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memizEe 2 report. Mr, did you turn on the microphone? Now it is still silent. That speaker. See‘goed big-OK?”
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R, RERNEBNREMNMERHTEENBRYE, BXLHRAETEZEZFNANARESR (Text-based) EIZHE
BFHNEE, Am, OERBESEFNNER, REAZTRESNIHFHAREMEINE N, GIUBR. B
I, MAZRSEWREAMNEZAZNBASEARNOEREA—MES B-REXTAFPEBEENTH
EMARE, RBEAERAZNRGEE BPrNSETEGREERIETE—ENER, EXHFNERT,
— M ERAFOOITHRETER BN EANEE.,

J Development of IR @E%ygﬂg

First Propose “IR" PageRank
Luhn, H. P. (1957). A statistical =4
approach to mechanized
encoding and searching of
literary information. IBM
Journal of Research and
Development.

1972

Page, L. (1998). The PageRank
citation ranking : bringing order to
the web. Stanford Digital
Libraries Working Paper, 9(1), 1-
14,

1950 1998

TEADF -t <08 () Word2vec

Jones, K. S. (1972). A Statistical Mikolov, T. et al. (2013).
Interpretation of Term Efficient Estimation of
Specificity and Its Application in Word Representations in
Retrieval. Journal of Vector Space.
Documentation. 28: 11-21. arXiv:1301.3781
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BRENERERE, NMZEMXHOEARAEEERXN, EAZESAER AR Multimodel Processing) .
%ﬁE’\J:ﬁfiluﬁiﬂﬁjukﬁﬁhi%E’\JT'E“@, BIENE A, SRS MBIEES, Ritz, BRE®. HE
SRR AR R, NMeEREEEREEERIIIERAAER. Z— 1T UEENIERS Dialogue
System), MIEFERAAFTEBINAFLP#HITRAERAZIENEMN, Hit, MEN—DPEBEEBNZ2WEAMN
XASTERNZESER, flW, MEZESHIEZRS Multimodel Dialogue System) . ZIESEZF RS
(Multimodel Recommendation System) &%, S—TEaEMNE, W@MEE (Unidirectional) MEIBEZH
ZEHT (nteractive) B9E ), FHUWSIEET (Conversational Recommendation) AR SIEEH N FIIREIE R

(Conversational Structured Knowledge Base Search) %%,

XEERF—TSIEEZR (Conversational Search) MXiEZ& 4 (Dialogue System) MIX 5, —& ZEIRIZEFI
HAK, BEE—EXBHNXR, AIIHERFEU TR 1) BNESHAFPERZNER MKIE, 2) FIaEE
ERERANFIELRANE, MNTFRERRRYR, FEESLRARNER, BRFPERIERBIEHRE
WRPHMECHEREE., BREZERF —LCREHEXTNR, B3 EEEAIMNMERAFLNEE, WA
BERA P ANERSHNHRERHITHE, EIFIFNERETIAFH5ISMBRERNEBE AR
BT ANMAE, EE,
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IRREMAENREAR?” BFEE 08", REERARBAF—EXTEENREY, EFE(1RINUELY
WA RET 4, RABILAFPEBEIAINIERS, MAERFEUMET, FEFRFEERAEE
RIHTETS . BRONE, RANKEIREIAY, LLslFHEB/ AN iPhone 11 MBI T &R, Hit
BIBET RANEE. ERXERAAN, BAXRBYBLBBEERARE, BAZ TRAZNRIERTENE
FAFE2EAEEBNEBHEENINE (EMAPEISTENEY #THE,

. Multi-round Conversational Recommmendation (MCR) @gggﬁ;

Y An example of MCR scenario )

(
Jfll’- | want a new phone.
What operating system do you want?

Asking for

) attribute
0S Attempt t
. " empt to
Reflect on What about the latest iPhone 117 recommend
why user
reject No, too expensive. Asking for
’eC‘:g::,’?‘de" Do you want all screen design with FacelD? attribute
- Yes!

Asking for
attribute

Do you want more color options? Red, blue?
Red is great option

iPhone XR Red with 128GB is a real bargain! G
recommend

User accept,

conversation Nice! | will take it!
terminates.

2. ZHRRIEEGRGEH

—. SRREHFREZLH

PAMARZLPR ERAM DX BEGEWME, BXAPNARRLESEEERNEN, BZAATERRN—F
JIRNtENE, ZARRBO-—LEUEFEEET —LER. RRNIEESARTMN, BB RE T SOHTER,
SDEARFEENREYE, BPREFEFLEN, EEERMIERANZEMNEEZEE. WRABFPIEZITHE
#, BABRKRMBEERFIIE, BXLfr LERWEF-RFELRZBNER, S8R, SE—RE
MMER, —TERPLEERAN, BETRAANEFAERARZE, 5—TWERPLEEER, JEMEER
PIETRIE. BEBNEERANE, NE8ERF ERNEE, XRSIAFPEBEERMNNEFERAL. £8
MR BB EE OEFETAENE R, QBERPHARY, UROREXWEEZHEZFIERE, AT
MNEZEMME: ERPIBEENERNEIRPLB TR,
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Bl Workflow of MCR @E%l%z;é%

User Response

2. Respond .--: « Once the session is
. started by the user

T Y ebute
Loop attribute.
0. Start '
AeEeP SO [ ger 2 ite an Atriute | —{— SYStem | . The session will be
i ) | —
Quit 3 — — stopped only when
stem Action the recommendation
c Ask Attribute 1. Decide is successful or the
End : : user quits.
(&

E 3: ZRRIEHEFLIER

RERNMA—THAERRE WSDM 2020 E—RKE L, HEBR-THEFERN—I1EEREL, B
MERDSN=ZTNE, D32 IR ([Estimation Stage) . EIEM EX (Action Stage) M & & 15 M EX

(Reflection Stage), # FREGZE—NEBETHER,

| System Overview - EAR @E%"EE;":%

Estimation— —Reflection:
Towards Deep Interaction Between Conversational and
Recommender Systems

* Main Objective: To successfully
recommend to user in shortest turns!

)
[ \

Recommender Cpt (RC): | 7= from Re helps C:(Conversational Cpt (CC):

+ What item to recommend? p * What action to take?
. i ?
What attribute to ask? J Dialogue history from \

CC helps RC

Lei. Et al. Estimation—-Action—Reflection. ACM WSDM 2020 14
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BAER—TREINETRE, dENMITMEL Estimation Stage), HEMNBEXNHENERE O NEMHITN
W, BIOHBRLEENBERNMZEEFNLES D QOUREERFELBIANNBMRN T — T NZI8E AP+
LEM. REHANRT T — T EEEXNERXN DB, ERENBRMEENHERTIL.

B Estimation Stage —Attribute-aware Factorization Machine 4@;;;;;;

Item Ranking: J(u, v, Py) =ulv+ Z vTpi
Attribue-aware FM Pi€Pu
Attribute Ranking: Pl P = uTp + Z PP,
PiEPu Factorization Machine Model
Bayesian
Personalized 1, = ' —Ing (3w, v,Pu) - Fwv',Py) + All0l?
Ranking -
(uv,v")eD,
Positive sample Negative sample
Opt|m|ze Optlmlze We sample the training data through
item ranklng + attribute ranklng conversation to train the Attribute-

aware Factorization Machine!

Multl-task Learnlng

B 5: fhitbhE—RIEEXANRE D L

ETHRENEMER (Action Stage), RAFBBEAEN — T REEREHSBNIZZWORLETRBIEERSRE/#

1T . XEBAIFIMRMEFE ) Policy Gradient EIARMTEE, 47T —1 2 BRURIHREAEMES . HPEIR
REANEBOEN, PR OHEFRIINRES—TRANIELR QIARFMINOBL—1EHNIRE—

TRUNIEERR, Q@EHEFRMITIRE—TMRANAEIR @HREFEI KRG — RN RER,

B Action Stage — Method 4@%@;@'};

Method: Reinforcement Learning
+ Policy Gradient 0 « 0 — a V logrg(a’ | s")R;
» Policy network: 2-layer feed forward neural network, action space = |P| + 1.

State veCtor: §= Sentropy ® Spreference ® '.sh.istory @ Slen‘qth rse:::rtn:fl:n:r:rf;:zl
* Sentropy- Encode the entropy of each attribute.

* Spreference- ENcode the preference score of each attribute.
* Shistory: Encode the dialogue history of each turn
* Siengtn: Encode the length of candidate items.

Reward at each turn: 7 = Ry ccesst Rask + Rquic + Rprevent

* Rguccess: A big positive reward when this session is successful.

* R,sk: A small positive reward when successfully ask an attribute.

* Rguit: A big negative reward if the session fails (too long, user quit)

* Rprevent: A small negative reward to prevent the session goes too long.

The overall optimization goal is the discounted reward function: R; = 25:: yT=t'rp

6: EIfEMER—2HtES)
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RE—THERMERIZMER Reflection Stage), EEBEZFBRAPNELRREEMIBNEE, — T EEM
BRNHEMERSIRAPEENERIEAREIIMAZRNOEFERSES, WBAFOEITHITERR.

=

. Reflection Stage —Adapting to user’s online feedback @%«;ﬁsng

AR
A, D
1002::12?;gates I'd like some Italian food.
- Got you, do you like some pizza?
250 candidates
remains Yes! . ) i
Got you, do you like some nightlife?
95candidates Yes!
remains : .
. . Try to recommend 10 |tems!
i Rejected!
estimation

Lyes = Z —Ino (Y(wv,P,) — Y, v, Py,)) + 1l0]?

(uv,v")ED,

How to
change my

estimation for
the user?

A simple and effective solution: Treat recently rejected items
as negative sample and retrain our recommender model.

19
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AXIREHE, HNERTELHR TRPNBGNENENLES, HETRAFELNSE, ERETRORE,
BIAPREERB A BE, REEERTRIONEPREXTERAEERNBOMERE. SEEARSR
P#EF—TERN, BPEEREZA LR NERERERNEENERESHEMIOTER MALREE
EAFEE—TEME, BFEEIRE 10E NERESeaX MR HTRIA,

[l Experiment setup — User Simulator @gg‘;ﬂg

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

[ User ID: 333, Item ID: 666 ] ' [ Iltem Name: “Small Italy Restaurant ]

éﬁf- i'd like some Italian food. ‘Q'

Got you, do you like some pizza?

Yes!

Check, | don't want Got you, do you like some nightlife?

“Small Paris” Yes! Template-

Do you want “Small Paris”? based
Rejected! utterances
Got you, do you like some Rock Music?

No!

Check, | don’t want Do you want “Small Italy Restaurant”?

“Rock Music” Accepted!

