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Alnformation Seeking

Information
overload

Information explosion problem?

AlInformation seeking requirements
E-commerce(Amazon and Alibaba)
Social networking(Facebook and Wechat)
Content sharing platforms(Instagram and Pinterest)

Two major types of i
seeking technivguck
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ARecommendation Has Become Prevalent in IR Community
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ATypical Recommender Systems

User

Click
Recommender systems L@J ) Visitl :
Apr edi c tprefarenaes e r 0 s : Rating“
towards an item by analyzing )
their past behavior

Interface

Top
e.d., click history, visit log, oreference recommeryiation

ratings on items, €tc

j; Dat abase Recommended system
/\/\/

Implicit

/\/\/




AEXisting Static Recommendatioh Collaborative Filtering
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Factorization Machines

Deep |l earning approac ...

Embedding Layer User Latent Vector | Item Latent Vector
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Item (i)

Neural Collaborative Filtering

Graph-based approaches EE%D ﬁ]
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ALimitation: Information Asymmetry

Key Problems for Recommendati on

Al nformation asymmetry
AA systeme sctainmsobperse f er ences based on t

Al ntrinsic | imitation
AUs @dpisef er enlc éodvteaf ttd me s .
Al t | S haaocdunat Drne:iaescoomsmend

beer

You may like
diaper. —

ele

v

i



AEXisting Online Recommendatioh Bandit

Exploration and
Exploitation Balance

Online Recommendation

Am —— ltem/ Item Caff
Reward —— User feedback |

Envir onme dser

WBandit Al gorithm
A Ex piExiptl ore probl em Mu FAtrimed Bandi t
A CoiSd art probl em



ALimitation® Lack of Explainability

What's inside the
black room?

Figure credit: Spotx


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

AConversation Brings Revolution

@Can you find me a mobile phone on Amazon? N C O n V e r S a t I (
TN i Hi! I'm looking for a dance Recommender

OK, and any preference on screen size? @ music artist.

@ Better larger than 5 inches.
Do you have requirements on storage capacity? é} ) )
@ I want it to be at least 64 Gigabytes. Do you like rock music?
And any preference on phone color? @

B P e then what about the following choices? € Yes! I like it! Interactive
L! }.:. Iﬂ := recommendation

Do you like pop music?
@ I don’t like them very much...

OK, do you have any preference on the brand? é} ) .
@ Better be Samsung or Huawei. Yes! I like it!
Any requirement on price? @

Should be within 700 dollars. U . I
@ = = (())K?E}S]en what about these ones? é) i S I n g n at u ra

You may like music artist

! % E m _I Michael Jackson ! |angu ages

@ Great, I want the first one, can you order it for me? Yes! Thank YOU-!
L Sure, I have placed the order for you, enjoy! ¢-3))

The example of a conversational
recommender system



AConversational

ATagbased Interaction

Skip

Choose your
interests

Get personalized video recommendations

r.; Animals 12 Comedy

- Travel @ Food
@ Sports ’ Beauty & Style
< At M) Gaming

%@ Science & Education

,ﬁp Dance o},,o DIY

Dislike the content? Choose the ones that interé’gt

Animation

a e example of tahased
t 9 K t Omteractlorr)l on kugsﬁou

Affection

Recommender

S



AConversational Recommendation Bridges Search and
Recommendation

Traditional paradsegeki hgogr I nformat
SearchoRpaobmmendati on (push)

ltem description - Item embedding
+ - User embedding
. % - Attribute embeddin
embeddJng .

- e
Interactive
recommendation

- €

- ltem desicriptio
“attrii buft e ™\

Expl ici't u implictt
p q y recommendation

C —2 O
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AConversational Recommender S

Four Directions being Explored

= Designing suitable evaluation metrics for each component
1. Question Driven Approaches et ol y: i =\
. . Respoﬂs Language
2. Multi-turn Conversational Understanding[2)| Dialogue fecommendos
. Polic .
Recommendation Strategy O > 3 s Management | engine
. . . Language
3. ExploitationExploration Tradeoffs O = Generation | 1 S 1 ’
for Cold Users ottt T petreniesry § T Tedingoffin
. . = Understandin asking exploration
4. Dialogue Understanding and mdgeneraing ¢ uestomsand 3T
G e n e ratl O n dialogues multi-tufn recoTézzﬁgation
conversation

12



AQuestion Driven Approaches in CRS

The key advantage of

being able to ask questi o |

AAs k aatoturti but es/ tofpiictséd msatteq

t he recommended candi dat es.

restaurant ®0- | am so hungry - can you find me
center O a place to eat in the city center?

O
o

0 of food do you like?

Q
%ﬁ [I can do that. Which price %
range do you prefer?
2 el S Bot 3
Bot 1 %
Bot 2

Zhang et alTaskOriented Dialog Systems that Consider Multiple
Appropriate Responses under t

C

Q select
request | have French and lItalian food
Sure. Which kind } food, any preference? O |

h e

User Profile

onv A

/
!

e C

Question
Generation
Model

about sketch comedy?

|
I
I
[
|
|
|
I
i
| . ,
i Would you like to watch a video
|
|
|
|
|
|
|
|
\
1

Recomm-
endation
Model

[ KNR &Gl | 2 2odef Y2 df BAD € IOLILINGE
Samey T8Nt ekt 0% A @BYW 2O Y R



AVlulti -turn Conversational Recommendation Strategy

A System needskt guamhmabea st ecommendati o
Il n a-tnmulnt iconver sati on

User Response

W Purpose making successful

~

. . 2 R d - Rejectltems -
recommendations with less turns of espond L J
Interactions > Reply Attribute
i/ Chall dd Foop k )
W Challenges to address: Accept Recom (| O.Start [ . S
] . ] ......................... Sﬂ run|t|ate an Attrlbute System
1. Which items or attributes to - [aut . ,
recommend? : System Action . \
. ! _[ Ask Attribute ‘ 1. Decid
2. When to ask questions and when t@ / ecide
I ~ I
make recommendations? L -[Recommend tems k!

