Understanding and Generation

9ȄǘǊŀŎǘ ƛƴǘŜƴǘ ŦǊƻƳ 
ǳǎŜǊ ǳǘǘŜǊŀƴŎŜǎΦWhich Pop singer do you like? 

Hope you enjoy this song:

What category of music do you like? 

I want some 

music. 

Pop.

Jay Chou.

By Jay Chou

҂ Qi-Li-Xiang

Change it.

Hope you enjoy this song:

By StevieRay 

Vaughan

Change it

Rule/Template-based
Casual, more 

natural.

Express actions in 
generated responses

CƭǳŜƴǘ ŀƴŘ 
/ƻƴǎƛǎǘŜƴǘΦ

Inflexibleε
constrained

Cŀƛƭ ǘƻ ǳƴŘŜǊǎǘŀƴŘ 
ǳǎŜǊ ƛƴǘŜƴǘΦ

16
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ÅTutorial Outline

ẂA Glimpse of Dialogue System

ẂFour research directions in conversational recommendation system
ẂQuestion Driven Approaches

ẂMulti -turn Conversational Recommendation Strategy

ẂDialogue Understanding and Generation

ẂExploitation-Exploration Trade-offs for Cold Users

ẂSummary of Formalizations and Evaluations



ÅTask-oriented Dialogue System ÅNon-task-oriented Dialogue System 

(Chatbot)

/Ƙƛǘ ŎƘŀǘ

Chit chat

18

ÅTwo Types of Dialogue Systems



ÅTypical Structure of Task-oriented Dialogue System

/ƭŀǎǎƛŎŀƭ
ǇƛǇŜƭƛƴŜ ǎǘǊǳŎǘǳǊŜ

Zhang et al. Recent advances and 

challenges in task-oriented dialog 

system (Science Chinaô 20)

Which Pop singer do you like? 

Hope you enjoy this song:

What category of music do you like? 

I want some 

music. 

Pop.

Jay Chou.

By Jay Chou

҂ Qi-Li -Xiang

What price range do you like? 

Hope you enjoy this 

restaurant:

Where do you want to eat? 

I want to find a Chinese 

restaurant. 

Near the center of the town.

Moderate is 

ok.

HaiDiLao Hotpot

Okay, I will remind you at 15:00.

What time do you want me to 

remind you this afternoon?

Remind me this afternoon.

Three Oôclock

Today 15:00

wŜŎƻƳƳŜƴŘƛƴƎ ƳǳǎƛŎBooking restaurants
{ŜǘǘƛƴƎ ŀƭŀǊƳǎ

19



ÅNatural Language Understanding

ÅThree Purpose:

1.Domain detection

2.Intent detection

3.Slot value extraction

Hakkani-T ugr et al. Is Your Goal-Oriented Dialog Model Performing Really Well? 

Empirical Analysis of System-wise Evaluation (INTER-SPEECHô 20)

where:

S: semantic slots.

D: domain.

I: intent.

In IOB format:

O: a token belongs to no chunk.

B-: the beginning of every chunk.

I-: a token inside a chunk

An example utterance with 
annotations in IOB format

нл



ÅDialogue State Tracking

Zhang et al. Find or Classify? Dual Strategy for Slot-Value Predictions on Multi-5ƻƳŀƛƴ 5ƛŀƭƻƎ {ǘŀǘŜ ¢ǊŀŎƪƛƴƎ ό!ǊȄƛǾΩ мфύ

Recent solutions: latent vector-based 

methods

1.Classification (picklist-based).

2.Copying (generative)

Aiming to track all the states 

accumulated across the conversational 

turns 

21



ÅJointly Solving Natural Language Understanding and Dialogue State 
Tracking --Classification

ÅUsing a classifier as dialogue state tracker

hǳǘǇǳǘ ŀ ǇǊƻōŀōƛƭƛǘȅ ƻŦ ǎǘŀǘŜ

Zhong et al. Global-Locally Self-!ǘǘŜƴǘƛǾŜ 9ƴŎƻŘŜǊ ŦƻǊ 5ƛŀƭƻƎǳŜ {ǘŀǘŜ ¢ǊŀŎƪƛƴƎ ό!/[Ω муύ22



ÅJointly Solving Natural Language Understanding and Dialogue State 
Tracking --Copying

ÅFind the text span in original utterances.