20
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FEATXKEEM IEn B 1E SR@k (BRI K BESHIMINE) AN AT (FE95)R) . RIBIZRER, HIIEIM
EAR #&EU7E Yelp # LastFM f 28BS S #EVE T LB 4 EE CRM E5H) SR@K 1B,

. Experiment result — Main @E%‘Eﬁi‘y"é—:f

Evaluation Matrices:

* SR @ k (Success rate at k-th turn)
» AT (Average Turns)

c Enumerated Question Binary Question
ompare LastFM
against the Yelp 015 ast

strongest

baseline, CRM

o
s>
a

Success Rate*
w
=
)
|
\‘
ad
5
Success Rate*
T
A
A

b~ = Max Entropy 1 3 5
01 —#— Abs-Greedy 0.05 :r;":r"e:py
e CRM -Greedy
EAR —+—CRM
EAR
02 0.15
Turn of Conversation Turn of Conversation

22

9: EAR BRI

EARBEEARERFRAR LLLEANKREBBAEFNMEE, EERELBE—LRRMY, LLUEsE=EKAR. 2
BTRP -BREMN—EEMLER, Hit, BIHRE T —TETE LBFEENERE—CPR, BT
BE ERZN—EREIEFHHTHIENSS, 8%, SAPRX—TEEN, theE - ERENEBFTXK
(Requirements), XLEBRRARELRET—LEEMUEN., Eit, BTN EILRMHEREBINEMBOE
m (B 10 PHNEELER), NTXTEREANNER THMZNEN EAR REFHEENERN D@ HTEE, 2
WA BB TR AEF S RINAP NSRS MES.

. CPR Framework — Message Propagation from attributes @;""““"CE

. EREEAS
to items
V2 P2 s
V1 /z// " i Information propagate from
Ug __Userstart ‘\/ﬁf f i  attributes to items:
! —\ :3'?, X Qask . !
e Do Adjacent attribute 1. The ranking of items is dependent
mes>2 H .
00 > H |
P ‘/ig@ | on the known attribtues!
Yo 5N ° v, :
‘ up %) wsﬂge p | fuPu)= ulv+ Z vip,
- i
[N Us v message ! PEPuy
The same FM model to score items as in EAR
u:user v:item p : attribute

Details in paper.
P, : user’s preferred attributes
Litem -item prediction loss
L :attribute prediction loss

10: CPRIZEIREMRIEXE M
eSe



T BRI E T RRE B R 18[9 RE 2 AR RIRIER mAEKAY, l&b%‘tﬂ]ﬂ—m—%hh,u}}\ﬁuuIJ]E'I“_%

Big., XEFNAMATRRREFRESHRIEBREZTNIALRET

HPEREENERLER.

. CPR Framework: Message Propagation from items to

B, &Z &ﬁ)‘“‘lﬂ

CONFERENCE
LREENE

attributes
Information propagate from items to
%) P2 v i attributes:
3 '
v1 < E
User start s, uy i+ The ranking of attributes (to ask) is
, Uo ——\\'ﬁ, “ dependent on the remaining candidate
’ &< ask .
i N\ Adjacent attribute : items!
i ° ‘mw*‘“ Po i » We leverage on the entropy of
H ” gw ”4 attributes in remaining candidate items.
I "‘ 0 (IJ v, m
| uy B 7 53 9@, p, Veana) = —prob(p) - log,(prob(p)),
L T Vs — message ; LI )
- ! v can
prob(p) = —— et P
u:user v:item p : attribute UE(‘; o(so)
cand

P, : user’s preferred attributes
Litem: item prediction loss

Lo attribute prediction loss Based on Weighted Entropy (Details in paper).

25
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AEMREXEENERCE, RAFTEATONHITIEE, ANSAQOBRFPER. XERIMER 7RIS
(Policy Network, TLE 12) #1TEME, MEZEMT EAR R AMEML, BRI ZEITENE, XERNENTE
TEPEEN 2. MERERKE, CPRIZEERIERFES LILEMRILEUS T BEIFNOMR, 616 EARIELY,
WA TIZARBL B WL,

. CPR Framework — Reinforcement Learning to decide When 4@;&5@*{%
to recommend

Policy Network
n*(s) = arg m:xQ‘ (s,a)

Q(s,a)
Policy Network
w
‘ * To decide when to ask (for attributes) and
ReLU when to recommend.
w | + Similar design as in EAR. The major
' difference is that the action space now is
reduced to 2.
» We train the policy using deep Q-learning.
Concatenate
_shis Slen

12: CPR fRALAVTRER LS
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M, SiEERS THEIREIPE

ATREERNIERR, HCHIE—LEHRE. SRNETENSES ETXMHLHITER, WAL
FRURABFER, SIERSNRERBES, XTZREVLETER, HNTUESHARA-LBAFER
PR ER. HEREFUMEGERSSFS, BUNAER—EERLETXERRRIEE. ERERRESTHY
B, BERARANXLEEEHTRIANKE, ERE-THEMEBEHEREXERRMEEHREME Bias) .
AZHEARERRD, BTN ETOHTERS, BEEENETENZEALHTRINER, HNEIEL
—MOF. ATHRIERNOUE, BOFTE-TMNRELLIEMHTRORIFRET . ] UEBIXIERS
IRIRERRLIERIEH LICFE, WIRRSIREFNMR I UM OB ERF TG, BNEXEE—70F, LE—
PERHE, NBRTBIRNENZ B ERITRELNE - EX Slot-value pair) . A TERSIRE T
ERZRIF—PIUF AR Ontology), EENX T —ANBRAERE. EXMIBRLT, MIBRSRERENN
— M DHEMES, REMFE GINF TRV, EXSIE. HEFITEES) MR BER, HNTUER
ETHWER, EREREMNARIEE, ENBERNGBET. OFR, BEREBESENEE, HRART
IATEIR T 2 EA TS AR IER THATIIERSIRER (OST), HiBE MIIER LEAIRRE M B 15k IER
MBRRE. BEBRT, MEHEREARLRNBA, RERANESTHENBEEN —TE, £XE
Seq2seq RAW TN, ERINBIBHRIELZERN., SENITEKRENAN—IERERES, LE—ME
&, RGMIIEER EPIREVENAVE.

[} Modeling Conversational History conreRence
LREBEAE
R DST:
iUsr: I am looking for a place to dine in the centre : Seqzseq enco_der decoders
i thatserves Jamaican food. 3 Copy mechanism
i Sys: I am sorry, I am not finding any place that | Span in QA task
: serves Jamaican food in the centre of town. | Slot : Value
! Would you like to try another area? Food: Indian food . .
1Usr: That is fine, how about an expensive place that 1 » Price: cheap From conversation hIStOI'y
i serves Indian food? 3 Area: center to structured needs
i Sys: 1 am sorry, but there are no such restaurants. i
i ‘Would you like to broaden your search? :
i Usr: Any cheap place then?

Dialog history Domain Ontology (as a Classification problem)
Defines a collection of slots and the values that each slot can take.
e.g. food type: [Indian, Jamaican, Chinese, Japanese...], area: [center, north, east, west, south],
price: [expensive, moderate, cheap]

Hand-crafted

=

O

Semantic Neural features

features dictionaries
Wang and Lemon, 2013; Henderson et al., 2014b; Mrk’si‘c et al., 2017 w
Sunetal.,, 2014a Rastogi et al., 2017 e

B 13: ZIEHLER

MSETME, FELENDRES, RESEXNBRETUERAEM RE15), BAEE—THAPHNIE
&, ROREBITAEMANRTHGLBENOEN (ERMEES), EERPAERER. EXMIBERT, A
THERERIPRS, RAAFTELHEREGIEN. XEEGNSIMA IR EGE, AEHETLIERNEE. R
T ENAPIBERITRR I, EEZEMRENXAERZBIFHRME, URARERNZRIRAEEE 5
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. When it Comes to Multimodal

CONFERENCE
@tmlﬂka

1. Semantlc understandlng of User: | wantto find a nightdl'eSS.

I
multimodal utterance 1* sytem image attributes ] __Color |
W dark ] Taxonomy | nightdress
2. Heterogeneity between the S | __Length
. Taxonomy | nightdress Material N
visual .a_nd textual T length [shot | e
modalities Material | cotton Color | beige | State
Type casual Taxonomy | nightdress | t-1
3. Fine grained entity detection Length | mini |
‘M ' Material | silk |
m System: I | i Type patchwork |
system image / :\__‘_ ! i \ I Color dark
S | Taxonomy |nightdress
= " | Length short
{ .
AN { / ] Material | cotton
] Type patchwork
State,
Liao, et al. “Interpretable multimodal retrieval for fashion products”, ACM Multimedia 2018. 33

141 SRELZE R

T=THEERATAIR, SREFEERAAERANS—TIRERETHIR, H2, ERESIEERT
=T, ATEMBEIZAFNER (i, BRFNASNBENIEEFAFERR “BRBAENNEEEF),
BAFETBALEXN BN R RO MR X T LR NARIIAIR, —AREATR] ARA SRESAIRICIC N E R
BANR, RERAIUE—16F (LE15), RIS, SEPEWXTESBKRNLERRN, CRiRE
R MREASRE) A AEREL T XEEEMNNFKERERS ZEREI (Co-occur) . Htt, FHIME
RAR=TARFERE, WET —PFEHMIRE, EREEEIUAERHEN 300K A EPM=7th, REE
A EI R RREEH FRERENES ., SREEEN, BRIBRMAZENRSENIIRHALERIINE,

CONFERENCE
@tﬁ.ﬂﬁﬁ

. Incorporation of Domain knowledge

Multimodal
Knowledge Memory

| like this one, what kind of s
shoe will it go well with it? .

It goes well

&) with silver
h, stilettos
Multimodal > Q
prumoda Decoder I\ .
m m; Mz my_, My h:+s

1 like this one, what kind of

g1 = {blue skater dress, match with, silver stil;,e/t‘fps}’ shoe will it go well with it?

g2 = {blue, match with, silver}

Domain knowledge

base

g3 = {skater dress, match with, stilettos}
> 300 K triplets

Liao, et al. “Knowledge aware multimodal dialogue systems”, ACM Multimedia 2018.