3. How to adapt user feedback - -

Lei nEstammActiiBenhl ecti on: Toward
Bet ween Conversationab(W&lﬂZl\/DRelg



AExploitation -Exploration Trade-offs for Cold Users

Exploration Expl ol t a
(Learning) Tradeoff (Ear ni ng

Take some risk to collect information Takes advantage
about unknown options option that 1is

Leverage the dynamics of CRS '

to benefit the E&E trade-off for Traditional
. Contextual
cold users/items. Bandit

Conversational
feedback

Yes!



ADialogue Understanding and Generation

% Rul e/ Tebmpd ead eNeural methods \/

. aT— o , Casual, more
1 want some want some
Inflexibles . e / natural.

hat category of music do you like?

Yeah, wanna some relaxed music

OB (NI O 4\

ConStl‘ained Feel tired in work? What do you war
:
|

I v s A -

dza S NJ dzu 0[S

Which Pop singer do you like? As you wish, how about this one?

It is a new song just released by Jay

|
|
|
I Pop.
|
|
I
|

Jay Chou.

ClLAf (2

Z)/R_IgpN\ﬁy ul. eynl_-‘b'y this song.:
dza SNJ AV S

Q|-L+X|an'q Oh | love

Express actions in
y By'Jay Chou ti mes. I wa

generated responses

11
T 11
: Change it 11 Yeah, Mojito is too popular y.
I I ol rd
Hope ou enj t Mayke yau §kg gome niche songs like — ' .
: P Y J E):y this one. The smgger is also Jay Chou Ct dzS y u ) lA }/
: Change it 11 ' [ 2 aAausS
! By StevieRay 1 Mal t C:a n y y
: Vaughan : : By Jay Chou |



ATut orial Outline

WFour research directions in conversational recommendation syst
WQuestion Driven Approaches
WMulti-turn Conversational Recommendation Strategy
WhDialogueUnderstanding an@eneration
WExploitationExploration Tradeoffs for Cold Users

W Summaryof Formalizations and Evaluations



ATwo Types of Dialogue System:

ATask-oriented Dialogue System ANo# a®kiented Dial
Eo (Chatbot)
&'ﬁ e :ﬂ
O“] Shopping Booking Chit chat
setting Mem® Playing Media

(@m) Akt

18



ATypical Structure of Task-oriented Dialogue System

I wantto find & Natural Language L Dialog State / f |
Understanding Tracking

Chinese restaurant.” R q.
/ Inform (cuisine="“Chinese”) —'J7\ L'JS
, Dialog i
. User Dialog State | mMana ger — Kn%v;:seedge
Query

\ Request (Iocaﬁon) I
Zhang et al. Recent advances anc
» Natural Language ) . .
Where d. . « Dialog Pol . . .
o oa [ Generation } [ g Fotey ] challenges in taskriented dialog

wS 02 YYSyY RA Y Iookidgiest@urants system (Scienc
{ SGUuoAy3a I~

AOL f
AY S

a
{

want to eat? ”

| want to find a Chinese

restaurant.

| want some I
|
| - .
Where do you want to eat?, é . Remind me this after
|
0

music. |
What category of music do you like?, é

Pop. : '

:
What time do you want me to

:
:
:
bt h1 remind you this afternoon? !
:
:
:
:
:

Near the center
- - I I
Whatprlcerangedoyoullke?:é' Three Ob8cl ock :

:
:

:
Which Pop singer do you like?! %
:

| Moderate is

, : :
ok. Okay, | will remind you at 15:00. é

Hope vyou enjoy:éhiSl :
N : @Today15:00|é

%%ﬂHaiDiLao H:o p ot |
|
| ___________________

:
Hope you enj:cé t h
:

# Qi-Li-Xiang
Bylay Chou;



ANatural Language Understanding

AThree Pur B € An example utterance with
1 Domain detecti onannotationsinlOB format

W find recent comedies by james cameron

2.1 nt ent det e l 1 ! 1 1 1
S O B-date B-genre O  B-dir I-dir

3.S| ot val ue ¢D movis
I find_movie

where: |l n | OB f or mat :
S:semanticslots. O:a token bel on
D: domain. B--t he beginning
|: intent. l--a token 1 nsid

Hak kuwi et al .-Otseoed BGioal og Model
Empirical Anwlgei Evaf uasyPsEteam | NT



ADialogue State Tracking

Recent slod tuet n thh avs e adt

Ai ming to track all themet #toetks
accumul ated across the COl”\quaSSastiiPi”@'ebtaisoard)( D
turns : :
2.Copying (generat.
User System { Dialog State Tracking
I (hotel, price range, cheap), (hotel, type, hotel)
| am leoking for a place to stay that has cheap price range and it should be in a type of hotel.
l
Okay, do you have a specific area you want to stay in? I (hotel, price range, cheap), (hotel, type, hotel),
No, | just need to make sure it's cheap. Oh, and | need parking. I (hotel, parking, yes)
- l (hotel, price range, cheap), (hotel, type, hotel),
| found 1 cheap hotel for you that includes parking. Do you like me to book it? I (hotel, parking, yes), (hotel, book day, Tuesday),
Yes, please. & people 3 nights starting on Tuesday. (hotel, book people, 6), (hotel, book stay, 3)
l
. | (hotel, price range, cheap), (hotel, type, hotel),
Booking was successful. Reference number is: Ygawk763. Anything else | can do for you? (hotel, parking, yes), (hotel, book day, Tuesday),
| also need to book an expensive restaurant with Japanese food. I (hotel, book people, 6), (hotel, book stay, 3),
(restaurant, price range, expensive),
(restaurant, type, Japanese)
\