Lei et al. Sequicity: Simplifying Task-oriented Dialogue Systems with Single Sequence-to-ǎŜǉǳŜƴŎŜ !ǊŎƘƛǘŜŎǘǳǊŜǎ ό!/[Ω муύ
нп



ÅDialogue Policy

ÅDialogue act in a session are generated sequentially, so it is formulated as a 

Markov Decision Process (MDP)

A framework of MDP.
Zhang et al. Recent advances and challenges in task-oriented 

ŘƛŀƭƻƎ ǎȅǎǘŜƳ ό{Ŏƛ /Ƙƛƴŀ ¢ŜŎƘ {ŎƛΩ нлύ

ÅCan be address by Supervised 

Learning or Reinforcement 

Learning

нр



ÅNatural Language Generation

ÅChallenges:
ÅAdequacy: meaning equivalence, 

ÅFluency: syntactic correctness,

ÅReadability: efficacy in context, 

ÅVariation : different expression.

tŜƴƎ Ŝǘ ŀƭΦ CŜǿπǎƘƻǘ bŀǘǳǊŀƭ [ŀƴƎǳŀƎŜ 
DŜƴŜǊŀǘƛƻƴ ŦƻǊ ¢ŀǎƪπhǊƛŜƴǘŜŘ 5ƛŀƭƻƎ ό!ǊȄƛǾΩ нлύ

ÅStrategies:

ÅSurface realization

ÅConditioned language generation 

(RNN-based neural network)

{ŜƳŀƴǘƛŎŀƭƭȅπ/ƻƴŘƛǘƛƻƴŜŘ DŜƴŜǊŀǘƛǾŜ 
tǊŜπ¢ǊŀƛƴƛƴƎ ό{/πDt¢ύ aƻŘŜƭ

26



ÅChit -chat: casual and non-goal-oriented.

ÅOpen domain and open ended

ÅChallenges:

ÅCoherence

ÅDiversity 

ÅEngagement

Åé

ÅUltimate goal: to pass Turing Test

ÅNon-task-oriented Dialogue System

aŀŎƘƛƴŜ Human

/ƻƳƳǳƴƛŎŀǘƛƻƴ

Turing 
Test

нт



ÅTemplate-based (Rule-based) Solution

ÅUnscalable: require 
human labor

ÅInflexible : hard to 
adopt to unseen topic

ну



ÅRetrieval-based Solution

ẄAssumption:

ÅA large candidate response set such that all 

input utterances can get a proper response. vǳŜǎǘƛƻƴ 
wŜǇǊŜǎŜƴǘŀǘƛƻƴ

Answer 
Representation

aŀǘŎƘƛƴƎ
CǳƴŎǘƛƻƴ

How are you? I   am  fine.

vǳŜǎǘƛƻƴ wŜǎǇƻƴǎŜ
ŎŀƴŘƛŘŀǘŜ

Matching score

нф



ÅGeneration-based Solution -- Classical Sequence to Sequence

ÅChallenges:

ÅBlandness

ÅBasic models tend to generate generic 

responses like ``I seeôô and ``OKôô.

ÅConsistency
ÅLogical self-consistent across multiple 

turns, e.g., persona, sentiment

ÅLack of Knowledge

ÅTypical sequence-to-sequence models 

only mimic surface level sequence 

ordering patterns without understanding 

world knowledges deeply.

Wu et al. Deep Chit-/ƘŀǘΥ 5ŜŜǇ [ŜŀǊƴƛƴƎ ŦƻǊ /Ƙŀǘ.ƻǘǎ ό9ab[tΩ муύ

A Basic Model: 
Encoder-Attention-Decoder 

ом



ÅBlandness̔VAE-based solution

ÅProblem in chatbot:

ÅThe lack of diversity: often generate dull 

and generic response.

ÅSolution:

ÅUsing latent variables to learn a 

distribution over potential conversation 

actions.

ÅUsing Conditional Variational 

Autoencoders(CVAE) to infer the latent 

variable.