150 BRAUZANR

It goes well
with silver \
stilettos | by

—

el e



B IMARZIEHNORERE, AAFTEZZOATHT. @ANBEHEL, XEHRNEDER QG
(Question Generation), AIMM =TS EHTHEML, D3 ZHWA (nput) . R (Focus) AR BAEIR
(Cognitive Level) , DEFRRHANLX, NMUEEXE, EEEEG. MREMRERERRRETIWAFB
B EFIEAR, EUEM L, BORBBRRE ‘@S, “Ba” M “aEE”, £50 QG ER2MEFTX
A, FIMABZERFHITER, MET&A, XT QGHMREY A TRFTEE, S8FEMRENEG, @

7

FrRIEERERECHER, BRATANERER, BARXPDMRARLSAIEREZMHITIHG, AHTEIFN
RAKEE, BIFENTRPURSHITER, FME—ERKEETM. XTEAAS, ZAAFTEREL L
NFRAPRGEZENEMNAE, HEAERESEHITRE, XEFDERE—LRE, flwm: EFANNA
% (Rule—based Methods, €13F Transformation—-based, Template—based) . EF#EN LM 55 (Neural—
based Methods) %%, @REZRAERX, BRI QG EFMMEBRXEZRETE, HPXEXHN QG —fFE
BRE—G)F. AREMIBUURLINMIR, FRAEXERRIZENGEMAIUEGEREFNER, B2, EEME
ZUHRT, BNEEZRRABRN QG O, BEZHIEE (Multi-hop Reasoning) AR A 12 HHY (6] @
(Human-raised Question), 3t FZ kIR, FERIE L TXWNZ DO FHTEER, HEERZKERHITHE
12, BRTHELRNMIA. REEMEAXNR, FTEERMENARRANHITSZHEIBNERER, ©F
BEMSTHAIR, FRRAIUEEE—LRER QG [@F LR ITEZHIRE.

] Learning to Ask or Learning to Intervene @’gigﬁﬂg

Question generation can be conceptualized in three aspects: inputs, focus, and
cognitive level.

Creating

Evaluating

Analyzing

1

1

1

1

1

1

1

1

1

Applying :
Understanding :
1

1

1

1

1

1

[l

[ Remembering }

Cognitive
Level

—_——m e ———a

16: MEREFE IS RN=17"H

SO MR R TGS HESE. BRikiR, WTZHMERAFMRFKR, SANRMELEZERESUR
WEARN. AMBREEBOWEARNER DT, —TEMWEM/EBES User Simulator), Z—1TEERZEE
RIERIES. H, APRUSFERE—ENNE, 8R08%Y: FTEES TR TIERY OZ#it
FEESEMAFXRENER OBRE: FTERURESESMARNAFGF @OBAL: FEEHBRE
. MIEBRMPELE, FJUMERETINNENETHLENGE, XTSEEREHRES, B 17537 8
Do FATAIMMEEI =M MANFETERREENEE, NETET RIIFNMES M, EETY
ESENERARTERSEFEGRNMR. AW, RENLRSRESRENLZTERRNBIEERZ ELHR

il

;
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BR, MWIELERRNES. BRIDAEFRE-—TZEANERMES, EUUNAZRAESR, 4E
SEES. ERAPEEXHIRY, ARBANRENEHRLEIEE. Z MR, HNBE-—THENEENZE
SRIEARWE, SFFARBINIEES,

I Training Resources: Existing Conversational Datasets RELL LS

Datasets # Dialogs  # Utters Types Domains User Profile Modality

CMU DoG (Zhou et al., 2018a) 4K 130K Chitchat Movie No text

IIT DoG (Moghe et al., 2018) 9K 90K Chitchat Movie No ftext
PERSONA-CHAT (Zhang et al., 2018) 10K 162K Chitchat Persona chat Yes ftext
Wizard-of-wiki (Dinan et al., 2019) 22K 202K Chitchat 1365 topics from Wikipediia No fext

OpenDialkG (Moon et al., 2019) 3K 38K Chitchat Sports, music No text

KdCony (Zhou et al., 2020) 4.5 86K Chitchat Wovie, music, travel | No fext

Facebook Rec (Dodge et al., 2016) 1M &M Rec. Movie No text

REDIAL (Li e‘r al., 2018) ) 10K 163K Rec. Movie Cross No fext

GoRecDial (Kang et al., 2019 9K 170K Rec. Movie N Yes text

OpenDiclKG (Moon et al., 2019) 12K 143K Rec. Movie, Book domolns No text I(':Y:giis(]"’fy
DuRecDidl (Liu et al., 2020) 10.2K 156K Rec., chitchat, @Al [ Movie, music, food, new] stc. No text

DSTC2 (Henderson et al. 2014) 1.6K 23K Restaurant search Restaurant No text

FRAMES (Asri et al., 2017) Search & 20K Constrained search Flight, hotel, budget No text

KVRET (Eric et al., 2017) recgmmend@‘hon Info search, navigatiory In-car assistant No ftext

MUItiIWOZ (Budzianowski et al., 2018) 8K 115K Venue search & tasky | Hotel, restaurant, atfraction Lfc. No text v
VisDial (Das et al,, 2017) 123K 2.4M Image-grounded QAs  Topic constrained by image No multimodal
GuessWhat (vries et al., 2017) 155K 1.6M Image-grounded QAs  Topic constrained by image No multimodal

IGC (Mostafazadeh et al., 2017) 4K 25K Image-grounded QAs Topic constrained by image No multimodal
MMD ($aha et al., 2017) 150K 6M I Fashion seorc;l Fashion No multimodal

B 17: BrifJBNRIESES

FATUHRERRERRT RIHEMNASTER, FIUNEMEINMRELER, WEEMHEINRERLRIOSAGR
REHEERERNBRMESEW ZEOANRE, IMANHRESH T A2 M (Incompletion) FMRHH
(Ambiguity) B NEE, FE2EBERERFNVIREERERTE. R EERFEEPREFE
—LERER . MR, B 18T XM N, LEB SQL MEEEL R, HINEBMTRPEWEXR
BEIMIMOE, BREATEOE. £E—TEEH, BFRRT “RE" —i8, EEREIRBIRLREX
NE. —ERMMERE, 8- TE18P, “name” AILIRAIN “full name” 8 “short name”. &, K=
BESEMPIMRAERRBEEEFE—EHh, TEEERBNOR, B, RNBEEIUENIISEAHE
HE, ERAPHTHEIA, THEMEGITAOMERE THNRENRR, R, HANDIRT—TRFHXS
FEWCREBPRE., XM EMNEALAFTMIEFRNEEN, MAERERENEERREE,
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. Integrating Conversation with Structured KB Search e,ggg.ﬂg

Asymmetric Problem in Database Search via Natural Language
* Incompletion: User’s query cannot always include everything
* Ambiguity: User may use inaccurate description

P —m—————
P -~ -

~

“insurance” .
User query:  \What's the name. of the customer who bought Plan Knowledge base schemas 1

A? ~< 1
~~. insurance I
X customer id : “
SQL command: SELECT full name AN customer id
FROM customer JOIN insurance SO T~~~ y| short name plan name
- . - ~
QN product id = insurance id =~ = 5| full name
WHERE insurance name = “Insurance plan A”

Figure 8. lllustration of the incompletion and ambiguity issues

181 ZEMMAMREE R4

BENTREENREPIREHTER, BRPENN=MRE, DA ERZE (Position Bias) . f1THER
#% (Popularity Bias) flmEiEtERE (Clickbait Bias) . —fxkin, BRFHFREZMBPHRARGHES
By, LEUAP REEE, EAENRESGHAENSE, MEWERFNBRRRIREIFEZRNENN. 284K
THEREN, EENERRIAFZEROTE. —TEERERZE, RESoARERNER,, FEERZ
BIHAZRATFMEN, —MRRINERERERIFINR (nverse Propensity Weight, IPM), BIX$FABLEAE X
EEAZVUNE R FRSHINE,

h. B4&
EEMNRCEMNBOEBNETXANARNLRIRZREANSESHTEN . RERAFBRRBPEANNDERES
BRHATRE, BAZHIR, BPENHENABMIINFRENEN, FHEHRNFERELIREREF
SRAMXIPASFRIERE, FIASEMAER RO ETE: ILBFERBEENNIER TR BERNE. ERF
FENNRRBETUERERIRE, FERRITNANNZAFPNRE. BRIMNENTEEZZER, EXE
BAMRE T X T RERRAONAME. BRIER. ENEE ZBNFRREETHR, Eh TRRERNER
B8, HNFEEGEREZNREE.
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B Summary @m—.m

* Inthis talk, | presented 6 key challenges:
Modelling multimodal context and history
Integrating domain knowledge and user models
Interaction strategies

Extension to other Content Search

Evaluation and Resources

Modeling Biasness in Search

Plus many others

O 0 O O O O ©

* The boundaries between search, conversation and recommendation
are breaking down. We need to look at the combination of all to tackle
the complex search problems

B 19: RIELRA/NAKBIL

LIE=37 8+

XMR : WHEEIN, HAENBLELENERE. TEERE—TIARRENNREZMREFNSRBRS IIE
B2, XTOEERERANZT BERIEN,
BHFNERETEEELTRSFEEEENR, B TEEHLE—TEZM, ENARIEMNET -T2

BRESRIEREE? XPE2LFE?

Bk REERT, OBELEMST, TENERMERELENAPRNEERBIEERIZEN, MR —
HESNABF, MESMAENES, EBARNAIKEEE, BFENAREXTEREE, H(]HEE
WX EEGE K B A R A RZARANREN A,

XU - PRI TIFERK.

ik MRMEMNFENTLEFAMHLT, HMBEREEFRFIBNDIZELAR, BAXTNIFE—THFN
5140, TARRMERETE,

XK BRI EBITREA, FARMIER, MEE, HOHE, BRZOME BRIERRNEME
BMIER, —TOEEEIRERENEREENEEXFNIE, SRERNBGRMZEHMAIE AT A HX
TEBT, WREDZELHARFEZENAIZEL,

AR X, BRSWHERREENEE, NAEXRENTE—EEZETHENN, REUBPORERE, RS AL
M, MENBEZEMREXE task, PINZMERBETN. WREERMEEIAP RREMINEETD,
ERBABEWIERMEE, E—MEHNEZIMHT, APAIREREANE, BT ZEHREEERDE,
BARMIEXFN)? XM EREEM,

X4E: N, AAXMOBELEMERDIFHGTEYE, NREEHXMIEMANBEXEEREZNE,

e15e



SREFNZMEHZXD A, MRRE - MREFOITFESENE, REDEZLERELITNEY. X TEID
AR th 2 —#F,

AR EZITRE open BY,
MR FXFEAEM.
KR ERMEMAY,

XarsR: PR, EXTORE, EERREILRARERZSEAM, BLHRAZTEN, BEEER
ERHER—KRL, RED ROARE LNETREME, BREEMESARE —TRINNFREERIRL .

