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@ Mila FASKER: ETFEHZMBRNXRIEE

8iE BRAEX RRFE

£ NeurlPS 2019 £, BIREEE. FREFS '=8BSZ%F) Z—H Yoshua Bengio 1EHREF S HBEHITME
MBEPAFIRNE S, BIARENEINETIE System 1 FURERBINEAFS System 2 KOFEHIERFREST
MEMRAMALEERS.

EARBERASL, KB Yoshua Bengio S Mila ARV BEAZEEBEIARTRT AN O
System 1 #1 System 2 &5, BT XA, (Towards Integrating System | and System Il for Relational
Reasoning) MIEFIRE, UEMA/NDEREFRETRDE, MREEHIESEES ENRRHEEREG, 154
NATRBMAZSINNARSEEESNHE. TEASEHNTEANS:

—. System 1VS System 2 I8
B4, FA1kEm—F System 1 F] System 2 3#IBRIE N,

B E, MERSHOREZIRRMRAOLIFEET System 1 #3E, B MBARS. IRAEGERAMIEHR
B—MRBIES., ERAESH, ABERENERIRN, XE—TREBZENIRE, BREFFARSZMES
BIFBERN, NEBRAMASTERFIBRXLDZE, 2, XTF VoA E5ME, LE—RER, i)
FEETZENEERE-LEH., £LER, AMEET —MMIREERE (VOA) ESRG—IMEMHA
MBERRLBKRENA? . BOEZHNEREEFTERERGH AR ZERIXR, MMHTH—DH
KA, XFPREI System 2 #IE GAHIRL) .

INNRAZEENEZR, ©ORINSIEHIE, MRTRE. MFESEREAR, XE2—TRIEN MEIR) HIRE,
EARAXH, HIPEELNBAEE System 1 (REIFRZ) M System 2 GARIRS) BT <FRIMIE,

BAl, XABEATOUENTEREEBESMMNXRLE DHTIOUAMEE, TEEANTEN AL HENX
BRI AR (ESS:

* TRHE (Node classification): (AE —LETmAYinE G ELEFNLAE. BETR), FUNEXT RIRE,

o AMRENE FH9HEIE (Reasoning on knowledge graphs): EFEASBLHNRENEISL, Flal, 240 Bill Gates
MBS BB A, Paul Allen B2 MRIEASRIBA, NN EMARSEEREXR,

o MnEFERIMIE (Visual relational reasoning): 3T VQA (ESHRVIEEEUEEH EUSHXXALIELE), @idx
REER TN R & S 2401k,

o ZEKOEZRS (multi-hop Question Answering): ZREZMHEXLLOEEZ( M, FEIREAEZLIRZERNRX
R, EXZENL EHTHIE,

AENSREITIP, HXNTFTEXREETIONES, EMEANFNFEIELR, Eflo5)5 System 1 H System 2
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HEIRAEXIN

He1, System 1 #HERASEITERTEIRAN WEHENS) KREZIBTEIIESY, XERAEE

e THRRTAE DeepWalk, LINE. N ode2Vec %
o HNRENE#FR AR TR E: TransE. TransR. RotatE %
o EEMZE (GNN)

#AM, System 2 HIENXN TEAEHRNFITXAFS], EENEHERERILSINR, BEAESHN—LT]
J3k, I

o BIRFBIRMES
» &K% (CRF)
o DIRBIREEMES

Heh, GRBEXNESBDRBKXERS —MSEBALEE0TY. TH, BITEEI/LTXATUNFHEETS
8O+, 1%BRY% System 1 5 System 2 184S,

—. w1 FRETRSE
RAOKZ—RIFBINENE RIS, ZE G H, PTRVEEN V. VEEMETRES VL IEFRETRE

V_U MHE, X v BMETRIEHINSES. BXE8, TRORISBENE: A YUFHEMNTR V_L,
FME RIS T = V_U B9FR%s,

op ot

AL RAFI N, K{CFIK@ﬁLi%zE—%EPﬁ:F/?%P RO ERAIIME . CRF EXTHIATRNE (_v) &
—TEED . BTRTEERLE XA TRZGHRE:

1

Xv) = ——7 i i\Vis Vi, XV
pyvixv) = Zo— I1 %us@aysxw)
v (3,5)€EE

Hep, ¢ (1)) BEXESFDENSBRE, vi. v 23IRETR I | BIRE, x v ARERMET REVL.

BENGITEINMNBET, EEXTHETRNENEKED M, INBERETRZBAKBRR, MER
RET

L]
_'_
e
LN

RFIFBEENBRL, ELSINT —EANBTIR,
HBEERALMN, ERIEENETER.
TEIFBER, MRS, SPREM 2B ERHATIEE,

g
WX
mw

e3e



ETEMHEZME GNN) W5 ENSHomT, EARBEARASITREILE—MEEMRFHNRIE, HFETX
Fhn MBRADE— D F TR FUNES . A, BATEIHEEEEE (heural message passing) ARVEI B
T RRIE, &4, 811 KRRIEAEMENT RIFE. BIANEE & — RS2 ERERAMEIIMEER
B, BHRBESZTRNESHTHE, MMEFTRORM. ETXMTHRRME, HIRTAE—S Mt
U T SRR,

EHENENMBET, HMNIUREIFEAIERNTREML. AEBRTHENTMERZEIFELERERME
FIVRERIE, XMRIERENRAENZREN, AN, BHEKNENRRIET, SERNETELFEIIN
B PRORIDHTIOUE, ST PTR/REMIN, FERETRZEIRXR.