ό/±!9ύ
ύ

Åc: dialog history information

Åx: the input user utterance

Åz: latent vector of distribution of intents

Åy: linguistic feature knowledge

½Ƙŀƻ Ŝǘ ŀƭΦ ά[ŜŀǊƴƛƴƎ 5ƛǎŎƻǳǊǎŜπƭŜǾŜƭ 5ƛǾŜǊǎƛǘȅ ŦƻǊ bŜǳǊŀƭ 5ƛŀƭƻƎ 
aƻŘŜƭǎ ǳǎƛƴƎ /ƻƴŘƛǘƛƻƴŀƭ ±ŀǊƛŀǘƛƻƴŀƭ !ǳǘƻŜƴŎƻŘŜǊǎΚέό!/[Ω мтύ

32



ÅConsistency: Persona chat

ÅMotivation: 

ÅThe lack of a consistent personality

ÅA tendency to produce non-specific 
answers like ñI donôt knowò

ÅSolution: endowing machines with 
a configurable and consistent 
persona (profile), making chats 
condition on: 

1.The machineô own given profile 
information.

2.Information about the person the 
machine is talking to.

²ǳ Ŝǘ ŀƭΦ άtŜǊǎƻƴŀƭƛȊƛƴƎ 5ƛŀƭƻƎǳŜ !ƎŜƴǘǎΥ L ƘŀǾŜ ŀ ŘƻƎΣ Řƻ ȅƻǳ ƘŀǾŜ ǇŜǘǎ ǘƻƻΚέό9ab[tΩ муύ

Persona of two interlocutors

оо



ÅLack of background knowledge: Knowledge grounded dialogue 

response generation -- Text

ÅSolution: Knowledge retrieval from texts 
(e.g., Wikipedia) into dialogue responses

Knowledge retrieval module

Response generated by 
integrating knowledge

5ƛƴŀƴ Ŝǘ ŀƭΦ ά²ƛȊŀǊŘ ƻŦ ²ƛƪƛǇŜŘƛŀΥ YƴƻǿƭŜŘƎŜπtƻǿŜǊŜŘ /ƻƴǾŜǊǎŀǘƛƻƴŀƭ ŀƎŜƴǘǎέ όL/[wΩ мфύ
оп



ÅLack of background knowledge: Knowledge grounded dialogue 

response generation -- KG

ÅSolution: Walkingwithin a 

large knowledge graph to

Åtrack dialogue states.

Åto guide dialogue planning 

Blue arrow: walkable paths led to engaging dialogues

Orange arrow: non-ideal paths that never mentioned
(Should be pruned)

aƻƻƴ Ŝǘ ŀƭΦ άhǇŜƴ5ƛŀƭYDΥ 9ȄǇƭŀƛƴŀōƭŜ /ƻƴǾŜǊǎŀǘƛƻƴŀƭ wŜŀǎƻƴƛƴƎ 
ǿƛǘƘ !ǘǘŜƴǘƛƻƴπōŀǎŜŘ ²ŀƭƪǎ ƻǾŜǊ YƴƻǿƭŜŘƎŜ DǊŀǇƘǎέ ό!/[Ω мфύ
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ÅTutorial Outline

ẂA Glimpse of Dialogue System

ẂFour research directions in conversational recommendation system
ẂQuestion Driven Approaches

ẂMulti-turn Conversational Recommendation Strategy

ẂDialogue Understanding and Generation

ẂExploitation-Exploration Trade-offs for Cold Users

ẂSummary of Formalizations and Evaluations



1.Initiation
User initiates a conversation

2.Conversation

Asks the user  preferences on 

product aspects

3.  Display 
Display product to the user

ÅSystem Ask ïUser Respond (SAUR) - Formalization

three stages

Initial request

Feels confident

Get feedback

½ƘŀƴƎ Ŝǘ ŀƭΦ ά¢ƻǿŀǊŘǎ /ƻƴǾŜǊǎŀǘƛƻƴŀƭ {ŜŀǊŎƘ ŀƴŘ wŜŎƻƳƳŜƴŘŀǘƛƻƴΥ {ȅǎǘŜƳ !ǎƪΣ ¦ǎŜǊ wŜǎǇƻƴŘέό/LYaΩ муύ