Eikp: BTHERGRER, FMRLEMEELRERE, RENERSIFOBSHEATWIRTRATH
ek, RIORBEANMZE—TXMAR, LEHRESBTRNFR—LETWHFBENEM, EETZLH
PRSI,

XUR: FEAFKUABTBAERNER, TAWFRHIERZSME, LR EER ELNEMA/B Test, BEIZATFNMR
BIAENGET, ITEERITEREZRENESGHEN—TH,

SZZIMBREEODE—TEE, BAESKANM N EIFEENEE, URRENMEE —ENEHEHRNEX
MR 4? EAENSERRNRREEENE, ERXMIME—ET ., N7 RAOEIEEME— A
B, TEEHENSEBE—F.

gk MRBNDAMEBREXR, EAS TS HEEATIER, STOSHEY, NRMMECEERET

BEFHRIRE, B—EHEER. EMTHREEE—E, ARSMNIENEAREREEZNRE, B—TFHN
VIR

e1Qe



@ k6 EREEE, SREEER

®HA AR
(=R

6 A 23 H, MEXANFIAFARKBREE _BIEIREFASEREEINRSEBRETRICI LMY ( Bat
BR MNIEIBASXNOE) RS,

‘AI CONFERENCE

B0RDtRESEAS | HECERRSEEEEICE

TR & R
T AP ZHOF
IMMMMHQWd

Search Chanyg
Owr Mindr? -

Jian Pei
Simon Fraser University

Jpei@es.sfu.ca NEXTEVEDKERIS

.:q
X, BENEREXMNERNMEATIERNMERRL, XEZEMEERE BNEERT. QURZENSEEE
TR, TRTBIHESRE. SUERTEE. ERRBESNEES IR IEEENR AL LS
BENMMm, MR EZREWRIEE, RHESKEEEINERAZERS. HREWSIBALEFZIR.
REEXRPEHAPRE T = MO R

F—, BERETR, ERUANZD, WHEANEEBRNEN, MAERAMES TEREMD .

£, EREEHER, HEHIERLNERZERNTSE, BRATSRNRINBHELRES, BEM
BREAT,

£=, BEERIME-—TRANEALR, BE—TS5SABXNEE, BMNLAR-ELEN, EFF5E5TAR
AEBRGET, ULBRERRSEAZX,

mERRE, TEARKZHR. BREBNERXURSRREIMAT THENEEEN:

e/



BReR RN EEEF LB RPERZMZ MBI XN EROETE, EUE—TEE, RHE—RNEN
REE-T? RERMEBIRNTAGELR, REB-HWEFTTUKRE. MiE. MFIHEN—LAPP, REEEE
LAIRIET T — A7

MR, #E. ZEIMNRERIFFERN, URXHEBEAY, ERIHER TME T ERER(] T
BEERZARNBLES N, HEBNHHERNEE, BA-—TANBIMMRNEEESHEBHREENER.
ARG, WRFBNOERENBFRRINESZE LA, LWRINESZERLA, b
BEMTLAMAREFTA, BEMENTERRENHR, BARSKETRIMIFNES AT,

BEXOEFEANBEER, R UMEERFRE MEAEESIRATEE —EAKINEZRE.,
AX RN 2 ZARTEZENTZREEFN. FEABEMMERT T e RERNIN? LEURARANE

fRzitX ., ZFARIAMENASAEERATREERERON ) THEMAISERF? BN X0 RR XL

) RR?

B¥ERE: BEBRNERSRESERER. TR, BNIESRETEXMRNES AN B2
BREAE—MOREN ‘BAEE ? RREHRNIML T X MERREFEZRETIL?

M EREEHEX:

SRBRSNEEREEER MEATHEIRHELE., 8%, UR(TREREH— TEROEAGS, £
Y, HNBREBFPBERESRK. APNEEFSKEETHEERERARERER, TERAPEEREEX
RAENMERAFNEN. BRAFAFIBLNEN, HIBENNER, PR —EXHE. B BGHERE

e 8e



MARE, BRELERF. BPAUMREXERDZMBEN, FEENORER, ERAFRERPORERR
EREFEENBRAITIEER, IFE—TIRAENR, BEIRFPERHEREITHE, BMERIREME
T BOIRERIFEFTE, RENE. BAEXMAT, BRATEBLARE, BEXTEREZ.

ABC of Search

* nformation needs

* Ruertes
* Seareh results
* user feedbacks

.LOOP

B 1 MROFTRDE

—. BREEE

AEXLREESD, ‘BPEEFKEEEN" IMRRGBAEIZ Mo, ARZBBERT, AFPHNERHEX
T, BRANE, BPASIEATNTRECHEERTRIARERF4. EMOIFHRE, LMFITRED
NEBEFEMRMFRERES, RE—T “NEMRBRHEA" NEW, BAXTERREROTAE? B
FECHREHANEE, ARZNBEAPAERRE—TEWSRR—T, BRRSIELERETAFNESR. AP
MEZRIZNREIEME—TRROERE, BPNERHRETHEN. £ e BRmE" 1fFE,
BP AR EMNER TRRFEAZFIERFE Tiar? BREBHNERIBTREEFN? ERRRSIZNEES,
RFE RS LRI MRRREASTNXANETE, WHT. BYE, BN ARFIUEIEBFERENUET
T, BNERRIEPIRREBFPNEEFREFTEN, ERRAALITENERERAFPNELERH
K, ARPREFRROIA. Fit, #RAGM—FIaMEEEN, BAEEAZETETIENDO.

dearch Iy Alwayy
ndelligent
WETHE

* Assumption of user
information needs is simply
a psewdo-proposition

* User information needs
keep changing

* Sorvy, indeed 1 don't
Rinow exactly what |
mean

* Search is an exploration tool

.

REEE

B2 #=x

©]1Qe



TEENMFRA—TERIENT 22— TRROTTE. £ VLDB-2019 RN E, BHOMRNALRRT —
RUEBAEROXE., MIRZSEAMHARRIFEAR—F, HNBREEE—TNETRLBE—THEE. A
REXTMBELERE—TA, BARXTEIEEMAINEXTANEBIRANEIDHE, ARZTNELERE—
TEXEE, BRXTEEEMEMABIRROMEICNES . BIXOEXFE—TNEEEEFLEILH?

Example: Community Search

Communities in database networks (VLDB'19)

B 3: HHEER

BMNHEHEARR A ZBMEERENOMEERZIR, TEELEEFE LEIFBRMNRN., IFHLEHABT2
FBE? IR, EICIEENEIEME L, BRI REX/ ORI ZRETBER EIAR L AR IZR 7 AR R ARIR
ANERRNEE, FNNERELER T —TEERN al,

Query Pattern a’

Data mining, face recognition, clustering algorithm, image retrieval,
‘ a,} principal component analysis, gene expression, linear discriminant analysis,| 0
hierarchical clustering, dimensionality reduction

b Data mining, principal component analysis, gene expression,
1 | dimensionality reduction

b Image retrieval, principal component analysis, linear discriminant »
2 | analysis, dimensionality reduction 3 XP r w"[

Clustering algorithm, gene expression, linear discriminant analysis,

Bs | hierarchical clustering 3
Face recognition, principal component analysis, linear discriminant O
b, 3

analysis, dimensionality reduction

!

I !

Data mining, principal c lysis, hierarchical clustering,
| bs dimensionality reduction ? SW
Clustering algorithm, gene expression, hierarchical clustering,
> b | .. ionality reducti 2
onality reduction
-+ b Data mining, principal component analysis, linear discriminant 1
7 | analysis, dimensionality reduction o
_, Face recognition, image retrieval, principal component analysis, 1 QMGI"H! 'ﬁ-wd communitLes
linear discriminant analysis amol L data VWLWL
Face Recognition, principal component analysis, linear PP H wg w@
a1 discriminant analysis o methods [ fﬂGﬂ yg(-,aey\itf,ou,
Image retrieval, principal component analysis, linear . ,
€2 discriminant analysis 3 and tmage retrieval

B 4: TR al mRE

B, HMNOERBEATEBRMTI a1 WEMMAL, bW b1, b2, HF b8, AXLEMELPRINZE]
BETEMND, BEBEEEFDXMERERDS, REDXEAPHRERLBMNRRLE. XMPRR
PI#H—E T E, et b8 A A# — R KR c1. o2 MMARNIER. BTNIRE—TARENRN. RS
. FHHBENRRIRE,

o0



—. EHEEER

BREEE BERERIARENATERERA, FAUNENZBBIATEERAXZERAFPNESHR, B,
BeRER, BRENE—TESTRFEZZVVOBIBRRA. H2288E? BERXTERN, HNFTEE
ARENETE. TENAIRRERESR SEEXTHEN, BOFTENRE. WAIRHEITHEMAOEE B
ATz, FNBEERANINE, HNHFEEILETRAENIRE. BRENHFROztRBEmERmE 8
BEEFEEMERN, HNE-—LERNEREN, BETHIECNEFER, BeBRESHMEIRRNMR.
PIAXLHMFRERANAONE, BRANNAIR, BRENER, MINEEERR, SBATER, &
BE BT SRS,

ndelligence by
Rcm by Search
LA R &

* After all, intelligence is
about
* Connection
* inference
* geweralization
* Specialization

* Search!

TEET—1EHA(]KDD 2016 e X FRIFIFRNABHANVEL2BI L ZFARTAIRLIM, BefiJRILAE WordNet
NS EHRFREEBN—EHE, 8—THEHAREIFEZEMN, HEARRZEERENXE, BN, HHZE
FENIL, BIFFRNER.

Fromy Search to Knowledge Discovery

* Finding antonyms by searching gangs in war

Group 1 Group 2
outgoing, outer, external, | inner, internal, inward, in-
outward terior
imprudent, improvident, | long, prudent, farsighted,
short provident

descending, down, falling ascending, rising, up
junior, insignificant, | leading, senior, better, ma-
minor jor

noncurrent, backmost, | frontal, front, advanced,
back, , hindermost, rear advancer, advance

WordNet of Adjectives

oDl e



HENEXTOBAEFRSIIMELER, BAMMKE T ARERA EEZEIA Group1 F Group?2 XIEXS ILAIFE
H, FAAFAHEENM gangs in war, KRFHE, 5—THEASLE—HREBI XA, Groupl F Group?2 Z[8)E
RYIEAFR, BNBEEERFTABNIFINR, HNTAEENMZE EBAILER X a0 &k i,

Conmmhﬂy * Gangs in war (KDD16&)

Gangs:

Strong friendly
relations between
vertices within the same
gang.

In War:

Strong hostile relations
between each gang.

B 7: HEARRTE

WA ZATH T EREERE, BREEER, NEENEREBAAON, “ERRES, BERNEEET. X
BEEERTER, F— BNBEMEROBRAFAIBHIATER. GEUTE06F, HlTNEIR
FREREHMNAIAIR, BRNENFTERRSNHEERATITEREEREAEMER., KENEEREER
REAIER, TEETRZEENANEGRE, EARNRENERENARSH.