£ ICML 2019 k£, EEEMRMAS Bengio G1F, LT TEIZRBRMENL). ARXREICXH, (5
ERBERNRTXAZIDEEEHREMBBES, PIFMEEBRIFNTREML, FXTRIREZ BEIRIIX
RHTER, MMAEMENRL.

£MF CRF, BATEANFERTE v_v WBAHT D (Vv |Xy) HTHIE, Het x v 2T SOBIEES,
B, B ETEBTRALIMUIRNITILA logps(Vlxy) MTR, MESREIEUSH ¢ t5
2, MFRNRIMNETBHOTATE v L, SEITEDSWNBEREE, BT 5EEH N
RIS EIMAETIRA. TERE, BRIORBEHTE, BMBALLEMARMN TR (HETH ELOB:

log pe(yL|xv) >

EQG(Ylev)[logpfb(yL: y'U|XV) Eal log de (YU|X\/)]
#ir qo (YU | XV ) 2 BFEURFERENERAHNES D,
BT, BATET IEHHERANL) Variationa-EM) BEFGHTHR. & E S5, BABEEESINM
% p_o, LS5 o (YulXv) smrnassensns® peYulye, Xv). by u &

ToAREE T R BSEPRingS, v L RREGED R, x v ATSRMESE. £ M $5, B1IEE 9_0 T p_
& MTIBALEIEIREIN ELOB, 7 ELOB 1, log go(yu|Xv) 5 ¢ %, Bit&Af ELOB BSFHEA

w ) = ]qu(yu|Xv')[]0gp¢(yl"y.U

xv)| .

AWM, EUERMNLECR B, EEMAZRTHKEUARLBET2EEN, BABRY

1 |
plyvie) = Zoos Tl vesvaysx) mzmwms s ERfEsmuisn, BEBNETMHH0
(

i,j)EE

T EAI ISR R EL:

o/ e



A

lpr(0) = qu(y;,-lxv)lz log ps (¥n|yvin: Xv)]
neVv

- EQ&(YL‘ |""")[Z log ps (¥ nlyNBm): Xv))
nev

AU EMLARNERES, HIPERIBNESUARDBRZS TREURZHN, ITEITRFW, HARIRELD
BTRAREEA, I BERBET REREE BRIUINZT RBIRE .

AB LB TN a0 I E AR 48 SR TE X L R g — 2 e ?

AMTRNRET, BNFEREAZD D o6 FEMESLIER THEREE p_d. ARE, HNMBETFY
mhE. BNBRRMANRERE (TRRERA) BRI, HATNBI TENSIES 9.6 NEXEDm
DIERZ DG D T HITIR:

go(yulxv) = [] go(ynlxv)
nel

Hp, y_n ABEEAMBETRIRE, x v AAE TR, W, ZITNETE#REMEFIE LRMETR
RORHIERAE, NEDDHHRITSEML:

q6(yn|xv) = Cat(yn|softmax(Wphe ;)

Object representations learned by GNN

Hi1, h (8, n) ATR n BRI, FANETZRLRIONT RAIRE, KL 2EREMERNERMIEE,

M S H BINEREBAKIEROHMUA BNTINEAS -1 EHE M &N
l0g Pg (¥ n|YNB), Xv ) TR, EMAERTBRAENET ROATENRTRISEN, FHT

T RHAARES o

ERBRTEHENE DRI SR (inference) 5% (learning) %2, BATE@T E £/ M HHEEMNE.
Hrh, q_6 MU TFH#HIENL, EAEFITRNRIME, HNTUEFXMRERTUE DT KRR, 1ZMEE
=T System 15 p_ ¢ MNUFFEIWE, EENUBBIRENFZM, NP RMEZBIREIXRHITER, %
MLEEZH T System 2, EWMTMMENFE I IRREEEIEFEN, FATTUETFHIENKZ DTN ITFET K F0N
H—Mn% BETFZIMEHTIENESR, BN RN, (EARG / RS REAHEIENE
(System 1), B’AHINFEHR.
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Category Algorithm Cora Citeseer Pubmed

SSL LP 74.2 56.3 71.6
PRM 77.0 63.4 68.3

SRL RMN 713 68.0 70.7
MLN 74.6 68.0 753

Planetoid * 75.7 64.7 772

GNN GCN * 815 70.3 79.0
GAT * 83.0 725 79.0

W/o Attr. in p, 834 73.1 814

GMNN With Aur. in p, 83.7 729 81.8

11 SEANRDKBEANMEREXLE.

BMNE-EENT RO EXES LR CMNN SEENRITXRAZIEE (BRBMREEME. XRDRBXW
&%) MinENERENS (BERNE. BIERNNESE) #1777 WL, LHRA, HF GMNN 45
FUHRAFINEHENEMEOME, FLEESTUER LHES T RENMEE.