оф

wŜǎŜŀǊŎƘ vǳŜǎǘƛƻƴ ππDƛǾŜƴ ǘƘŜ 
ǊŜǉǳŜǎǘǎ ǎǇŜŎƛŦƛŜŘ ƛƴ ŘƛŀƭƻƎǳŜǎΣ 
ǘƘŜ ǎȅǎǘŜƳ ƴŜŜŘǎ ǘƻ ǇǊŜŘƛŎǘΥ
мΦ²Ƙŀǘ ǉǳŜǎǘƛƻƴǎ ǘƻ ŀǎƪ
нΦ²Ƙŀǘ ƛǘŜƳǎ ǘƻ ǊŜŎƻƳƳŜƴŘ



ÅSAUR ïMethod -- Representation

пл

Item Representations Query Representation

Also a gated recurrent unit (GRU)

Query sequence c1, c2 é is extracted in 

conversations

½ƘŀƴƎ Ŝǘ ŀƭΦ ά¢ƻǿŀǊŘǎ /ƻƴǾŜǊǎŀǘƛƻƴŀƭ {ŜŀǊŎƘ ŀƴŘ wŜŎƻƳƳŜƴŘŀǘƛƻƴΥ {ȅǎǘŜƳ !ǎƪΣ ¦ǎŜǊ wŜǎǇƻƴŘέό/LYaΩ муύ



ÅSAUR -Method

Question Loss

Joint optimize

Search (item) Loss The Unified  Architecture

½ƘŀƴƎ Ŝǘ ŀƭΦ ά¢ƻǿŀǊŘǎ /ƻƴǾŜǊǎŀǘƛƻƴŀƭ {ŜŀǊŎƘ ŀƴŘ wŜŎƻƳƳŜƴŘŀǘƛƻƴΥ {ȅǎǘŜƳ !ǎƪΣ ¦ǎŜǊ wŜǎǇƻƴŘέό/LYaΩ муύ пм



ÅSAUR - Evaluation

Evaluation Criteria:
1.Query prediction

2.Item prediction (e.g., NDCG)

Userôs review

Top category



ÅQuestion-based recommendation(Qrec) - Formalization

44

I want to find a towel 

for a bath ?

Are you seeking for a 

cottonrelated item?

Yes!

No.

Are you seeking for a 

beach towel related item?

Yes!

Are you seeking for a bath-

room towel related item?

The recommendation list:

Towel A Towel B

historical user-item 

interaction data

½ƻǳ Ŝǘ ŀƭΦ ά¢ƻǿŀǊŘǎ vǳŜǎǘƛƻƴ-ōŀǎŜŘ wŜŎƻƳƳŜƴŘŜǊ {ȅǎǘŜƳǎέό{LDLwΩ нлύ



ÅQrec -Method --Offline and Online Optimization 

Latent Factor Recommendation

Offline Optimization Online Optimization

̂feedback from user, 
(i.e. Y ) ̃

Recommendation listRanking

:

½ƻǳ Ŝǘ ŀƭΦ ά¢ƻǿŀǊŘǎ vǳŜǎǘƛƻƴ-ōŀǎŜŘ wŜŎƻƳƳŜƴŘŜǊ {ȅǎǘŜƳǎέό{LDLwΩ нлύ
пр



ÅQrec - Method -- Choosing Questions to Ask 

Attribute Choosing criteria̔Finding the most uncertain [attribute] to ask.

The smaller the preference confidence 

indicate the more uncertain attribute.

½ƻǳ Ŝǘ ŀƭΦ ά¢ƻǿŀǊŘǎ vǳŜǎǘƛƻƴπōŀǎŜŘ wŜŎƻƳƳŜƴŘŜǊ {ȅǎǘŜƳǎέό{LDLwΩ нлύ

46



ÅQrec-Evaluation

Evaluation Measures:

recall@5, MRR, NDCG

only on items!

No questions are evaluated, 

but if question asking strategy 

is bad, the item 

recommendation results will 

not be good.

Simulating Users

Dataset:  Amazon product dataset

Using TAGME (an entity linking tool) to find the 

entities in the product description page as the 

attributes.

Are you seeking for a 

cottonrelated item?

Yes!

No.

Are you seeking for a 

beach towel related item?