Interaction behween \ I
Search and |ld¢,“iﬁuw¢, \ /
BERFREIT
— "\d —

* Search for better \ 1

(artificial) intelligence T";
* (Human) intelligence =

and computation make —4

better search

8: HRS5EBERNT

REHE—F, ZRHEMNEERRSTRH—TEX, HIAROZET Web-scale NZIESRE RS, (9]
BERAFARS, ARZEBNERSIZERHAENNREINE, S—THRPAE—TEE, flaiREnER

eDDe



SR, BRSIZAUSEHETEEINERT, XMEREFLEIHENNRENEREZRIETISA,
ﬁ%ﬁF%%Tﬁ%%@ﬂ,E—EEELQ&%N%%%EHWE#

o — Name Type Description
RFRate Re-query  rate of re-query
AnswerCTR Click CTR of answer
Type Type behavior AnswerOnlyCTR ~ Click CTR with only click on answer
Explicit Click Up-wufﬂﬂwn-vcle AnswerSatCTR l’.'.h.tk satisfied CTR of answer
Re—ouer Reformulation AnswerExpRate  Click CTR of answer expansion
. Nequery _ _ Rejormul - - - - OTAnswerCTR Click CTR outside of answer
Answer Click OTAnswerOnlyCTR  Click CTR with only click outside of answer
Click  Answer Expansion Click  OTanswerSatCTR  Click  satisfied CTR outside of answer
Implicit Outside Answer Click BothClickCTR Click CTRof both click on/outside of answer
Related Click _ RelatedClickRate _ Click  CTRof related queries
Browsing Browse NoClickRate Browsing  no click rate
----- 04 0 e . e AbandonRate Browsing  abandonment rate
= - — AvgSourcePage- Browsing  average source page dwell time
. DwellTime
3 AvgSERPDwellTime Browsing average SERP dwell time

Web -rcale Mulli-lingual QA System

KPP 2020

9: Web-scale Multi-lingual AQ System

%ﬁ%%%%ﬁﬁ#—?%%ﬁ,ﬁ?%% TmETHAPREERK? ITERNMRESER? 258
BEBEIAPNRER, HNFERFPBANGEREPNGEHITES . REE -k, R215
mE, %F% IEREHT—ELE—TEANRE, ERANRRE-—TIFZEROTE. AXRFIEXER,
BMAGHAR T AENE. HIEAFSILRSIEMAENEEERNRE, WEANBLOITHEITER,
BRENARIRES, BXEESREHKEIIN QA R

Wtelligent Search Servag People

—

Table 5: Performance comparison between our methods and baselines on the DeepQA dataset. All ACC and AUC metrics in
the table are in percentage , where the sign % are omitted.

Pre-training Performance on Different Fine-tuning Data Size (AUC/ACC)
Model  Method o Size sk 10k 20k 30k
Original - 60.45/58.21 61.30/59.92 61.55/61.99 62.40/61.74
"7 T05m  59.90/57.60 (-0.55/-0.61)  61.25/58.25 (-0.05/-1.67)  61.40/60.50 (-0.15/-1.49)  60.65/59.29 (-1.75/-2.45)
FBQA 1.0m 60.25/58.45 (-0.20/-0.24) 61.35/58.12 (+0.05/-1.80) 62.65/57.43 (+1.10/-4.56) 61.35/60.69 (-1.05/-1.05)
BiLSTM 4.0m 60.50/56.99 (+0.05/-1,22) 59,75/58.39 (-1.55/-1,53) 60.90/59.15 (-0.65/-2.84) 62.25/61.73 (-0.15/-0.01)
T T05m 61.95/59.66 (+1.50/+1.45)  62.50/60.96 (+1.20/+1.04)  62.85/62.74 (+1.30/+0.75)  64.23/62.50 (+1.83/+0.76)
FBQAgA 1.0m 62.80/60.44 (+2.35/+2.23)  63.20/61.20 (+1.90/+1.28)  63.45/63.00 (+1.90/+1.01)  65.57/63.05 (+3.17/+1.31)
4.0m 64. |3f62 15 (+3.68/+3.94)  65.45/63.33 (+4.15/+3.41)  65.46/64.17 (+3.91/+2.18)  67.35/64.35 (+4.95/+2.61)
Original - 71.81/67.76 72.47/67.07 75.28/68.26
"7 T05m 67.35/62.76 (-1.96/-2.10)  72.96/66.66 (+1.15/-1.10)  75.11/68.26 (+2.64/+1.19)  77.76/71.07 (+2.48/+2.81)
FBQA 1.0m 72.33/67.06 (+3.02/+2.20)  73.76/67.36 (+1.95/-0.40) 76.16/69.16 (+3.69/+2.09)  77.42/68.26 (+2.14/+0.00)
BERT 4.0m 72.19/65.66 (+2.88/+2.90)  73.92/67.96 (+2.11/+0.20)  76.81/67.96 (+4.34/+0.89)  77.94/69.36 (+2.66/+1.10)
T T T05m | 7226/65.27 (+2.95/+0.41)  76.03/68.87 (+4.22/+1.11)  77.79/69.47 (+5.32/+2.40)  77.92/69.47 (+2.34/+1.21)
FBQAps 1.0m 73.53/66.37 (+4.22/+1.51)  76.29/68.97 (+4.48/+1.15)  78.63/68.77 (+6.16/+1.70)  79.82/70.17 (+4.54/+1.91)
4.0m 76.53/68.57 (+7.22/+3.71)  78.17/68.57 (+6.36/+0.81)  79.79/71.17 (+7.32/+4.10)  81.03/71.57 (+5.78/+3.31)

10: Intelligent Search Serving People
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FERE—TEMABWERSIZHIESE LAMMASIRER, SBINNARERTBPEENENRRZ/E,
ETMEZBREABRZTRENAZFEZ. BN, HNTUEE—TFEERRNIR XMERERMA
HMAYAHRA] AR R TIER .

delligence by Search 1y Transjerable

* The mplicit relevance feedback model trained in en-Us market
cawn be successfully transferved to foreign markets without any
tuning

* n the de-DE (German) and the fr-FR (Fremeh) markets, our
approach sigwnificantly improves the RA service in AUC wetrie,
saving a huge amount of humawn labeling cost

Model AUC of fr-FR & de-DE
5k 10k 30k 50k

Original 73.05/71.46 73.99/73.15 76.23/75.84 76.82/77.11
FBQAps 76.43/76.64 77.26/76.22 79.28/78.83  80.31/79.76

11 BEsERATRILAFIRF] AEAR RS #1TIERS

EM R, ARMERRUMNERES, HMNBUEREHE, ERIEHEEm, RO THENAEIZEN
BNAF &R, REERIMOAIRTEE R UNERNES TR, WEENEE. IBHNRRRYE, HEN
BIRE LEFAIR T ROAR 5K EIEM SRR NRISBEIESHNIR. B RIFNITRFERM 50K /Y
BIEAEATNMR, M2, BINBAFPNRER, HANEBARDENOBETK, AT LIS
WEEHCNDEERB,, MLAPEALERRENIHNNNESE. BONEABLE-—TAREBRAERSIZE
RZIESE RSP LLNA,

=. BElE%R, 5AHEX
RARERNERZA, MUEZRHAERE—PRAME, RIEE (AYONKR) E—RBERFNXE, BEME
Tech is global. right ? (#AREEIKMWEI, XMB? )3, HWAREIRKMLH,

dearch Iy About People. . ... ——
— Al Natters

Tech Is Global. Right?

The internet is evolving from a homogeneous blob into

something more like the diverse world.

* Localization

* Understandability
* Culture

* Failrness

* Privacy

* Complexity

- safety

B 12: BRIXFAEXNAHHEE
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RREXEBIRE T RZFLENEE T WIEBANNEANFEBERNERMEXERAY., RE@mSRIRZE
=, FABRRZESABXRNER, flIRAMA. pIIEEM. XMt AFE. RBLARP. BENERME. 22
MEEF. URFNBEEERREY, MOTRTEBANER. Hf, REZIEHENERER—TEENEA
. BNSERINZER T —fR KDD2020 FIEXERX A EM T —EHR R, BEERMASE—TRERIDE,
AERZBET, AMIAJERZEBHCRM MREEL 2 (Bp0/ERE S E BIR—LEaEEMR, (BIAmM MREATIEEE
i FR7TE— 0, ATERERIM MERNARZE—HN, hAERETIEE 7 EFNENNEL.

Understanding Deep Modef Complexity

* Same performance does not necessarily mean capturing the
same truth

* KPP 2020

13: Understanding Deep Model Complexity

EPRMKGF, LEXMMEREERNNGER LERE—HH, BEXMMERAEXIEGSIFEIR., L)
FBEA-TRAFNDEREGERUNERE., RESFLIRERENHIEILIE. (189 KDD2020 LAY
NIERXRLESAE T —EHNAE. SRENBRDERBXNAII-TREE T @BEE, —MREZRE
ZNEE, ELIERFNABERE. BN, EENERE-—EZHEM TR, F—2ERE AR
BA—TMREGRBRS I —TER, BXMMERDAERZ EEN. URAEN, BEMAIEZER-. £
=, EENBRLATE BN, —HEFARER? WREEMNIEBEMUESG, BIENABRERNIZIE
BHEMN, XTEBHEANER., IRRECENZOZE—TREFERAI—THET.

Inferprehi
Deep Models
(KDD18)

* Awmodel M is an exact
interpretation of a wodel N if M is
mathematically equivalent to N

* Awmodel M is a consistent
interpretation of @ wodel N if M
provides stmilar interpretations for
classification on similar
nstances

* Key: transforming a black box
into a white box

14: Interpreting Deep Models
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HATKDD2018 LN BIIE— T REMBEAAN —TETABHLTRENGOE, SHETZRIE
(Polytope) HURRRR, XAFATISEIMARRZRMY: MEZE LBRBRNERFRRIORENESN, BN, #Ft
BEEHH WRMTR[UREIE, EMNEER—TZREER, ENMSEMBNNBERNGED KRS, B
ENRENERTEE .

derpretation on the Cloud (ICDE'20)

Decision Boundar Key idea: Since all sanples in
A ﬁ' the same polytope satisfy the
same Linear classifier, we can
build an overdetermined Linear
equation systew. () based ow these

samples
A 4

Equivalence between the solution of |

mput xo € RY uniform samples Q and DE:
H Q) has at least one solution, thew the
We can compute exact and solution is wnigque and it is exactly
consistent interpretations even ‘ th d:eoi.siow bo’u.r\-dﬂr for instance
without model parameters *o with probability 1.