Zhang et al. Find or Classify? Dual Strategy for\8lbte Predictonson Muli 2 Y Ay S5A Lt 23 {

= a em s e s s e e e s s e

[entN

>

0y

©
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AJointIy Solving Natur al Language Un
TrackiEKhagassi ficati on

AUsing a classifier as dialogue state tracker

—_______\

price range = cheap — encoder

hdzi LJdzi | LINRO |

—

Encoder module I Scoring module
Systemn actions in previous turn T T T T T T R v "
3 . Ay 5 ! Gl I I - I I
request(food) = I . act I
i | I
[ 1Y !
Ag eAn22§Zr : CE I | Action scorer e Mixture I
request(price range) Ly i : - ll - I
1
1 L A I I | o, v, 'I ",
I I | } [ - I Uy
. — I I u
User utterance : [:11“ | : Yy ll I
| just want to eat at a cheap i I I i [
restaurant in the south part of town. X" i ' HUtI l | I
What food types are available, can Utterance | ! ' J .| Utterance | |
you also provide some phone | encoder | : scorer 1| I
numbers? : | . > |
| ! I : |
I I B e . e e ] l
- - | ' ‘ P(price range=cheap)
Slot value under consideration | p g p
V | I !,.,"-’Ell e - bs s e EE s .
[ Slot-value [ !-
l |
| I
! I
L |

Zhong et al. Globdlocally Self G 6§ SY U A dS 9y O2RSNJ F2NJ 5AFf23dzS2 { OF



Al oi ntly Solving Natur al Language Un
TrackeE€ogyli ng

AFind the text span in original uttera

B, R, U,
Turn Dialogue { <lnf lialian ; cheap </Inf> NAME _SLOT is a cheap restavrant Tell me the address and the
] <Reg=</Reg= serving western lood phone number please . <55

User, Can I have som{Ttalian)food please?

Mach <Inf> ltalian </Inf~<Req> </Req> ! .
ime, What price range are vou looking for? ] .

User, 1 want(cheaplones.

Mach <Inf= [talian : cheap </Inf>
imey <Reg=>=/Heqg>= - -
NAME SLOT is a cheap restanrant

serving wesiern food . .
User, Tell me the address and the : O i

phone number please .

Mach <Inf- ltalian ; cheap </Inf> <Inf> lialian ; cheap </Inf> <Reg=address ; The address is ﬁbl’_lﬂli};&i._f«i.Lﬂ'l' and the phone number is
ime, =Reg=address ; phone<Reqg= plione Reg= PHONE _SLOT
The address is ADDRESS SLOT ! !
and the phone number is B i R
PHONE SLOT 3 3




ADialogue Policy

ADi al ogue act in a session are gener at €
Mar kov Decision Process ( MDP)

/-~ —— .
A C an b e ad d ress @U p e rVi se d I Utterance , How about a British restaurant in north part of town.
. ] Intent Query
Le arnin g or R el nfo rceme nt I Slot Value ' Cuisine=British, Location=North

R, Riyq

.
N

<
-
-
A

Learning
Reward
w actiona, __
RL k,.-\ l/ . qé State

£,
2

' reward 1,
next-observation o, ¢ Action a4 a Qria

A framework of MDP.

Zhang et al. Recent advances and challenges inaashkted
RALFf23 aeaidsSy o{O0OAr [/ KAy’




ANatur al Language Generatil on

AStrategies: AChallenges
AAdequacy: meaning equivalence,

ASurface realization .
- | AFluency: syntactic correctness,
AConditioned language generation AReadability: efficacy in context,

(RNN-based neural network) AVariation : different expression.

{SYl ywtARQIRAUBA 2y SR DSYSNI GAGS
t NﬁN\] 7\ )fﬁ)jf E 0 é @ IQ R é f[BOS] Let me confirm that you are searching for Hinton hotel in the center area [EOS]
tsyEI SuaKIqucprISuzdzNJf [} |[ [H H ][}[J [_][_‘

ﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁ

Confir ( name = Hinton , area = center ) [BOS] Let me confirm that you are searchingfor Hinton hotel in the centerarea [EOS]

\ J \ J
Y Y

Dialog Act System Response 26




ANo#h a®kiented Dialogue System
all OKAYS Human

q

Y

AChit-chat: casual and negoaloriented.
AOpen domain and open ended

AChallenges:
ACoherence
ADiversity
AEngagement
Aé

AUltimate goal: to pass Turing Test

| 2 YYdzy A




ATemplate-based (Rulebased) Solution

Hello how are you doing?

AUnscalable require

/ \ human labor
Good Meh Bad
/ \ Alnflexible: hard to
v adopt to unseen topic
Thata_ nice, I'm glad tc What do you mear I|m sorry, you
hear it Meh? anna talk about it?
As ar'*‘n I How are Nol'm ﬁnE’IITi:;
?DL; holdi Yeah...
ups
X Y
Cool Wo. Go on...




ARet r ibawsa®ld Sol uti on

Matching score

al 0§OKAY 3
Cdzy OGA2Y

WAssumption:
AA large candidate response set such that all

input utterances can get a proper response. r v dz S " y‘ Answer
S LINE S Répredeafio
I

T T 1t

How are you? | am fine.

vdzSaidA2y wSaLlRy
Ol YRAR

H &



AGeneration-based Solution-- Classical Sequence to Sequence

AChall enges

ABl andness A Basic Model:
ABasic model s d t EncodefAttention-Decoder ¢

ten
responsesodalnidk .6 OKI see
AConsi stency Ax
ment

ALogi cabnseéebktent aef
tur ns, e. g. , persona, E-S T N——

ALack of Knowl edge--*“"

ATy pi cal -t sseegquueemccee
onIy mi mi c surface encge
rdering patterns Wy . ' i '
rld knowl edges deepl y.