Yes!

Are you seeking for a bath-

room towel related item?

The recommendation list:

Towel A Towel B

Item Name: ñCotton Hotel spa Bathroom Towelò

Item Attributes:  [cotton, bathroom, hand towels]

Template-based 

question

simulate

½ƻǳ Ŝǘ ŀƭΦ ά¢ƻǿŀǊŘǎ vǳŜǎǘƛƻƴπōŀǎŜŘ wŜŎƻƳƳŜƴŘŜǊ {ȅǎǘŜƳǎέό{LDLwΩ нлύ
47



ÅQuestion & Recommendation(Q&R) -Formalization

Positive-only type of feedback

(click topics)

Only asking question 

once and make one 

recommendation

Incorporatesthe user

feedbackto improve 

video recommendations

User is prompted 

to choose as many 

topics as they like

/ƘǊƛǎǘŀƪƻǇƻǳƭƻǳ Ŝǘ ŀƭΦ άvϧwΥ ! ¢ǿƻ-{ǘŀƎŜ !ǇǇǊƻŀŎƘ ǘƻǿŀǊŘ LƴǘŜǊŀŎǘƛǾŜ wŜŎƻƳƳŜƴŘŀǘƛƻƴέόY55Ω муύ
пу



ÅQ&R - Method

Two Main Tasks

What to ask How to respond

feedback 

i.e., predicting the sequential 

future (interested topic)

building better user profiles

i.e., predicting  the video that 

the user be most interested in

given the video(user 

interests)

the sequence of  

watch videos

step1 step2

/ƘǊƛǎǘŀƪƻǇƻǳƭƻǳ Ŝǘ ŀƭΦ άvϧwΥ ! ¢ǿƻπ{ǘŀƎŜ !ǇǇǊƻŀŎƘ ǘƻǿŀǊŘ LƴǘŜǊŀŎǘƛǾŜ wŜŎƻƳƳŜƴŘŀǘƛƻƴέόY55Ω муύ
пф



ÅQ&R - Evaluation

Offline Evaluation

Data

YouTube user watch sequences

1.The watch sequenceof a user up until the 

previous to last step

2.The video IDand topic ID of the userôs last 

watch event

Online Evaluation

watched video id 

(until t)

watched video 

topic id (until t)

video topic id 

(t+1)

feature context 

(until t)

Target video id  

(t+1)

/ƘǊƛǎǘŀƪƻǇƻǳƭƻǳ Ŝǘ ŀƭΦ άvϧwΥ ! ¢ǿƻ-{ǘŀƎŜ !ǇǇǊƻŀŎƘ ǘƻǿŀǊŘ LƴǘŜǊŀŎǘƛǾŜ wŜŎƻƳƳŜƴŘŀǘƛƻƴέόY55Ω муύ
рл
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ÅTutorial Outline

ẂA Glimpse of Dialogue System

ẂFour research directions in conversational recommendation system
ẂQuestion Driven Approaches

ẂMulti-turn Conversational Recommendation Strategy

ẂDialogue Understanding and Generation

ẂExploitation-Exploration Trade-offs for Cold Users

ẂSummary of Formalizations and Evaluations



Å Make a recommendationonly once

afterasking question.

Recommender System

Scenario:single roundof a conversation between a 

user and the system

Recommend 

once and break 

the dialogue

ÅCRM -Formalization

{ǳƴ Ŝǘ ŀƭΦ ά/ƻƴǾŜǊǎŀǘƛƻƴŀƭ wŜŎƻƳƳŜƴŘŜǊ {ȅǎǘŜƳέό{LDLwΩ муύ



ÅCRM - Method -- Dialogue Component

Belief Tracker

Å Input:   the current and the past user utterances

representation Zt

Å Output:   a probability distribution of facets 

the agentôs current belief 

of the dialogue state

LSTM

{ǳƴ Ŝǘ ŀƭΦ ά/ƻƴǾŜǊǎŀǘƛƻƴŀƭ wŜŎƻƳƳŜƴŘŜǊ {ȅǎǘŜƳέό{LDLwΩ муύ

рп



ÅCRM - Method

Recommender System

1-hot encoded user/item vector

a rating score

User feedback is not encoded

Å Input:   