=. =l 2: FHRELE ERYIEE
FREER MR RN —E=tANES, 8T tEBAR—EExL. MREEEFERETTEMN, BMEE
FRETOREXTUNARMESE, XE—MIRERNANRENEHIRES.

EERRGH, BAVIUET—LEREBEEMANATEER. AM, SENNETEATNZTZENEFN, )
BEAXERDEZREEMNMTHE .

ERFNGITRAZITES, DRHMREEMETEMIGMRERLS —BEHEITTEE, MMXHEEN
WEAREEHTEE, fI, LRPEENXFEOGEE T =FEEMN, HITBTDRBRIEEMERE
JFFEEMNNNE, FEMNDRHMIMER, S HRE—T=TABSHENEE, FRNSETET
BEMANERE—E, SMDRBREENEEN T ELNEE DM

1
p(vo,vyg) = —exp Zu; Z 1{gistrue} | = 7 XP (Z u'gn;(vo,vhv))

leL g9cGy leL *

Hep v O AWMEINSESE, v_H AT (True/False) BIZESE, w_| A% | FMMAINE, n_l(v_O,v_H) &
FFELMRBERANEENMN | NHE, ZRKE DRI URTN— T EEEREL

DRMREEMBONBET ERINETEENVANBILIIR, HXHEEMNAAHEERER, ZME
RRET: BERBRNER. HEPOVRME, AT EZEANATRETEBSZMENSEEL, FLAERER.,

EEXRRFEIR, HANBATNHTIEEHRE, BRNENMREERTHE BEEFIESTEME. XANR
N, MTFMER&RAIESE (a0, TransE. TransR. RotatE) . FNIREIEIANREHLEN T A B LH—DEE
B, BUNBINANMENSIHZMIIN, BIEETZENXANBRATNETELNER (True/

e(Qe



False) . H x_h fURKSLAERIIA, xr LRIXRIMA, x_t ARESLFBRAN. BATIUETEENAIR
EERARAEX —THEBRBREXELNE / AMEROBR, ERNLEIREP, HIPEREMNEINSEE VO
HMERAE, BARWNFINSE V_H ERARE,

ERANREERANNRET: MANRER SCGD Mk EEERA, MHMERS, HSBET HEUFIBAR
AR M)

M., =l 3: ATFHERRSEMRZNE
£ NeurlPS 2019 £, BEZEIMARARL T THATHENHREEHZNE), FERERANETHSEE

MUANFESBRTEINDEEES, NMEREDZEANFBIFNIR, HFIRFOTREKXRART,
AT B S U AR

pLogicNet

* Define the joint distribution of facts with an MLN

(Alan Turing, Borm in, Leaden) (Alan Turing, Live in, UK|
\/ —— - ‘..rl_‘li"’ \/
e el 1
Born i A City of )\'Mdi‘i(/-?\¥l'°a__~:ﬂ, ) p,,.(VO. VH) = E exXp E wyny (VO. VH)
> (/_,‘—"':T... Turing, Nationality, UK “3’5%‘ X i
(London, Ciy of, UK Ales Tering Folicion of, UK:

* Learning by maximizing the variational lower-bound of the log-
likelihood of observed facts

log pw(vo) 2> L(gs, Pw) = Eqy(vi) 108 Pw(Vo, ve) — logge(v)]

2: plLogicNet I EN 5% HIE.

ERE, HNELDRBREENENELNHKE D HTER, RAFEtANEED EM BiE#HT
AUINESEXBANES FRE#TES . H, log ge(vy) ERERBERHHNTES H7%.

Jqi
=
=~
(3
=
)dm

gova)= [ warn)= I Ber(Vinrnlf(xnxr, %)),

(h,rt)eEH (h,r,t)EH

3: plLogicNet RYIERTTFE

£ E S, BNBIFHRTEDHETRIAMESLNER DM, I, HNRIRAENSIEZMIIN, FLw
MGG DT D BN T T B LBED SRR, BANEBANREERATA, FIRSEAEN KRR
NWENBLHER.



pL(w) 2 Egyvy [ 108 Pu(Vinr Vourm ()] = Egetva) [ D 108 oo (Vi) [VaB(hr0))].
h,rt h,rt

(Alan Turiag. Born in, London) (Alan Turing, Live in, UK)

Born i A City of = Nationality 1.5 9

v

(London, City of, UK) {Alsn Turing Polincian of, UK)

& 4: plLogicNet 9= >)d72,

ARIERER, BNEFERMAHORRE, EACIRES EXMANDRBREEBNERE. £ M T,
BNEEZIESTEENMAINE.