Wuetal. DeepChit KI Y 5SSLI [ SINYyAYy3 T2N

oM

WO



ABl andiweAsHsased sol uti on

AProblem in chatbpott L .- »B: Tell me your hobby first
AThe lack of diversity: often generate N ot oot sea ->B:hmm
and generic response.
ASolution:
AUsing latent variables to learn a

-
-

> B: | like play tennis.

AUsing Conditional Variational
Autoencoders(CVAE) to infer the latent
variable.

A c: dialog history information
A x: the input user utterance

72K 2 E8 Ny By 3 Tt S5®s 62 BNBSNEAGE 7 2,32"% Bt@n‘?%‘&t&r otég‘tdb uc;;n%f ntenss
a2RSta daAy3a / 2yFR AuAQ;éd'fﬂM[mlNJ\luK\ y 1 RS NA K
y: linguistic feature no Iedge



AConsistency: Persona chat

AMot i vati on:
AThe | ack of a @&M@EiSI ST ENi|reP@el SON Al 1t

[ lpke t m an artist
AA t en q, enc y -\ts (p) € I:O:Mg(mﬁdoes not like me anymore ave four children
answems G ark@® O W Ihave went to Mexico 4 times this year | I recently got a cat

I hate Mexican food I enjoy walking for exercise

AS O I u: te |n (oi o W | N g m a IE’ etﬁatichefﬁs o g \\/ I Iltve \!za!tchjng Game of Thrones

l gur abl e mrgvnaii cONSI St ent
[PER§0N 2:] Hello ! How a;geu today ?

n f
ona (prof I | @ Er§oNLITamfddBankiol hflaGon. C h @ t S
|t

. [PERSON 2:] Great, thanks ! My children and I were just about to watch Game of Thron
On oOn. [PERSON 1:] Nice ! How old are your children?
[PERSON 2:] I have f ur that range in age from 10 to 21. You?

e MBCWH N@i Ve NP1 Oobhnd ihicuimmomen
f ormati on. [PERSON 1] And Cheetos atthe moment! - Tr o 0O
. PERSO 2:]1G hpice. Do you watch G f Thr ?
2.0 nformati on ab Grkbriinetolempaedns 0N t he
C h | n e | S t a | [RERFOW:]gusuallytspenﬁ my tlme painting: but, I love the show.
2dz Sd SINBE@Y It AT Ay3 5AFE23dz2S | ISy &H0¥Va i v K|



ALack of background knowledge: Knowledge grounded dialogue
response generation- Text

ASol uKinomwl edge retrieval from tex

(e.g., W kipedi a) I nRtesOponge'geanleré)te% Hye
iIntegrating knowledge

__________\

Knowledge retrieval module

- Transformer
; encoded Encoder2 | %
Dialog independently I
Context
"""""""" > \-| Transformer Transformer Dialogue
h 4 E ~ Encoder 1 | Decoder | Response I
IR knowledge

=» Knowledge E :
System — I

1 [ E

E ~ “‘*I:I' Atte_ 1 l +===--End-to-End-=--- - v
| I_lthII ENLL '

/ ‘> rl-m-:»'.W.rlqedg«e

SAYFY®SIU FINRO 2F 2 A1 MIISREANSYR Y y22y001 SNk S #n2 y



ALack of background knowledge: Know
response generation- KG

ASol utWiadb kwihnghi n
| arge knowl edg
At rack dialogue
At o gui de dial og

edge grounded dialogue

(a) Dialog Can you recommend any classic books like
Catcher in the Rye?

[=]

El | am interested in reading classic
examples of American literature.

Literary realism is a common genre in ‘
classic American literature.

[]

E Do you prefer books by the same author or same genre? |

Do you prefer First-person or Third-person narrative?

El | mostly prefer third-person narrative.

‘Consider reading the Scarlet Letter: a novel by

Nathaniel Hawthorne.

Blue arrow walkable paths led to engaging dialogue

Orange arrow norrideal paths that never mentioned
(Should be pruned)

az22y &LISK5®R | f QELI I Ayl of

(b) KG Genre

s | American
Literature

HAS EXAMPLE

Ist-person

YDY S
gAGK 16 EBRAZY (1 a 23S 83 YO ol SortEpge

The Catcher in the Rye Writer
s e  §
- by Profession

Place
ﬂﬂf birth

O
The Scarlet Letter | |Literacy Realism New York City
vl Vs , ~ 5 Film
TR A2y whl asyx
D R1d-persee 3 Catch Me If You Can

y




ATutorial Outline

WA Gl i mpse of Dialogue System
WEOUT research directi ons 1 n ¢

WMu I-ttuir n Conversational Recommendat
WDi al dgder st aGememgat@inan
WE x p| o iEtxatl ioo ra t-d fofns Tfreard eCol d User s

WSummarfy For mali zations and Ev:



Sure, what operating system do you prefer? é}

Can you find me a mobile phone on Amazon? u K S é é é u S Y' y’ S é
)l I want an Android one. A

OK, and any preference on screen size? @ M @ K I u IJ d ZS N

S

@ Better larger than 5 inches.

Do you have requirements on storage capacity? éy e —— .’. -
@ I want it to be at least 64 Gigabytes. H @ K I u A u

And any preference on phone color? @

Qs —— 1.dnitiation—

Sure, then what about the following choices? .3)

[[!lil@: User 1 nitiates| a convers

@ldon’tlikethemverymuch... é)' IS 2 _C O n V e r S a. t I O n

OK, do you have any preference on the brand?
@ Better be Samsung or Huawei.

requirement on rice?@
i Asks the user [phefer esnic
product aspects

B:ElA 3 Dins pl ay

@ Great, I want the first one, can you order it for me?
Di splay product to the u

\ 4

L Sure, I have placed the order for you, enjoy!