Å Output:   

CŀŎǘƻǊƛȊŀǘƛƻƴ aŀŎƘƛƴŜ όCaύ
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ÅCRM - Method

Deep Policy Network

two fully connected layers

as the policy network

Adopt the policy gradient method of 

reinforcement learning

Å State:   

Description of the 

conversation context

Å Action

:   

request the value 

of a facet

make a personalized 

recommendation

Å Reward

:   

benefit/penalty the agent gets from

interactingwith its environment

Å Policy:   

Decisions based only on the

belief tracker

рс

{ǳƴ Ŝǘ ŀƭΦ ά/ƻƴǾŜǊǎŀǘƛƻƴŀƭ wŜŎƻƳƳŜƴŘŜǊ {ȅǎǘŜƳέό{LDLwΩ муύ



ÅCRM -Evaluation
User Simulation

Yelp (the restaurants and food data)

Evaluation Metrics

Iôm looking for Italianfood in San Diego. 

Which stateare you in?

Iôm in California.

Which pricerange do you like?

Low price

What ratingrange do you want?

3.5 or higher.

Do you want ñSmall Italy Restaurantò?

thank you!

Item Name: ñSmall Italy Restaurantò

Item Attributes :  [Italian, San Diego, California, 

cheap, rating>=3.5]

(city="Italian", category="San Diego")

(state=ñCA")

(price_range="cheap")

(rating_range>="3.5")

57{ǳƴ Ŝǘ ŀƭΦ ά/ƻƴǾŜǊǎŀǘƛƻƴŀƭ wŜŎƻƳƳŜƴŘŜǊ {ȅǎǘŜƳέό{LDLwΩ муύ



Å Key Research Questions

1.What item/attribute to 

recommend/ask? 

1.Strategy to ask and 

recommend?

1.How to adapt to user's online 

feedback?

Objective:

Recommend desired items to user in shortest turns

Workflow of Multi-round  Conversational Recommendation (MCR)

ÅEstimationïActionïReflection(EAR) - Formalization

рф

Lei et al.ñEstimationïActionïReflection: Towards Deep Interaction 

Between Conversational and Recommender Systemsò(WSDMô20)



aŜǘƘƻŘΥ !ǘǘǊƛōǳǘŜπŀǿŀǊŜ Ca ŦƻǊ LǘŜƳ tǊŜŘƛŎǘƛƻƴ ŀƴŘ !ǘǘǊƛōǳǘŜ tǊŜŦŜǊŜƴŎŜ tǊŜŘƛŎǘƛƻƴ
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ordinary negative 
example

¢ƘŜ ƛǘŜƳǎ ǎŀǘƛǎŦȅƛƴƎ ǘƘŜ ǎǇŜŎƛŦƛŜŘ ŀǘǘǊƛōǳǘŜ 
ōǳǘ ǎǘƛƭƭ ŀǊŜ ƴƻǘ ŎƭƛŎƪŜŘ ōȅ ǘƘŜ ǳǎŜǊ

Lei et al.ñEstimationïActionïReflection: Towards Deep Interaction 

Between Conversational and Recommender Systemsò(WSDMô20)

ÅEAR -Method --What Item to Recommend and What 

Attribute to Ask

Score function for 

item prediction



Multi-task Learning: Optimize for item ranking and 

attribute ranking simultaneously.

Score function for 

attribute preference prediction

aŜǘƘƻŘΥ !ǘǘǊƛōǳǘŜπŀǿŀǊŜ Ca ŦƻǊ LǘŜƳ tǊŜŘƛŎǘƛƻƴ ŀƴŘ !ǘǘǊƛōǳǘŜ tǊŜŦŜǊŜƴŎŜ tǊŜŘƛŎǘƛƻƴ

62

Lei et al.ñEstimationïActionïReflection: Towards Deep Interaction 

Between Conversational and Recommender Systemsò(WSDMô20)

ÅEAR - Method -- What Item to Recommend and What 

Attribute to Ask



We use ǊŜƛƴŦƻǊŎŜƳŜƴǘ ƭŜŀǊƴƛƴƎto find the best strategy.