EItb, 7 pLogicNet #, FHItEEET EM BIFERR AL IRBREZBENESHIREE RN, EXTMEZR
B, ZNRENERAXNT System 1, HitEIREERIRE, AT UETEAFNXARBBRNREFNELHE
B, SENABTELNNERE, TEHERSIRBREEME, SHNTEIWNE - RIWNZ S
SRR, BSEPIMETAIR !1%1?&)\T§Z7kﬁ§)ﬂﬂ$%ﬁ’\]§1ﬁx, RIEH System 1 KUFUULERMAN L BRPER

BHEMEAHTESOEIAMEIE. &, FMPEIRBRZBEMBHTON LR RIT R IERHIREBANLE ]
REERARS, EHFIFNEFRORA, DA EE, BRI,

FB15k WNIS
Cutegury Algweiion MR MRR H@1 H@3 Hew MR MRR H@1 H@3 HeWw
TransE [3] 40 0.730 64.5 793 864 | 272 0.772 70.1 80.8 92.0
DistMult [17] 42 0.798 - - 89.3 655 0.797 - - 94.6
KGE HolE [26] - 0.524 40.2 61.3 739 - 0.938 93.0 94.5 949
ComplEx [41] - 0.692 59.9 759 84.0 - 0.941 93.6 94.5 94.7
ConvE (8] 51 0.657 55.8 723 83.1 374 0.943 93.5 94.6 95.6
Rule-t 1 BLP (7] 415 0.242 15.1 269 424 736 0.643 537 71.7 830
MLN [32] 352 0.321 21.0 370 550 77 0.657 554 73.1 839
Hybrid RUGE [15] - 0.768 70.3 81.5 86.5 - - - - -
NNE-AER [9] - 0.803 76.1 83.1 874 - 0.943 94.0 94.5 948
Ours pLogicNet 33 0.792 714 85.7 90.1 255 0.832 71.6 94.4 95.7
pLogicNet* 33 0.844 81.2 86.2 90.2 254 0.945 939 94.7 958

5 BEBEAERAHAITIMN

FAVEIMRENE IR — Lo EE B BT 7 L30, L0, FAUER T EMFN (composition rules) . ¥
AN (inverse rule) . XA (symmetric rule) . FXZEFM (subrelation rule) XEAMIBEAN, FHAVE
pLogicNet SHIRENEGRAN . EFRFSEEAMMNNFEHT T, BFHRNNAEES TRIRENMNLE,
LEIR1S 7 BIFRIIERE

F. ICML 2020 Workshop

7£ ICML 2020 Lk, BEEEITHIFAESS Yoshua Bengio #7737k Bridge Between Perception and Reasoningi
Graph Neural Networks & Beyond, #9 workshop, B{RRTEY 2020 % 7 B 18 H, RSBHIEE IR

#Z (https://logicalreasoninggnn.github.io/) FE&ME.
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418

RS2, System 1 BENLRIRN. TERRNAS, WNFHRIRBLHLFE System 2 EZMH REIZIE
IR, MYEEXMTSREIE, AMIRIENEZETFE, System 1 # System 2 FIMHEERH, HEZEY, K
T AR TF System 1 MHIRERRAEL, A System 2 REBEAMIEHFUN . System 2 BEFXLEHIEHTTNLS
RE5BHEAN, TFFIRHETENERNES, BXLEHBNERIEARSE. WREEATINEBESRME
25 System 1, MMlZRE ELFHY System 1,

Initial Prediction

T
System | System |
(Fast thinking) (Slow thinking)
p/

Providing Feedbacks, Pseudo supervision
6: System 1 5 System 2 RS 5 A
AAXR, BNFEUXRREIRANG, NRUCEIMERSHITHE. B, TTRRLEIESFE, A
FREMEMEZIERFNTREIE, BIAS—TERENELEI TS ZBNGREIXR, NERTE

HEMERTUBEESES]), 1o, FAIREE ENXRAHEEESSD, HNNE T AESIHIREE RN SESNE
TRSEENNHIEELSS,

eQe



@ HRIRARE IR ESE: EHEMENREEN
1T A RUETIE

EE_BIEREFAS ‘BHENSE" TR L, PRRHTEMLEHEHRRMT (AHEMERIELED)
AOIRS .

ERED, MEFEMRR: XNF, BRAERENFEEMTIRENA, B A% NAEHTE, B8
RITHEMEZMNE (GNN) MFME B A NIRRT LRI,

MEFHZINEX TV FEHREMNERIAEDNEXARET TRIE, MR "GNN LIMNELH, KRNEXRA
BEANNANRZEETEEFRERY), THETROXESLENASZRIN, —ENAEDNHRBREXEHZW
BRIRBENZK AR,

ETXMA, ANEZEHENENEAMRZE, BEFZMIEREMENRIAENS T 7TEIE LN
7

N,

M 2BHEX,

EHEMET ENVERFAHR, HEET —RINEE, EE2XMELEHNTIBENEHRE,
HAEZNMR R RIEEMENEHHM—"TE, LENERMAENEZ AR BTN E A BNHR, 5
MBS AMEED 2oL, BEINEESRLBRET —EHEZE, RRMEET EMOil, S1FH
FOE. BAESAETIEES,

HX, EWEME" Wix” MAEHETE. HTAlE? ERERITH GNN Wi EBEEmM AR —248KMH
MER, 2. mMX@ms AL EIGIEIS_ LRI,

Hoh, MRREWXE, B4 GNNFREZIMEAHEERST “HEAR” R, 304 GNN FRHNREARE
SEEM? 2019 &R, ICLR &R T#X (How powerful are graph neural networks) BIXE, e T3 GNN

RIXBENRITIE,

—. GNN RAGENRIZINIEIER
BAISRIMENEBRBZITIE GNN (KRIXEES, BEEIEBTAFEARRE.