15: Interpretation on the Cloud

ASFER ICDE 1EXH, BAERFEREET oin, NENBERIETEFENEEMEENS N, EEEA
BRNARZINGEIE. £5FMICOEIEXE, HIMREFMEZMEREN—ITRE, ARHRLERN—N
AR, TRENEEENSHNIGEE. RERONEER: URBNEETINS, XERFEER—
TEREAER, ENMMNZERR—TEMDESE, TERNIUBE-—TELELEIRSE, BIRAHEANR
BN AIRERE . XTEAFICERERMYE, BMHTRSZ, EERNNEZERDINRE—KR, SEERNAE
BTNV

Innm@mt Search Iy
Changing Our Mindy

* “Google it” WF M LIk, 5hF
Fo] -39K

* Search alters memory
patterns — "It makes us
smarter and it makes us
stupid,” Gary swall

* information and
misinformation

16: Intelligent Search is Changing Our Minds
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AEINARABRXDE MRIFBE— I ATRNSZEELAN? BERSIEET (google it), EFENTE
BIE: AFEER, HBEERN, BROTENERRRZMAE T ALNBLENEI AN, ARLESEE
MR TBNFRERNRENEE, EGHNERR, EAES—LHE, RIS IERHEEER, &
REWHREFET . RE, EREHENLTHEEFIFEEE. ARRNEEHP, RNEBIERRESR
RIFBFEN—EE, RZBNEER. BRESBIHREEERE "L TRIFNER, ROESTT—HR
BRBNER, NAT - TEEERNNERIMTERES. CMNRUEBERIAEEREFETES—
BERBNMEMELRT, EARBEINRITXE. TEEFEREA—TREEIATHERN, BRAFPHE
IRBEUXRXE, BRI TERREREENEEZBRANEL, BEIMENEENMNE, EFE
B —ENRML, HEFENEGREIHATNEREREELECEANERA. XEF—THERIEND
& BARFBERET LGN, BARFHIEERESOEE,

A = ot L The Atlantic R - |

How Comments Became the Best Part of Instagram
v 2 wearld where everyane’s photos bk the ssme. cmmenes are what keep poses interrssing

17 The TikTok Generation

BNAEHNSEERIMBIEE NI, ELHI T —RHALIE Tik ToK Generation, Ef @I ERERIEER
MEGFRAEAS AEZER, EATNATERIEFR, ERBEIIEL Tk ToK Generation IR XEHIRAE
—LEEENRHR, EPZ—MEBREATEASAEZEMPLEE, RMIEFROTICHRANERAZEER, AKX
LERIRSHEAE LATZEECEENAS, MEEREHRENITEL. BTERERNEEHETRANLRE
FER/ASAZENER. AB5ABZENER. ASRBZENERENES. B 2. REARRADS
FBEERINR, ERBIXTEEERNEREFMISRKAT R, TRRPNRE, ZMSE T HNAE
HIREFH—PMBRIRIBENT,
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The Gig Economy The Passion Economy

Monetization  One-time revenue Ongoing revenue based
Meodel pay per trip, on building an audience
per session, etc

Services Narrow, commodilized Wide variety of creative
Offered sernvices products and services
Software On-demand platforms Marketplaces that
Stack that commoditize emphasize the
providers individuality of providers

Saa$ tools that enable
providers to run their
own businesses

Relationship Limited ability for Platforms encourage

Between consumer engagement direct interaction and

Consumer loyalty between the

and Provider senice provider and
consumer

Levers for Doing more: more time Expanding audience and

Growing spent, miles driven, offering a differentiated

the Business  jobs completed, etc. senvice or product

B 18 BREERENFEFIXE

IREFNTIRFEFMAL, MBEFTE-—RIFER. BN, RBELFMIE R LRSS, R
RS EZHMRRGHENNEW, REUNFRZLFEANFCAEEN., FAINHETEREER. BaEEFNTAN
ERFAERRERANRES, EZALIENT ARSI UNERNMAEDIRS T, REHEHAHEE
REFNZAFIEL, RIBEFTEEET MR R M. FRE, BeRRERNTEFRORA,
BERANHATESTERENER. ABTREMSE. BIWEMRE, SIWENZRNEAEMER. X8
EMAE., BEERMESZETHNNESE, AINREREREZTM T HRNTH L. TETENFTRNL
B, BB REANBITERSHOkL. ER—TONREERHNELBREERRRS THENE—T
A, RBEARANSTHRGIMEEEERIER.

* Anytime anywhere intelligent
search
* No one Left behind
* Old people
* Disabled
* People living in under-
developwment areas

* Minorities
* Inkelligent search s far more
than just Al and technology

19: Intelligent Search for All and Social Good

ENFRIR, ZEAMNESAZEARNTZRERFIMESIA T EERERERNAF? XEaiR, EHERA. R
BT AR KX AMNE AR AR EEEROEMIRBAN]TEMENF? XEREHAF
BERENEA, ZNBLMNENEERESEEFTERBRFIRMD, EERRZEA, FHABHLEL/N\+5.
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PIDEMUNBE—TALERNEE, ER—THFEERANEHZNASIE.
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XURER : WEREERM GRS RN, MBNEREMEEERTRMER, UANPORTRR, ELIREES®
BT TREENXBNEN, ERXFRAREMRETBXMERSAHMNRIEE? AT ANERSE
FEAEEMRABLE, BREESZHRZEE?

xR ERERN. BEEFCEMN T RAXEENEEAD, CERFBFEBNERLO. RERRIEE
TR—#EH—H, WRRHAEBRANESEN, IBTFRARMEANRERHFREFIIRBN—TEE, &
N—R—IBORARTRZ EFRERRALRZINAR . BENAXMMAANAT. SEEPRRZE, F0
WEAVI OB AT EN M ESHRNNABUERRES, £ —TAEESFY. ERUENEE—ERE TXA
BERTRIE, HATMRIDIEMARNENE, MAERE—SDKBBUARETHEESSENNE. B,
AR EERRZIRAMTA? BEAREBTHRATHE? ARFRERE, ERCTREER. REEHNE
s8R T R A B BRRAGR, XEEHEHRE R,

MR : BGEN. BEXEERCEFMT £, HENERSIEERCHIMNERTIAZHT2F
WA KR, BEXEMTEERERNDENOAR T EXLEERAT TN, EHREEFLE?

*xfg: BROOHENELIT, WEMERRERSIZERIANFFEURUSNBERERF B ELTHEIKN
£, MAERNTHANAREE L, fINRERAEERZRESNERR, EXMERREBAERSIZEN
ARy, EFERLEERRBESERTA —TIERANEREN? IZ2—TEEENARATE, HAERSHER
&, AUEXEGER, EBLERE. AE5S, RLRBFNVMUSELINT —THAS, XTREMH
M RSIZE Neeva SMATA &, MEEITE—LEHARER, EFEROEEN . XL SEXNTERD
S5EHMEFEFERXNEN. BEERMML., SlWNAERGERN (FNETR. RNEEERZYREIBA)
EEPNALERE, FIAMRE 0T METEAMERRER? XLEHLZIENEEER web R RERER,
FERERRNLHE.

XUHR . WERRSIZAENETENZOINECRITES LELTERBEMNT, LR EMAERSHRAEHE
T, LAREZIMHOPBETT, TEERN—TINAZS, WEHEXWIEEARN, HERET —NHER
MAFEFI, IWIREEWIRIUIFAEREEIFAT, FAEENR., LR EXMEFRECERZER, 7
BERZHRMIANRBEZEHNZENEME R TR RAZMMH., MERRR, AREHENRZMSET
AT BMNEERETBOER, HERSHE, HRSEZATUT—TIMIERITIE—TXPEHR
ZEE, MIEFRRESNLEITRZEE, FERERNEADEEERSHFMEE, XEERNARNFIE
EXE, (RAINEERRBIZETAREHEELAMNE—MER. TEARERERNEANERIK, RAJM
BEEHESREFIARNURINBE, XTFRHRFEIFEERN. HNARERZEDEMHRF LN
R, MERMEENAENERHTREMNE, EREHRMNH T 1P 2HNNE, ROIFTEERER.
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! Open-World Al and Continual Learning
(Learning on the Job)
pA QLU T (DN B LIS T 2o
(fE TAE2E2))
Bing Liu
Peking University & S
University of lllinois at Chicago ﬁa*.m.%?;ﬁgﬁ B 54

B sxeses

n o 00:22 1 51:50 @

1T IREER

FREFREMATERZIMFEZIZREAEDRIENTE, EEOEBHBALEENVLEZE, AARE
W, WEHREEHR T EAIUNSEABREEREZS), MAEEIH OIS, ILEMEMMA agent 22
By FEMFY), BRENSELFFZIXTELRE, WEHARESZTENNFECHEIN—LT
F. &fE, BXIVWRMXSRBIRN—LEEBAL L TRZBIANLE, BEZFLEARTHRRZEE,

MU 2N EHRAEH EX

—. E5HNERFE] vs FHENRFED

FRENNBZFEIZIFBIIULN, B—TESH—LEEE, HNMPIUBREERR. WE 2 ik, EFRES
FIBRNNEE, BRRCERBMNLE—THANER, HNIAEZNRAMEHNIEERZE LNRA,
MBS EERNNERAZEREEAHEY: B/, MRETRNESTRBEETARRE. ERIHRBIER,
AATREFTE SMHERNFY, BNEFREENZREEN. BERRAZM M-, MEEETRERPEE
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‘ Introduction

= Classic machine learning: Isolated single-task learning

Task T
o}

Learner Applicatia
(ML algorithm)

a Closed world assumption: nothing new in testing / application

2 Knowledge learned not accumulated: needs a large amount of
labeled training data — impossible to do

= Suitable only for well-defined tasks in restricted environments

Chen and Liu. Lifelong machine leaming. Morgan & Clayposl. 2015, 2018

Zhipuan TR & DM forum, June 25, 2020

2 EGHZRFIRBR

S5ZHENNBEEIEM ARG, —EEMBY, EXBATOER, WIMNEEIMIFNRENRT, R
INEEFBNERMBERHE, BRMNAXZRETMIEXLEER, BME—TMARKAELINGR, ABKEAN
BIZEEALIE, BHISERMHR TMHELERME, SMEFRIROFLE. Z—TENENSRA, B
EEEENREN, EERITNMERTETUASNEE, BMERE—TRNNI, WiTESE, BPOER
RBATAETRINTTAER R, A, BRE—MVEEILTSECEFS? XME—TFE%S) (Continual

Learning) A9[a)RR,

ARERFEZIHEANFERRE, BAENEERENRAIEEFE TR, MRERREN, AEXWTENR
&, BEB—UMIE—LFES), {HEFY, KRFEUEAMNREES), BMESMELARINELE 1-N X NIUES
E#EERTES), SEAMERIE N+1 IESE AR ZE N TUES P ZEIR NSRBI IESNF.