Figure 1: Example for conversational search in e-commerce
product search or recommendation scenario (best in color).

BKIFyYy3a S0 fd a¢26 NRa [/ 2YOSNAEFGA2Y LT {SINOK YR wSO2YYSYyRLI



ASAUR i Method -- Representation

- : Question Module
Memory Module for item v e —
5 ] a3 iy ] ig 7 S5 mf Em%-"” ' - _h_“-——___ —
0.0 0.6 | oo 0.0 i|I|:|.? 0.0 a0 o0 . f____:_
II I|ll 1 P+ I . - -
|I | _F_ullvcmnetlrd layers Qutput layer  Softmax
1 | 52 5 S |85 s Sz 3 m} Search Module
0.0 0o oo Jog | oo Jos o0 oz 4’ T
| | — 1 T
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Fl e i L
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Item Representation for uy\ et Query Representation /

Figure 3: The Multi-Memory Network (MMN) architecture for conversational search and recommendation, including five cong-
ponents: query and item representations, the memory module, as well as the question and search modules.
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ASAURMet hod

Joint optimize
[The Unified Architecture]

| + | Search (item)Loss | )

Question Loss

Memory Module for ftem v o g Question M”‘d'b
) . , _ ) _ 2 me | T
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III I| Fully connected layers  CQutput layer  Sofimax
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| | | o Fully connected layers  Cuiput layer  Soltmas
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Figure 3: The Multi-Memory Network (MMN) architecture for conversational search and recommendation, including five com-
ponents: query and item representations, the memory module, as well as the question and search modules.
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ASAUR - Evaluation

/\/\/

Top category Eval uation Criter
1. Query predicition
2.l tem prediction (e.dg
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ﬁQuestlonbased recommendation(Qrec) Formallzatlon

Are you seeking for a
cottonrelated item?

Ye s !

Question number is

Are you seek — flor :adetermmedbypre set
beachrebwatekd em? parameters N,
Are you seeking for hath i
room towelrelated item? |
hi stor-itam: user i N |
: . fes! | Making Recommendation
i nteraction at a

. only once after N, questions
Threecommendat i | | ) a1

2

Towel A Towel B

o n

_________________________________________________________________________
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AQr eMet h-oaf f I i ne

and

Onl 1 ne Op

Latent Factor Recommendation <

Y;j: the number of attributes of item j that
satisfy the user 1 in current conversation.
For example, if a user specify [cotton]| and
[towel], but the item only gets [cotton],

4. Question ask

ng module

Are you

cotton r¢lated item?

seeking for a

Feedback

Qucstmn selection:

€

3 Question learhing module

. Continuous updating module

Belief

Initialize &

updating

U, V online

Y

Figure 1: Framework of our proposed question-based recommenda-
tion model, Qrec. Cotton is an extracted entity (informative term),
U, V, p. q are model variables, and « is a hyper-parameter of user

Yes
Y=I.
I - 1. Offline initialization module
~logp(U, V| R Y, ©) ﬁ f
. ) | Users’ Oftline
% Z (RU’_PT(“i OVJ))A]‘E[Z {YU _qT{uiovj))z"' i ratings initialization i
i.jeR JEY (2) \ i
M N Av ﬁ. |
; = lluslly + Z; - lIvilly + —||p||_¢ + = llall3.
Offline Optimization Online Optivmtzati on
feedback from user,

(i .¢€.

w2dz SG | fod a02

Y

)

U.V.p.q

updating

-

- 5. Recommendation module

'

\ 4

[Rankiuvﬁ].:%l?ecommend%ti
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AQrec - Method -- Choosing Questions to Ask

Attribute Choosing criteria® Finding the most uncertain [attribute] to ask.

N

[cotton] preference cnnfijlence: |Stike — Saislike The smaller the pref

; i ndicate the more un

dislike [cotton] score: Syiqine

SCore
ﬁb 3 Scores  J score; X (UVT,Y;)
[cotton] related [cotton] unrelated

item set item set

46
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______________________________________________________________________

AQr eEval uati on
Tempbased

Evaluation Measures: quest. o@n Are you seeking for a
recall@5, MRR, NDCG | cottonrelated item?

only on items!
Yes !

Are you seeking for a
beach towerelated item?

No.
| Are you seeking for aath
Dataset:Amazon product dataset room towelrelated item?
Using TAGME (an entity linking tool) to find the
entities in the product description page as the | Ye s | .
attributes. | Threrecommendatiio
~ IS|muIate(>
| t em N@GQontet on Hotel s@pa Bathrado W e
| t em At:tr i[badtetson, bat hrjoom, h arsvela t 0 Welb S ]
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AMuestion & Rec o mnireonrdmaat!iiozna(tQ &ol

2]

Pick
Question \ ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Model p—e s Gty
show :

Would you like to watch a video
\abOUt SketCh Comedy? / Figure 2: User Onboarding UL

........ T Positiveonly type of feedback
[ . User Feedback_: ]/ (click topics)

Only asking question
once and make one
recommendation

/

/ Y
Item
Recomm-
endation
Model
i | ncor gdreatuser
\ % feedback mprove
Figure 1: High-level Q&R overview. Video recommendati ons
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AQ&R - Method