£ GNN LI EH, ARMINRAZETHAEFEERS), THETROXES LMNBOMERRI, P
GCN (EERMLE ) &,

Befm, SBMR R GNNSBAMNRARBENRE THIE, INNFNE, BEMRRAETEFHEIE.

e1(e



Hlan—"17kpF H20, EREFIFENVKDFERER TS, — T8, BRADANBRESHEEER TF-
IDF B2—1¥#9, BEEEH 187 HIMAYSIR, BRBESEMER.

MEEDFRAR—MERE, BEEEMENENESTED) FERLRERT, T-, MRAFRES, X "4
B BELEE DR ANBEFNRIAEN, MRETRIAEN, IESHESEH. EEaTROARAX
DF IR ERATION . REE, FTXBEN BRI TR,

GNN AN EESRBEZRNDITAE, AENATEHERNEENTSE. 5, BEZRNOTBEBAG#H
T8, BEFTESMEITENHATERIE. EULBERF, GNNBIME THAZBEERNTN, B
message passing GNN #9752,

PRA, WNSREEA GNN EEME—TMRE, MMXHER D FHTHETN, BARMMKILLERET GNN Y
KikgeH, BRXRABERNMEREENNIAR,

7o, E (BR) FHL, A —LHGNNBRIMNNXERE, FHINFNERNNNZER. FUBES
%, XEZRIBEZIS GNN RIABEDRME TRIOMAVIAR, FAHETRBMIZICHEEITIE GNN FIRIKRES.

—. GNN EZ0iR

ME—TEANMIR, CGNNHBAZ—KE, EhETNRES, SHERE V. E. W, XF. GNN RHJ#AR
MEESEVROENEDE, EPRDEESH, CNNHNENRINIFEENEYFHRNTE, RERED
RIORAAT TENES EESEESF, GNNHNENEEIIGFBIENRE, ATEREZEEYEMNSD
£, EXMTHEBESSD, BRI80%. 90% NIFHMETRIRDE, REVHREEDE.

*F GNN IR EIES, BRIAFLERZ MR Aggregate+Combine, IHEZRIERRTE, BOEESMTRDE
ESHMER, ERBAAZBIEN, BOENRRENEMECNERT. RE—HIME, £—F2
BER S SRIESEEENE S L—RNERHTES.

—~

7J
HI AR
ZREX

TEELDEXMERNEGTF, 12 2017 FREA GraphSAGE, HBERIESBNRAHMTERZE, W
EESEAN—THAES, AEBEFINRENEBCL—BNREHES, BEFIMNRA. EF—REN
22, GraphSAGE BT Max-pooling 89750, ARSI T MR KRES, BSERRKENREAXREN—F.

GCN MFRIX AN EZ, BABHITIHMTHR, ASRBEEANHEITESR B SEE AGGREGATE
COMBINE W MEE#HIT T B S, HIETEME, GCNXEAT Mean-pooling FIA T, ttARBIEHT ERNR
KEEN. BN, GCN BUHRRZ GAT, EXAAZE weighted mean pooling.

=. EHEMBHARIAGEHANME

BIHERXTEBREMEEANA, UELRSKNER: BEHRENENRIRED. BI1EITE 2019 FEARE
ICLR £/ {How powerful are graph neural networks),

BRBRTARRAEN, MBRABEN—HREMTAHE, B—THHEHERRNZEAD, G, —PNUB

o] 7e



THBIBERA N TR AN XMRIABEN EERTSOAENRA, RNENLER.

BINHFERXRTEMEN. FIINRIT—MREMEREBIT U ARNRE, BS—IRNE, 7 1989 FHR
1RA TR MENBNERRRBZRER, MeINSIERESRE, X1 “DRAMNEE" BRET it
LREZE I MENBORIAEDNRE,

BEGNNRRHEZE, REFIRAKENMEAXFIRE, 2017 FEMRRRIREF S HRIAGEN TR EH

BE
AMGEORRBIBNAR, BURGEDR, BARKENS "M MO RSREL, ARENETUE
LEES: D@

= Example: 1-layer GCN

Input Graph

update

classification

Limited expressive power of 1-layer GCN: it cannot fully distinguish all nodes

R. Sato. A Survey on The Expressive Power of Graph Neural Networks. arXiv: 2003.04078, 2020

1: 1-layer GCN

GNN5|#t2ZfE, WTRAEGNEHLFNERE? N EAEEMR, WRAELEN, TRIIRSHT 1 T2 2
REDAF . IRBEOZXIMTEN 5517, FEURGSHNLE, AINBEIBEERHTXD . GCN BIM
EBEEEHITRE, BAXDTRIED . WEEETMR, £—/&F GCNBRIERMZE, BEFTUKy—LE
WS, BATEND 453" HRERED LK.
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= Example: 2-layer GCN

lllll E)
Input Graph Received Messages

L
aggregation

Layer O:

wnor - E

(@.0)~

- ————— == —————

v" 2-layer GCN can fully distinguish all nodes
in this toy example.
v Depth of GNNs matters.