Åpolicy gradient method

Åsimple policy network (2-layer feedforward network)

Note: 3 of the 4 information come from Recommender Part

Action Space: 

Method: Strategy to Ask and Recommend? (Action Stage)

64Lei et al.ñEstimationïActionïReflection: Towards Deep Interaction 

Between Conversational and Recommender Systemsò(WSDMô20)

ÅEAR - Method -- Action stage



Solution: We treat the recently rejected 10 items as negative samples to re-

train the recommender, to adjust the estimation of user preference.

Method:  How to Adapt to User's Online Feedback? (Reflection stage)

65

Lei et al.ñEstimationïActionïReflection: Towards Deep Interaction 

Between Conversational and Recommender Systemsò(WSDMô20)

ÅEAR -Method --Reflection
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ÅEAR - Evaluation 

Item Name: ñSmall Italy Restaurantò

Item Attributes:  [Pizza, Nightlife, Wine, Jazz]

I'd like some Italianfood.

Got you, do you like some pizza?

Yes!

Got you, do you like some nightlife?

Yes!

Do you want ñSmall Parisò?

Rejected!

Got you, do you like some Rock Music?

No!

Do you want ñSmall Italy Restaurantò?

Accepted!
Check, I donôt want 

ñRock Musicò

Template-

based 

utterances

Check, I donôt want 

ñSmall Parisò

Evaluation Matrices:

ÅSR @ k (Success rate at k-th turn)

ÅAT (Average Turns)

Lei et al.ñEstimationïActionïReflection: Towards Deep Interaction 

Between Conversational and Recommender Systemsò(WSDMô20)



67

ÅCPR -Motivation

Lei et al.ñInteractive Path Reasoning on Graph for Conversational 

Recommendationò(KDDô20)



CPR Framework

Lei et al.ñInteractive Path Reasoning on Graph for Conversational Recommendationò(KDDô20)

ÅCPR -Method



Å

Message propagation from attributes to 
items

ÅItem prediction

Factorization Machine in EAR 

Å Optimization: 
Bayesian Personalized Ranking

!ƴ ƛƴǎǘŀƴǘƛŀǘƛƻƴ ƻŦ /tw 
CǊŀƳŜǿƻǊƪ

The same with the recommender 
model in EAR

Message propagation from items to 
attributes

ÅWeighted attribute information 

entropy

Information entropy strategy 

Lei et al.ñInteractive Path Reasoning on Graph for Conversational Recommendationò(KDDô20)
70

ÅCPR - Method



Input

Output

DQN method

Policy:

TD loss:

71Lei et al.ñInteractive Path Reasoning on Graph for Conversational Recommendationò(KDDô20)

ÅCPR -Method



CPR can make the reasoning process explainable 
and easy-to-interpret!

Sample conversations generated by SCPR (left) and EAR 
(right) and their illustrations on the graph (middle).

Lei et al.ñInteractive Path Reasoning on Graph for Conversational Recommendationò(KDDô20)

72

ÅCPR - Evaluation
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ÅReDial - Formalization

/ƻƴǾŜǊǎŀǘƛƻƴŀƭ ǊŜŎƻƳƳŜƴŘŀǘƛƻƴ 
ǘƘǊƻǳƎƘ ƴŀǘǳǊŀƭ ƭŀƴƎǳŀƎŜ όƛƴ ƳƻǾƛŜ 
ŘƻƳŀƛƴύ

π{ŜŜƪŜǊΥ ŜȄǇƭŀƛƴ ǿƘŀǘ ƪƛƴŘ ƻŦ ƳƻǾƛŜ 
ƘŜκǎƘŜ ƭƛƪŜǎΣ ŀƴŘ ŀǎƪǎ ŦƻǊ ƳƻǾƛŜ 
ǎǳƎƎŜǎǘƛƻƴǎ

πwŜŎƻƳƳŜƴŘŜǊΥ ǳƴŘŜǊǎǘŀƴŘ ǘƘŜ 
ǎŜŜƪŜǊΩǎ ƳƻǾƛŜ ǘŀǎǘŜǎΣ ŀƴŘ 
ǊŜŎƻƳƳŜƴŘǎ ƳƻǾƛŜǎ

Li  et al. ñTowards Deep Conversational Recommendationsò (NIPSô 18)