Two Mai n Tasks

g —
building better user profiles given the video(user
: : : : : inter%strs) :
I .e., predictdng t\hetosaekqu e ntHoatorespond =y | . €., edi ct
future (interested topic) the user be m
stepl step2
| Video ID Softmax |
Watch N+1 |  TopicID Softmax | Watch N+1 l Re:LU I
| G?U b |  LabelTopicip | G’:U })
[ ReLU J | ReLU |
T
( | 1opcid | Vvideold |  Feature Context | [ Topicio | videoio | Feature Context |
:\ Watch N Watch N

Figure 3: Left: Topic Prediction (Question Ranking) Model. Right: Post-Fusion Approach for Response Model.
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AQ&R - Evaluation

Of fline Evaluati on Online Evaluation
Data
Pick topics you like
YouTube user watch sequen
1. Thwat ch soefguae nucseer up unt il
previous to | ast step

Ariana Grande Beyoncé Saturday Night
Live

2. Thei deantdolp i ocf |tllese luassetr
watch event

Comics Late-night talk Cooking
show

watched video id

. T
(until t) }
W a t C h e C| V I (J e 0 NBA Animation Films  gojiywood
topic i)d ((until t) | |
Target video id HKEIEEEN
featu © 'CO nteXt ( tl)+ Figure 2: User Onboarding UI
(until t) —
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ATutorial Outline

WA Gl i mpse of Dialogue System

WFouUT research directi ons 1 n |c
WQuestion Driven Approaches

WDi al dgder st aGememgat@inan
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ACRMFor mali zati on

. | ; b : Recommend
Scenarning:!l efraucdnver sati on petwgen
user and the system the dialogue
: , : 0, Belief
E . r:ﬁanttnﬁndaﬁar J — > Tracker " Recommender SyStem
y | .
: § v A Make ez ommeodhWtCen
‘ Whichcit?arﬂy@uj_?] o «— MZ?JEI: " | Recommender afaskin g quest ] on
QEELELLEEL > o LBk EE
e mmmsssssssssmsssEssmmssssssssssssmsennn.t ry

Figure 1: The conversational recommender system overview
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ACRM - Method -- Dialogue Component

____________________________

Policy Network

iy

RelLU
" Recommender i wa
' Ymon E : Fy
Vo Vo 1‘1;.* w RelLU
e s Wo W T\
. T v W]
' X e A ...
E ur'n é i-I'I é( S[ \
: i ".&)_. fi

Figure 2: The structure of the proposed conversational rec-
ommender model. The bottom part is the belief tracker, the
top left part is the recommendation model, and the top right
part is the deep policy network.

{dzy Q@ yIASHEL GA2Y ]

v

Bel i ef Tr acker

representation Zt

LSTM

T~

the agent 0s
of the dialogue state

4

A | n p uthe:current and the past user utterances

A Out p @ probability distribution of facets

sp=f1@fy... af vector representation
for the facet i
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ACRM - Method

____________________________

Policy Networki

ser feedback is not encodged

O

i RelU
/:r_ﬁéi:;::_rﬁ_n:l;e_r;élé_rn_""““““"""_\ | W5
E }rm,n E : F Y
' : T ; RelU :
E Vo, Vs . W, Wi | A :
X i

-

e/ Belief Tracker.

Figure 2: The structure of the proposed conversational rec-
ommender model. The bottom part is the belief tracker, the
top left part is the recommendation model, and the top right
part is the deep policy network.

\ 4

Recommender Syster

‘ Uy © USEr
Al npuk-umeines i item

N

1-h ot encoded uUse

CFOUG2NRT I GA2 al OKA

A Output:  Ymn

AN

a rating score
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ACRM - Method Decisions based only on

belief tracker

i Bolicy Network O
: a, : i
; A ; — Deep Policy Network
RelLU :
. Recommender W
' ¥mn i i A i A State Sf‘ = {f]_ $ fzr'!r $ fj}1
D! : T : :
Descri ption o
conversatiaon ¢

request the
of a facet
make a personalized
recommendation

{a1,az2,....a;1},

A Action

Arecs

A Reward benefi tt/hpermagletnyt ge
_ Vv

A o ef Tracker | I nt erwvaictthi nigt s envi
Figure 2: The structure of the proposed conversational rec- A Pol i ?I(a |S )’ t wo fully caonn
ommender model. The bottom part is the belief tracker, the ARS FL as t he pol i|lc y

top left part is the recommendation model, and the top right
part is the deep policy network.
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ARMEVYal uati on (" tem Name Sriial ltaly Restaurant
_ _ Item Attributes : [ltalian, San Diego, Californis
User Simulation cheap, rating>=3.5]
A - % D\ )
‘I(‘[. Yelp (the restaurants and food data)
(city="1ltalian", category="San GV & ..atlon
Iin | oo klin®mf b @@ ainn
Wh | r
g€ hatr e yOl.///ﬁ
Gm iCnl i f.dsbate=ACA")
Whi phircaenge do <§
(preicce_range="cheap” s - s udatogues o,
Whatatn agge do ialogues
. (rating. range>="3.5")
Do y O unS wa h t | t al (‘y’_) | AT = dialogue length.
t hank you!
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AEstimationi Actioni Reflection(EAR) - Formalization
Wor kfl owrotinMul Conversational F

User Response

i 1 A Key Research

.~ Rejectltems -,

\_ J I

{ | 1. What i tem/ attril
|_Reply Attribute | recommend/ ask?

2. Respond

Loop

0. Start -
AC?QPP'B?EQH]’” Us@ {Initiate an Attribute]—{ System } 1. Strategy 'E? o ask

Quit F recommend

System Action

( ]‘7 1. How to adapt to

Ask Attribute 1. Decide f eedback?

o

End I

== Recommend Items]‘

\_ Lei et aliAdioE Reflécton: Tawards Deep Interaction
Bet ween Conversat.i onal(W&Mg?é}b@:)o




AE ARMet h-owdhat |
t O

At tri but e
aSiKZ2{RYNK ¢ HzZNS

“Notaton | Meaning____

P A given attribute
u User embedding
P, User's known preferred
attributes

(Neg. 1) Vg := V\ V¢ The ordinary negative
sample as in standard BPR.