Can the expressive power of GNNs be
improved infinitely via improving their
depth? Is there a bound?

2: 2—-layer GCN

PAA, —/& GON KO BENFHAG, MEESBIINRBIRERRRIXGENNE? ME GNN 25, WM EEPR, T
TR, ARUTEEXDTT.

FRDA, @1RAME GCN Xt LR R#1TH K, it Label fRICAAIF AN, GCN HRIABENEEEH EH %K
R,

FEREME GCN TERAIUKZHIfIF. EIFIRIZ A9E)RE, € GNN IR —EREBRIAENMEEID? B
W, HABET BT RE LIS RRRIABEN? 2019 FH/R ICLR XEEZE: RAIMU!

FEETRNAE, TEMENAEHTITE, HEINRETENEMA—TRR, GNNRRENSERERE

A, XEAMPTXRBER, —TE2VROEE, —TRENGH, TROBITENTESHTT, WRIET
RECREHENGE, BSEAEIRRISRAE B,

13



v" Regular graphs

v Identical node labels

(a) Decaprismane. (b) Dodecahedrane.

v’ Regular graphs

v" Node labels are not identical

3: BY GCN XoBENMAFE D FI

IR

PA, BIM—TFREBESAORRBIRIR B T ERVEM

THEMMERENMF, £ LANEHE 24 THERF, BEMTBEINAFENDF ZUNEMERE, —&F
12 MR, 24 PEHROMRTFATNME, MANECHBERE. FLERE 24 MREWEN—TERE, S HEER
BT, XM, A—RHMEBHEMAR, B2 GCN AKX, EMEERXINREITS ZEH0X
AT EM.

BMfERIARAE TAM T EINEENE, GCN BXoARHE, MU, REHNETRE BERET GCN RENR
RABENTRERES, 2IAMEIN,

Ist iteration

Given labeled graphs G and G* . - . : : 2
nven labeled graphs Gand U Result of steps 1 and 2: multiset-label determination and sorting Exam ple: S| mlla rlty
measurement.
Ist iteration 15t iteration — ‘i':':'n[ s "!:::":';Gmﬁ.
Result of step 3: label compression Result of step 4: relabeling .
¢ (6)=(21,1,1,1,20101,1,01)
" — 6 sH — G =(121,1,1,1,1,0,1,1,0,1,7)
2'3 7 4’1135 n Counts of 7 Counts of )
235 —— 8 41235 —— 12 gl compremnd
5 —— 9 5234 —— 13 m (1) 1
“ . b G O e (P11,
< e

4: Example: similarity measurement

el 4e



BLERNRIARBENZREM)L? BAZERERER, BIAVMBRPIURA We-test, WM TEZSEMWH
AT

WL test NEZRBIRES T RLLEN label, AEET hash REUFSEIT RFHY label, THIEEBEE T R
fY label TREAE., RERF, FUitMsKER label B9, MRDMIAR, W—RIANFKERER,

PRIA, WL test B3R EBEAIHTUM GNN £, #E2—MBAMKEFE SAUFE, RTAIEMOA, WL
test 17 — RN, B2 GNN AHRESXE, JTIL=E Max. Mean if2 Sum, KED1ER TEAZ RS
8. 2N GNN FERHNRE AN, EREAF—HFNRARESEFES T, XL GNNEETRIAEN.

FEA—LE, WL Test 2— 1 HEIREL, GNN NZHEIREL, T2 WL Test Jy GNN BUFRRBENRMH T —TIE
LEMER, (F ZXEGNNENEEIBERS, WRAINREHI, HRERJREBT WL test 1Y)

R AEBIRITE GNN, fa0 GCN. GraphSAGE Nt AT Z R E? RREMT, — 1T E2EEMIFEZRE
B 53— 2, FEERZNEANRSRERARFRHENY.