‘ Lifelong/continual learning in the open wotld

(Fei et al 2016; Shu et al 2017a, 2017b; Chen & Liu, 2016, 2018; Mazumder, Liu, et al, 2019; Liu, 2020)

( Taskmanager CI:I'I’EHI \I

1

IF"-! Ty ww T Theay o New taske
\ _ Previouslyleamedtasks Futurelsamingtasks et
_______________ apnlication

Datagained in
annlication Application

ithh Jrg—— -
Learner envionmen: 00, %
(# prior knowledge)

Knowledge
gained in
application

Meta-knowledge miner
Inference engine

Liu. Learning on the Job: Online Lifelong and Continual Leamning. AAAI-2020

Zhiyuan TR & DM forum, June 23, 2020
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BMNBRIENMRERZEIT—TES, —MESFEIZERFE TENMIRE (Knowledge base) &, #1
WRERRE AT OEITRIR, SEMATFRONREZES], FEFIZ—TAMEINERE, BT EEZEINT
RPRTZAFNAR, ARFELIHANRSABERN TRAZ -G-8, XPRIFRRESENM
(Adaptation) RY[E)R, JERNEDZHXFAVERMELIE. &fE, TE 3P LELRENEG, RAR(IFTEELE
. AERNBHREZES), WEEINET-TXTENBRNEEMF, MISNELESXN—a8m5RE
W, HEA—MAS, ERFFONE—NINAFEELETRET, RELBRAMTER., XMERELRE
38, WEBRAMIRRZE, SWERREEHM P AREITIE,

Closed-world assumption and open-world
(Fei et al, 2016; Shu et al., 2017)

= Traditional machine learning:
= Training data: D'in={D, D,, ..., D} of classes Y@ = (I, I, ..., L}.
s Test data: Drest ytest < {I,,1,, ..., L}
= Closed-world assumption: Yiest < ytrain
= Classes appeared in testing must have been seen in training, nothing new.
» A system that is unable to identify anything new, it cannot leam by itself.

= Open-world: Ytest _ ytrain 2 4
= Training data: D™n={D,, D,, ..., D}, Y@ ={l, L, ..., [}.
» Test data: Dreest, ytest 2 {1 1, ..., Ly, Lo}

Fed, and Liu. Breaking the Closed World Assumption in Text Classification. MAACL-HLT 2016
Zhipuan IR & DM forum, June 23, 2020 10

4: HAHEFARIRS TR

EE—MIER, BRI —MRE N IFHAERAZEL T — T ES, REZIXMESE, TRBEIEFN
ESMEBLRN, AEEHAHRRER, AAEENERRERIR, HAHRRIRNEXDRES, WE 4,
BONNHBIENEZINFLEN—1F&, BMERENNEERTUHIHORA, EURANBEHNR
AR O EF . MARERARIRXMESZLREBN, BEEMNEMLEIN. ELFERT, TEA
CEFIAIEXMIER,

earning on the job (while working)
(Liu, 2020, Chen and Liu, 2018)

= It is known in learning science that about 70% of our human
knowledge comes from ‘on-the-job’ learning.
a Only about 10% through formal training
a About 70% from on the job learning
a The rest 20% through observation of others

= An Al agent must learn on the job too
o The world is very complex and constantly changing.
2 Al agent must be able to detect unknown objects and learn them.

(1) Chen and Liu Lifelong machine learning, 2015, 2018. (2) Liu. Learning on the Job: Online Lifelong and Continual Learning. AAAI-2020
ZLhiyuan IR & DM forum, fune 25, N20 1

5: EIfEHREY)
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M FELERES), HEREMRER KB 70% ARINRZBE TEREN, IHEREBEN—ED. W
AEHNERZRTER —RENYIE, SN AEENERT, BURMEE—MELESTE, BCOHME
BJUESBET, T Al agent 2, ELHFRIFEERFEAEFERERN, BINRELAENRARAR
wigERE, AWETFPFEIFEEE.

[Learning on the job in the open-world
(Feietal, 2016; Shu et al., 2017)
» Steps:

2 Discover new tasks: classify instances in D to Y@ and detect
novel instances D"v¢/ c DSt belonging to L, — forming a new task

o Identify the unseen/new classes in D¢ L, ={l, 4, I,,, ...} and
gather training data
= Interactive self-supervision: interaction with humans and the environment

2 Continual learning: Incrementally learn the new classes {I,,4, l;;2, ---}
(the new task)

Fel, Wang, and Liu. Learning Cumulatvely to Become More Knowledgeable. KDD-2016
Contital Al meetap, June 26, 2020 12

B 6: TEAMHFRPEIIALER
BRI, BMNEFRERPEINFRENT/LISE: E—IMEFTEEBE— NIRRT LRI
5, RERIRDLINHEE, KEERELINGIESHIIRKRS T 2ENFES ., BRNENNARTE
BURENERE, SaN—0SEARENIER, JUBISATMENRE, ELEFRR—EER.

—. FERIHE

Continual learning

= Continual learning (CL) learns a sequence of tasks.

= CL has focused on dealing with catastrophic forgetting in
neural network

o Catastrophic forgetting (CF): learning a new task will change the
weights that have been learned for past tasks, and degrade the models for
previous tasks.

m CL should also leverage the past knowledge to learn new
tasks better.

Chen and Liu. Lifelong machine learning. Morgan & Claypool. 2018
Zhiyuan TR & DM forum, June 23, 2020 15
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FEZIAEM DT EENYE, —RWNPREBIHEZIFNAIRMASRUENERINRT, XA IEEIRTS,
EEANAEIAE 2RI MARE S, MRREFHEENENINER, FHNAOMIETIENNERE, F
TREIENFRART T, ZFEFTERZEM. F TR, NSZAJEFIREERA, BERAAER,
BLERIRA, BNUEEEERNAAERE—ER,

=. NENAR

DOC - detecting novel instances
(Shu et al. 2017)

This:

= To detect novel d:::;
instances that do o [ ]
not belong to monitdr
training classes. is

very
good,

[E—
X

Figure 1: Overall Network of DOC

Shu, Xu, Liu. DOC: Deep Open Classification of Text Documents. EMNLP-2017

Zhiyuan TR & DM forum, June 23, 2020

8: DOC Z514[E]

BAIRE-TMAEN—LIIE, WA 8 A, DOC BB —TELAI CNN, MEHRE—FEMAL Sigmoid X,
T — One-Against-The-Rest B0 225, BERE—TENE, RIIRIENHED EHOFEAR, MIRN LR
BT UNERREAR LRI PRI,

‘ Open-world learning via meta-learning
(Xu et al. 2019) g

Testing Example
(trom Seen Glass) _\

rom Unseon Glass) ?ﬁ? _X_X_V_k_x
"""" | XXXK!
. - . Probability Scores
» L2ZAC-meta-learning I

o It maintains a dynamic set S of seen classes that allows new
classes to be added or deleted without re-training.

= Each class is represented by a small set of training examples.

o In testing, the meta-classifier uses only the examples of the
seen classes on-the-fly for classification and rejection (novel)

Xu, Liu, Shu and Yu. Open-world Learning and Application to Product Classification. WWW-2019
Zhiynan IR & DM forum, June 23, 2020

9: L2AC-meta-learning Z515E
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H—1PIE L2AC-Meta—Learning IBIIITF SR FHITHI, ERERR ALY EIAIZR R AR IS ROMILE 7R
FALERAM, NF—MEFEAR, FTBIEIPFERNEERAMESETEALNINER, FI1ETIU
FRRARRERRE F LIS, BFiRSTiHEES,

| Overcoming CF via Model Adaptation

(Hu et al. 2019)

= Class-based continual learning (CCL)
o Incrementally learn more and more classes.

= Proposed model: PGMA - deal with catastrophic forgetting.
= PGMA learns to build a model, called the solver, with two sets
of parameters.

o The first set is shared by all tasks learned so far, and

o the second set is dynamically generated to adapt the solver to suit
each test instance to classify it.

Hu, Lin, Liu, Tao, Tao, Ma, Zhao, and Yan. Overcoming Catastrophic Forgetting for Continual Learning via Model Adaptation. ICLR-2019

Zhiyuan IR & DM forum, June 23, 2020 21

100 RIEMIRTRIBRRINE

X R M MR T (8] 7L @ﬁ’fﬁﬂ\“ﬁ’%ﬁ’*” PIVSIRENS MO MMEL D, —HoX T REESRKIREZER
Y, AIASEI—LE ﬁﬁ%m/\o B U'”JEi]‘?#ﬁE’JEEKﬂHVJIJEJJMEEJZE’\J, EUHAES A ZRMMIBRNE,

R EBEIERINNRE AR RS FEIAIR, EBMATEBATHNES. MY T EAEREIENIR,
TH AR KAN (Knowledge Accessibility Network) REERAER, EFITREZE S LERBLMEX RT2E[E,
%%E—ﬂxﬁ REMBIERE, MBENXTMREMNREEHRE METBRIDSRkEERYE, HEEEW

HMI ERNESFHOEE BROEIIR,

‘ I<AN architecture Main Continual Learning (MCL)
goseg Pos/Neg (t=0) ... Pos/Neg (t)
A
Dense Dense (t=0) | +++ | Dense(t) |
b

= Accessibility (AC) module

= decides accessible units in the
KB by the current task t by
learning a binary mask a,. AC-RNN

h,,., u-nm‘ by, Kl.'Anﬂ

{hBiAeces)

= Main continual learning (MCL) (h mask: o

= Knowledge base (KB-RNN). T a.,///__/_f_ ih:‘}_ .

= performs the main continual

1
1 1
learning and testing. . f : !
t ) ]
= Uses mask a; to block not- AC_E‘,,;T e I I
important units in KB (avoid L KB-RM _ 3---- A
i - transfer .
forgetting) knowledge vty document:d
Zhiyuan IR & DM forum, June 23, 2020 24

11: KAN &ME
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G0 11 PR, BRMERAMERZE, WGEM MR, F—1NFUIZ—" Binary Mask, REMHRIEIENIRF
MNMEESRBEEPM D, MNMERXLELHIRNEN, £ THo2EBOFEFIRIR, EETIXD
WERLFH) Mask BEB TS RO /R THB BRI BEMRINES L.

M. FEXERAFEANIRES)

Continuous knowledge learning in dialogues

(Mazumder et al. 2018, 2019)

= Dialogue systems are increasingly using knowledge bases
(KBs) storing real-world facts to help generate responses.
2 KBs are inherently incomplete and remain fixed,
2 which limit dialogue systems’ conversation capability

= CILK: Continuous and Interactive Learning of Knowledge
in dialogue systems

2 to continuously and interactively learn and infer new knowledge
during conversations

Mazumder, Liv, Wang, and Ma. Lifelong and Interactive Learning of Faclual Knowledge in Dialegues. SIGDIAL-2019
Zhiyuan TR & DM foram, June 23, 2020

120 WIEPROFFEES)

EMEPMIFEES), ERENAMEEAEIE, MERBRIRIECTIENER, HENEPHTEY, X
MIEREANNEDR TR T9E LN,

‘ Knowledge learning in conversation

Humans Learn and Leverage Knowledge in Lifelong Manner!