(Neg. 2) V, = V,gna \Vi Vcana is the set of candidate
items satisfying user's
preferred attributes.

Dy ={(u,v,v)|v' € V;} Paired sample for first kind
of negative sample

D, = {(u,v,v')|v' € V,} Paired sample for second
kind of negative sample

Lei et
Bet ween

tem to

As Kk

Ca T2NJ LGSY

§(u,v,Py) =ul v + Z vlpi
PEEPH

Litem

_ z —Ino (v, P,) — Y, v, P,))

ordinary negative
example
(uvv')eD,

+ Z —Ino (Y(u,v,P,) — Y (u,v',P))
(uv,v")eD, CKS AGSYS
+ 26ll®]|? : O
ollOl| odzii A GACf

a |1 Aciiod Reflectma: Towards Deep Interaction
Conversational( WabdM&R2C mmender

Systemso 61
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AEAR - Method -- What Item to Recommend and What

Attribute to Ask
aSUuUKZ2RIWNKR gHz2NES Ca F2NILGSY t NBRAOUGAZY

“Notaton | Meaning

p A given attribute Iplu,P,) = u'p+ Z P'P;
u User embedding Pi€Pu
P, User's known preferred
attributes

Laer= ). —o@@luP,) —g@'luPy) + Aell0l
(u.p,p)ED3

(Neg. 1) V; := P\ V¢ The ordinary negative
sample as in standard BPR.
(Neg. 2) V;, = V,gna \Vi Vecana is the set of candidate

items satisfying user's [ = Litem + Lattr

preferred attributes.
D, ={(u,v,v')|v' € V,;} Paired sample for first kind

of negative sample Mu l-ttaaisk Learning: Opti mi

D, = {(u,v,v")|v' € V, } Paired sample for second i I l

: Leray ) kind of negative sample at t r b u t € r-an k I n g S |
Lei nEstammActiiBenl ecti on: Towards Deep I nteraction

Bet ween Conversationado( WlEPMWRecommender Systems 62



AEAR - Method -- Action stage

Method: Strategy to Ask and RecommendZijon Stagg

We WNSe\y TF2NDOSYSSo if it bd Niyheg Ibest strategy
Apolicy gradient method
Asimple pol2lcyemetfweordd of ward net wor k)

Reward
* State Vector Tsuccess: Give the agent a big reward
Sentropy* The entropy of attribute is important. when it successfully recommend!
Sprefrencet User's preference on each attribute. T 45k Give the agent a small reward

when it ask a correct attribute.
Shistory: COnversation history is important. . ‘ .

T quit: Give the agent a big negative
reward when the user quit (the

S : Candidate item list length.
length g conversation is too long)

Note: 3 of the 4 information come from Recommender Part T prevent: Give each turn a relatively
Acti on |?)| +1:: small reward to prevent the
conversation goes too long.
Lei et aliAciod Refléctina: Tawards Deep Interaction 64
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AEARMet h-oRdef | ecti on

Method: How to Adapt to User's Online Feedback®2f(ection stagk

We tredbdttemse mnecearglay i ve|] sa

Sol uti on
the recommender, to adjust the

trail n

Lyes = Z —Ino (Y v,P,) — Y, v, Py)) + A0

(uv,v")eD,
P o e
Pt Recently rejected
item set.
Dy = {(u,v,v)|v' € V] AV € VY Paired sample for

online update.

Lei et aliAchda Rdflectna: Towards Deep Interaction
Bet ween Conversational( WaDM&R2Z2&C mmender Systemso



AEAR - Evaluation

Table 1: Dataset statistics.

. . . . .t ¢ m Nfamal: | | t aly Re
Dataset | #users | #items | #interactions | #attributes | at k i :
Yelp | 27,675 | 70,311 | 1,368,606 590 ltem Attributes: [ P1)z
LastFM | 1,801 | 7,432 | 76,693 33 .

Jt‘r | ''d | i ktalsioand . '@'

i Got you, do piozPz & i ke son

Ye s !
Check, ondt want Got Vyou, do pwioah®li kfee. s 0me

nSmal

Check,
N Rock

Rejected!

Got
No'!
| dondt wanto
Mustfclccept ed!

Lei
Bet ween

Do

y ou nSvraanlt |

y ou ASvrmalt| oOP a

et a liAchda Reflectma: Towaras Deep Interaction

y OU, do Rooak | Mke®i

Conversational ( WDM&R2Z2CZ) mmender

Templ at e
based
utteranec

S U Ille

| t al yo? Rest aur al
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ACPRMoOt |

vat i

————————————————————————————————————————————————————————————————————————

Hi! I'm looking for a dance

Halou trip-hop
) . Turn 1
music artist. :
Ask attributei Thomas Vlézg .01:
. . | | rist
Do you like rock music? Tun2 @ TOM |
: ! Turn 1
L | electronic
5 Yes! I like it! Walk ) User start
| | dance
D lik o . Askattribute Simon
: O you l1Ke pop musIcC¢ i : [
y pop Turn 3 Alice Tun 2 i
' . . Walk Turn 4
Yes! I like it! Walk }?IOC Recommend
i . & Michae] +———_ |
| You may like music artist , Recommend | jackson  wa - POP
i . Turn 4 '
: 1
E Michael Jackson ! rock Tum3 Walk
| Yes! Thank you! LCL The Power
Station
Lei néentakactive Path

Reasoning on Graph for

67
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ACPRMe

' Policy Network
miis) = arg max Q" (5 a)