B LA, 7£ 38 XX {How Powerful are Graph Neural Networks) 1, fE& 12 &£ 3£ 7 7 #9 B £ £ GIN(Graph
Isomorphism Network), Eff | RREEM, xBIEEEMET —1TRHFRE, BT EHEE, GINHKXFT
FIW L test RUUMIRIAREES), KE T BHREMERIABEIN LR,

[ERAEEXS GIN RELNRIABEN #AT T IIE, BEAZREUENMSREAHITI, WIEBEE: WRRALED
BO358, BABESR LNSTRIEMERRNS. NIIERHIFSEENIEN, BIME—TRRNRER
£, BEOESCUIA] WL Test —H#HIRIAEES],

M, ZHBENWENE? BENE Test Loss RMAAINE? XEBE—TEMELMNELE, R Training Loss #1F
R4F, B4 Test Loss REMBARYF, E2E Train @ Test (OEE, HIb, MIRINGE ERIIEELF, mEld
SERMIFEE, BLAMBIMIMESIR, RBEZMKENT.

il GIN FEBAIRXPIEL T, GINERERENLRE, BREAEREMESL, ZARNETURAENE
AUREL, 40 EE GIN fE/L 8RS ERORI,

PR, RAEMEZMEERNETRE SHNRAESD, ATBEREN TRESKY, ERRRAENZEDR

HH, ZE, BNERFREMSH—TBRABNNERZNE, XZHRZFRMRAMNIIR,

7/

7

BE—TICLR 2019 BimIEXMIIE: B ONN EBIS EB—DRIXEENN LR, XPLARZ WL Test, B
AR WL Test? ANENRSRAZ RS, BERNXREIBXXELT GIN X—BER5RERHBIEHZN
%, FXNERKEDHT 7RI,

M., fFidichs: EmEmMEEnE
PBRXEBAE 2019 kRE&kZfE, SIETRANXZE, EXERERZAHTTIVE, HEILGUIREXE, K

e 5e



Rigie—T.

BT, BHURAESN, WREETE2LEN, BNALAELEMNEHXABREENNERZEME? 3]
BES M — MBAIRERIABES GNN, AEBEHABERREENXMET?

HMNMAHSEBAXNEOINER., WFTRoE, EXRLETTUIRM universal approximitor, SFEDET
EHE), NMUBCRR), MEBLEZS TRIEEE,

Mo, STHEHENES, BONERKBLEMSEHSRIACENNARAE? BIERD, NRRAENRE, ZMHEE
ANBEER, RIABENIFN, ZHBENDRBLF ., XE—TERE LHERT N2 GNN M GraphSAGE RE K
UAZREY, RABNBRAIERT, IFATEE—LEES LRINIFRE.

E—EHRT, GNNHABDRAENEIBA L, HNEEFEHANR? BMNBENZ ETAEHE M
&, BHIANALETT R EMREIRIREAIRIA,

-

MBARBXET, BHABERSHEMN? MUMERZEEM TEZSHEMUNIIE. B, AM—TERNR,
BENBED ARALE BN RITRIAX L E TMEFHRITRIE,

BINERE, XTEM, EXBAVHMAE GNN ZEIEH, KKK GNN RXJLE, EHEET GNNELEHE L
TN, REREWHTTAR, M7 F8B.

BHME, TAR—TEHFNERK? RR—T2FEMEERE—TER, ETEERTDFRADOAE, &=
MO FAPERSEARNERT, TEEDME.

RN AR, HXERZFRNMOZERMBEEAMNEEE. NREMESHE, BHMERIRA LD F
AEBBERBEREN, WEN GNN HAZR—KR, FELIABIRIT LRGN BERE,

PAA, XMEFAR—EERZE, GNNHIRHNERNIR, ERIRIZEEMNENEES.

B, HEFBEMIE—TERAR GNN IE? thEIRIABENEIRAK CGNN? KT RAGESN, —M WL Test
EREEICRERIEN, IMFARBELNMRHANZIERTHEI 1 WL Test IR K, PAURB T
KGN #IA T, X KMAIWL Test AN T, REABNCERK 1 EVEEN, ERMAEEERK, EAFE
AIBRIIRIBIN TR,

RIS NAARSIE T AR5 | TAOER, GIRFT GNN RERENRM T 1B, (ERXMIEAA R REHY! Lk
BRAHTZRNFABEN, HNBENR— layer-by-layer I, tHEIMRMEG—ZIFEREE, BIXH
WEEFAIRH, RERE—TERARIRIKRE

ERLA, layer—by—layer ME M ERFVEARMIZFIREN— MBI, FTIAMERIE X MNa gLk T, REER
TT—"X#E layer—by—layer B9M%E, MMIRE—T L GNN B3gARRFRIABEN1D?

e1Qe



@ RRESRARABERE: BHEMEEEENESMRNEA
BIE B T

MTHZEBRRNMANRAEEARE KR, ARMZERRMRNEMLERRITRRZICZERBENXAE
BERBEZAR—TERFNUNEE, EAREFRAZ L, REMBRMRRNSRIARARRRELFERT AN
FMBFEMHENMRNRTEISERRR NERRSE, SEEIFHRAE ICLR. ACL. WebConf L&Z&AIE
XTI, METUEANFEMHCRIRNABREFBHESIRSAXAESR, MMRARLMEESHE,

RERREHNTADRE EHZNE EFR, EEANTHEZEHZENERT. RGN ET LR
AU, AR, TSR ERESTFEMEEE, RITNOHBESRZ NS FEMEEERTRRES,
AR A fal{E R S —ROME SRR SEFR R A ()RR

B IES
RRBHORNBTEEZD AMEBD, B, BIENE—H HFEML) OAITIEAIREEUREMER

RMRES GBI, QFRL. SLWIE. BRFEQLQY. ERER); &E, TRBNMTARNTHIRE L
Transformer fRE!, TREBESEMAEESNES, HAEIEREL, MMTRRLEES.