Hey, I visited Stockholm last | Hey, I am planning for a
week. The place is awesome! Europe tour soon
UseRL ‘ Where is Stockholm? users
~ ‘ Are you visiting Stockholm ? . L
S, O H I heard the place has lot of
Stockholm is the &b hiciions,
capital of Sweden user2 | :
USER1 USERZ
Session 1 Session 2

Knowledge learning happens in a multi-user environment

Zhiyuan IR & DM forum, June 23, 2020 29

131 MIERFLEEZ S R9EA

HNBERNMF, PTUERIE 13 89 USER2 7281 USERT SHER AAMEHES/RENER, EXENEREF
FIRTRXMER, ALK MERZMEN USERS B IEH,
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EEEARZSAUEINSR, B TMEEERMNEENIIR, AEMERIIRENSAERFERNE
B, REMRAFERZERF R A DA —EMIX N e A XM e, BT XL Bk iEE,
M, B=MERAEREIRTES T, XBERNEZXEIN—RE.

‘ Problem formulation

= Given a user query / question (h, r, ?) [or (?, r, t)], our goal is two-fold:
1. Answering the user query or rejecting the query to remain unanswered if the
correct answer is believed to not exist in the KB

2. learning / acquiring some knowledge (supporting facts) from the user to help
the answering task.

= We further distinguish two types of queries:
(1) Closed-world Queries: h (or t) and r are known to the KB
(2) Open-world Queries: Either one or both h (or t) and r are unknown

¥ Proposed Soln.

an engine for Continuous and Interactive Learning of Knowledge (CILK)

Zhiyuan IR & DM forum, June 23, 2020 31

141 IIEPFFEEE SB[ RUE X

B, BRI AEDANRENERANREF—T=x4d, SHMEE—THAMFRE0), =08 Fr0%
Do BANEZRIMRARMAIREFHTHET, BUNREIR—NAREROEE, BMSEIRERRFE, Ba
EfE— TR EREN, ﬁﬂ]ﬁ%ELL*D%F‘E’\]@Eﬁ%—“ﬂuﬁﬁﬂn‘”&@%%% SRR FZAFHILRIE) o

‘ Interactive knowledge learning in dialogue: example
(Mazumder et al. 2019)

s Co'e CK USER: (Boston, 'Lacmed!nC(mnm; 7) “In what

O USER: In what Country is ': = > 5:::”“’“ Country is Boston located?” [Query]

“ < CILK: I do not know what “located in Country”

USER 3 t means? Can you provide me an example?

Semantic Parser /. [ASkf or Clue]

Relation Extractor o ; [ 1] USER: (London, LocatedinCountry, UK). “London

| N~;~.¢ = e is located in UK.” [SF1]

( Boston, ~h (1] CILK: Got it. Can you tell me a fact about

Loratedﬁ;;:oumrv, T interaction Inference “Boston™? [Ask for Entity Fact)

parsed Query Triple Modde Module USER: (Harvard University, UniversityLocatedln,

l cx Boston). “Harvard university is located in

Dlylnguem:t,’A;klorycfuear[nrizy fact) or infer Query Boston.” [SFZ]

CLK: | don' know what CILK: (Boston, LocatedInCountry, USA) “Boston is
Jmﬁ%ﬂ"ﬁﬂ;’;m « e gocalcd inUSA.” ' : [Answer]
Zhiyuan IR & DM forum, June 23, 2020 32

15: CILK [RIEE]
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AT B B —LE AR RIX ) FAYMERY b0 Continuous and Interactive Learning of Knowledge (CILK), £
X CILK 22 f9 6 7, BT BAIE S HRIEETIE BT R M IR B R — 1 =T ARG,
15 iR, HAGAHME “WEMTIER" 2XHNIE, RAQAFRT —LRRIENEEERE “GE N E
K WXARGF, BABRMBIXEREHREINELER, BIRENBIBERHITHE, oI AEE =R

=TTHNESR.

£ S IE\%

Summary

= Classic ML.: isolated single-task learning in closed world

= General Al: learn continually in the open world autonomously

a Learning on the job (Chen and Liu, 2018; Liu, 2020)

» Detect new things and learn them in a self-motivated & self-supervised manner
0 Interactive self-supervision: interact with humans and the environment (Liu, 2020)
Get supervisory information and training data
o Continual learning: incrementally learn new tasks and accumulate knowledge.
= Autonomous systems need this capability, e.g., self-driving cars & chatbots

» Currentresearch is still in its infancy.

Liu. Learning on the Job: Online Lifelong and Continual Learning. AAAI-2020
Zhiyan IR & DM forum, June 25, 2020 3

16: RERL
EZHENGEFIBBEAERERSYSEY, ARHANERESS), BROBBAZEAUNBSEFEERS

3, AREBEAZMNMTFSNE, LERANMEETMREMFEY, HEMMEFY, XREBHNCM, Ha0
MNFSMRMNIBLERES, REBHEHNIUMEFHEEFAR.
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and detection

L Wu, F Marstatter, KM Carley, H Liu

ACM SIGKDD Explorations Newsletter, 2019, 21 (2), 80-90
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Number of people using social media platforms
Estimates correspond to monthly active users (MAUs). Facebook, for example, measures MAUs as users that have
logged in during the past 30 days. See source for more details.

Facebook
2 billion
1.5 billion
Whatsapp
1 billion

Tumblr
500 million TikTok
/ Reddit

"

Pinterest
- Snapchat

0 e T MySpace
2004 2006 2008 2010 2012 2014 2016 2018 2019
Source: Statista and TNW (2019) CC BY
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Why it is so challenging

* Fake news detection is not just another
competition
— A competition gives a dataset with ground
truth and shows who can fare best

* Fake news detection is complex in many
dimensions

* We discuss some imperative challenges
— Data, Detection, Explainability, and
Mltlgatlon or Containment

ombating Disinformation on Social Media
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Challenges in Fact-checking

* Requiring annotators with domain expertise
* Labor-intensive and time-consuming

Facebook posts l@ No, Walmart has!ﬂ da
atodon Agril3, 2020 na Facabok post - staggered shopping schedule by age
group

| Walmart is adopting a
staggered shopping schedule
by age group during the :
COVID-19 pandemic. grammatical errors, reads:

The alleged Walmart announcement, which contains multiple

"Due to the COVID-19 pandemic effective immediately
Walmart is adopting a staggered shopping schedule as follows.

Where and how can

We apologize for the (sic) inconeince: Monday Age 66+,

we f|nd gl’Ol.md trUth Tuesday 56-65, Wednesday 46-55, Thursday 36-45, Friday
fast? 25-35, Saturday 24 and below, Sunday Emergency shopping
only.”
poltifact 2020/a00/1 -0osts/no-walmarthasnt-announced hoooing-schel

Combating Disinformation on Social Media
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EXMBOIRELIERIRIFIRSSE, M COVID-19 fl, 5 COVID-19 BXMNHMIEEZEEZF R Z 0
By, BRENZHE. HRXREMIENFANES . ERERSBROLE, EAIEREGREREGXLEL
. NEEEAEFHEME—THIECE Meta—data Repository), EFERRXES BN, FMIAFTEIES
diesk, AR UILHEH A XTI E .

Data Repository for COVID-19

* Datasets related to COVID-19 with multi-disciplines
— Spatial-temporal data
— Social media
— Academic articles ...

* A meta-data repository to encourage data
sharing and donation from research community
and promaoting collaborations

Published

Academic Social Media Twitter

COVID-19 Datasets

Resource Report

Epidemic Report

Geo-Spatial

Fact Checked Mobilit,

https://github.com/bigheiniu/awesome-coronavirus19-dataset

Combating Disinformation on Social Media
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Challenges for Fake News Detection

¢ News Content

— Intentionally written to mislead people News

— Diverse in terms of topics, styles, and
media platforms

Auxiliary

» Social Context information
— Social interactions are massive, incomplete,

unstructured, and noisy Social

— Effective methods are needed to leverage Context

rich social signals

Kai Shu, Ahmed Hassan Awadallah, Susan Dumais, and Huan Liu. “*Detecting
Fake News with Weak Social Supervision", IEEE Intelligent Systems, to appear

Combating Disinformation on Social Medi:
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BRI EAN, AAEXNRMEEENEARXAATER, MEEMBABTRITCPHESITHES
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FOXLER RN, BPA KR AR BIA SR E RS IR Z BRI TDME.

Explainable Fake News Detection

* Existing work focuses on detecting fake news, but
cannot explain how it is detected as fake

* Explanation is important
— Provides insights and knowledge to domain experts

— Explainable features from noisy auxiliary information can
further improve detection performance

The news is
| fake because...

Kai Shu, Limeng Cui, Suhang Wang, Dongwon Lee, and Huan Liu. *"dEFEND:
Explainable Fake News Detection”, KDD 2019, August 4-8, 2019. Anchorage, Alaska.

9: PIAERRAVRZ (R EIAL

ERIESMNPLER Mitigation) HIREESHE. B, AT ERRD, BBEBNNRERESELE
RESWNESS? B, NEEBNCNEMNAROEE, MEURERREZS, BIIMARER
IEAINIEAT T N ER ., (FATENRER, BRONEENEEENNLEFEERE, EELEXNRERNE
EMEZR. REAET, NREBRSLAP, M8THPHRER BEERER NEER, FNKKRERNE
REAENNEE L 1. BPEECHAINR. YTHRENER, TRNAFEETRNKRE; 2. P

o/l e



AL RRIA AR ZINILAY.,

Challenges in Mitigation

* |s mitigation easy? Or easier than detection?
* Accurate detection # successful mitigation

* Mitigation involves users
— It is complex with new dimensions

* Users have their own judgments/opinions
— Stark contrast in response from the Tulsa rally

* Users do not exist alone on social media

10: BRESNOERE RN EZNE
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We, Users, are Irrational

* Are we susceptible to disinformation?
— “No, | am immune to disinformation”

* Echo chambers
— Examine your social networks

* Filter bubbles

— Take a look at the news sources you get your daily
news

Be open-minded and admit that we’re all fallible ©

11 APABFERE

o/5e



bR _EEFTIRBIAISN, Eﬁ—’%}%ﬁﬁxﬁ’ﬁffﬂ' BERNSS2MWBERABENEE, BARNT RIEES
1% (Conversational Receptiveness), BIZM T MELLECHMSRERSZHAZS, Z— 0T ETF, AMIEHR
.%E/EEP1?E1$A3|3tt$xffﬁf&ﬁ’JL$ﬁ%1% ttil[hael}\jj “WRA—B, B4 -A— -B",

Lessons Learned

® Fake news detection is difficult
— A moving target with changing topics

® Data is key
—Impractical to label data at scale and fast

® Early detection is critical
— Data-driven approaches are limited

® Mitigation is not easy
— We all have our own preferences @

Combating Disinformation on Social Media

120 ERITERNEZRSH
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Need for Multidisciplinary Research

* Integrating theories from different disciplines
— Learning with weak social supervision

¢ How can advanced information retrieval and
mining techniques or algorithms help combat
disinformation?

¢ Kai Shu is continuing this line of
fake news research with
his own students ©

Combating Disinformatio
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