Q(s,a)
Wy
ReLll

L

Concatenate

t hod

V2 P2
V3
v =
L u
Up Userstart )\ 7 f
; .' "hhq,__\_k xx ' 7 P
P . ' Adjacent attribute
- essage P — B
I Do ___--"'_-- =T "--—____
| —_— . '\ By Mee __'I'_-p U4\
:I D !.'-"-\‘ frr'l.':' s _Jm‘
1 - T&E
. u “ P1
4 Vs —
. Ve IMESSAEE
N SR
fo + 1 Ao SCOrE items (v message)

| Sy = f[]‘l. ”-’P‘H} vE Va.-.lrl'.ll

[ Message propagation N
- g score attribute (p message)

.-‘!;j.r — .‘ﬂ i, ;-i'. 1;;-;””;} pE .P....-.-f

.................................................................................

Figure 2: CPR framework overview. It starts from the user

up and walks uven{ adjacent attributes,] forming a path (the

red arrows) and eventually leading to the desired item. The
policy network (left side) determines whether to ask an at-
tribute or recommend items in a turn. Two reasoning func-
tions f and g score attributes and items, respectively.

Lei et

al . Al nteracti ve

Pat h

CPR Fr amewor k

* Assuming

Current path P = po,p; ,P02..., P

*u. user v. item p: attribute

P, : user’s preferred attributes
* Vi.ana: candidateitems

* Reasoning

* Score 1items to recommend (v message):

s,=f(v,u, P,)

* Score attribute to ask (p message):
Sp — g(uapa V Cand)
* Consultation
* Policy network (choose to ask or rec)
* Transition
* Extended path
P =po,P1,P2--Pc Pr+1

* Update candidate item /attribute set (V. na/Peand)

Reasoni gDba2 Gy aph

Conve



ACPR-MethOd Y Ayam@ 2F [ tw
CNJ Y3&52N]

- Message propagation from attributesto Message propagat.

vy items attributes
us Factorizati on Ma c hlhformatiomentfopyRstrategy
adicentaibe. - ALt em predicti on A Weighted attribute information
Uy | - - entropy
Ay lfh : f(?),u, PU) —uVv _I_ : : v p)
C\——-ifc P1 peP,

Vg message

\‘ 4 A g(u)pa V cand) —
S L] oo SCOTE items (v message) Opt|m|zat|0n
v = (0,4, Py) veVina | - ' : : — .

| o Tt Pu) o€ Voma | Bayesian Personalized Ranking prob (p) - log, (prob(p)),
 EE g BN Message propagation J |
: e Qg Score attribute (p message) Z g (3, )

u v p; Sp = Q(T"--.- P, Vf:ri-rm!:l P € Poand ; prob (p)  wevianv,

: : E o (s,)
A u: user v: item p: attribute S

The same with the recommender

e P,: user’s preferred attributes model in EAR

L;item: 1item prediction loss
* Lyt attribute prediction loss

. : : 70 . .
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ACPRMet hod

' Policy Network l nput
 m*(s) = argmax Q* (s, a) . .
a Shis- encodes the conversation history

Q(s.a) Sien: encodes the size of candidate items
W
: OQut put
ReLU Q(s,a)
Q (s, a) : the value of action a in state s
w.
: Arec- the action of recommendation
A,k - the action of asking attribute
DON met hod
Concatenate

Pol i c§ (s) =argmaxQ” (s,a)

. ! Sien TDloss: §=Q(s,a) — (R—I—fymaXQ(s’,a;))

...................................................

'Lei et al.Alnteractive Path Reasoni a§Dba2@Gyap!l



ACPR - Evaluation

CPR can make the reasoning process explainable
and easyto-interpret!

! SCPR Conversation E o 5;:;’ | EAR Conversation !
; i - Turn 3 o i
i Turn 2 . . User Init ! : - i
I T - ' g User reject ! - 181& i
! Hi! I'm ]OOkII‘lg for a Turn 1 + EAR aggx User reject ! EAR @ask o ___J,L‘_ Target An‘lst: Hi! I'm ].Oﬂl:{ll'lg ij()l." a i Turn 1}
: metalcore music artist. E D = - | metalcore music artist. :
: . -~ ! = = :
: i metal r . . . Doyou like alternative ;
. ) : ; : - seen live \ Turn 2 , .
. Tumz2 Do you like hardcore |  alternative . « \ | music? :
i music? ; Spineshank N / The Agonist : 5
: i Turn 1 N / . , ' NO! :
! ' urn ¢ | :
: Yes! I like it! ; User start ‘~._ EAR @gsk i Do you like seenlive :
! u:903 T~ . { Turn 3 (o ;
. g metalcore - serreject 1) canadian : music? :
! Do you like post- ; RN I ~. : i
: Turn 3 h }(:l P o ' %*f.;\ Turn 2 Turn .m\_\ ~ ! NO! :
aracore music! ! ¢ a EAR @rec ™ N, ! i

i ask ] hY I .
; ' american ~__ Iser accept ! ' I Do you like southern ;
' Yes!I like it! i User accept ! blessthefall SCPR Walk Jser reject ! \_\ | rockmusic? ;
: ; SCPR Walk Sworn Enemy \ | |
| - ! | |
i : . ; : : Dead and Divine ' : NO! ;
: Turn 4 You may like music i Turn 4 Grec Turn 3 x i ;
; artist blessthefall! | Auci ! S You may like music artist i
! E ' southernrock |~ Dead and Divine! '
1 . = \ : |
Yes! Thank you! . post-hardcore m hardcore : - [ .
! ; SCPR Walk l NO! It's wrong! :

Sample conversations generated by SCPR (left) and EAR

(right) and their illustrations on the graph (middle).
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