—. MRAERIERESN TFEM1T 1A

Symbolic Knowledge Free-Text Information

ELMO BERT_{language_muodel)

s AN i WARERT [Lesfscss mocd
BERT has itz origins from pre-
training contextual representations
including Semi-supervised Sequence
Learning LU Senerative Pre-Training,
ELMo Ul and ULMFiL. 12

invent

lacob

Transformer
Pros: Pros:
* (Clean & Precise +  Widehy-available
*  Fully Structured + NLP Techs
Cons: Cons:
*  Expensive * Moisy
*  Mon-structural World *  Few Structure

1: FFSHR Vs, BHNAXAER
AMIRTRESBRAESRIEFZIONE, FEERMINERRENINA. 85, NTIHSESFRR, HNEEHN

REMLNEE IFSARNAR), MREEMEET I, fld, BFs8TTREE—TwRLE, X
FZENLREKRXR, 5—HH, £ANEST, ERUEETRIENAENARZH,

e/



BRRMEZEERBNANEE TN, —HEH, SRLEE+TD T/EMER, BETOME, FAIAEXIMZE
MUEIE L HTEIHIE, ERETENFR—LERINTHRESR W SQL =18, SEHEENEHRIER) . &
m, MRBEMLEIRENRAZREH, HENLHRPN—LEE RO RERRT XA NLE ,

X FANAERRY, FTNERENNEEEREFEER, HNAIMFMBEMERESAIE NLP) KR
LR B, FRIRI. XARD . A, ANAMEREETBEE FESMES, HEWHTKR
B, BT HAVATEERARIE.

— — Many Things in Between
r|1 Symbaolic Knowledge __||| 4 Free-Text Information

| ELMO Free-Text Knowledge Graphs:

BERT_{language_model)

o skl o WIRMERT [agioa: mesd
O"'"""'"""'_""'T'_"""'"""'"""' BERT has its origins from pre-
= BERT "__ has its origins from oo training contextual gl]|=_-|:|res.§nt§lti|:|ns
| including __" including semi-supervised Sequence
| J Learning, U Generative Pre-Training,
— [ — ELME, UL and ULMFit.112]

I| Semi-Structured Texts:

Transformer BERT_{language_model)
e —_ —..the relationzhips
represented by attention
weights. [4][5]....

| Transformer_{machine_learning_model)
........ Thiz led to the development of pretrained
systems such as BERT ..

2: FEMER

BANAR, TR ERBLATEMEEIESAXAEIEZE, HIVEERN TH4581) BIE.

HOImE, YFTAREERR, Bl AANREREHIT—EMmst (I, ARELLAERND) .. MYFTX
AMEEFW, NEZEAREFESMERNXR, HNAEXEXEFENEIEFNET TR, BEMXRL
BeEM\E. WLEMR, 14 R 7RNUT—SSBEMEFTSERMMNAEXFERNRRLITRE.

. Free-Text Knowledge Graph

WS, MRARFRT EMERESRENAESNIIREE (B2, Freebase. WikiPedia) , AT, HXHH
TAERSHANTEHXXLERNREIEIRITAISEPREE, Bl I 2GR LERIREE N B T XL E (20,
BARIRENES I AMTUE RS, MMieH XEHFRERE) 2

PR, EXMX—EMRDAFETSIE, ERSREEN—THEE ATHTERREBRANMREET 52
A EERY, FUEZRREERR. Fl, ERFERNN 1% ORELEDUEAIREEFLES, Lo
BAVE 1% BORE LT RESHBRE 2, EXNBERZNZWNA+TDER,

REw, BMNRIMMREEN THAEE BENTR) NEEXNAZRSM, 2016 F, HE-—TZ
PREOM DUIEH e BB SLR R, MNMARETEWAXEREEZ O DLE, THRERKE, X
ARE 2-83 MANEWH, FHEETSE 1.5 DK MAEKRLE 500 MEEFHXEH, FHEST

e 8e



£9 262 PEL{R, JLFMRBMNEN. XHEEES

EHh— SR, HEE Allen AT

H SemanticScholar &\ LA 7 LREE, RIRFHELIESA
WikiPedia iXF03ESARREBRA AR EE G HEN N ALK,

ltlsé’l\ MFEOSCAR B SR H ARt DR, HI0, MERBERE, FENRRTARN 10 HREEXN
CFRTEER U LTI NATEG. FHANX
AEOSIHEN HEERIXRIA.,

FIEX, BMNERFET BERT XHIFTEIE
ZK I 2R ASE

’iLﬂ}EHX SLINERK,

HEEMRIREIN, HbX
70% BIFEAERE I Frecbase

GOOglE'S Knowledge Vault [KDD 2014] Dong et al. Knowledge Vault: A Web-Scale Approach to Probabilistic Knowledge Fusion

Name # Entity types # Entity instances | # Relation types # Confident facts (relation instances)
Knowledge Vault (KV) 1100 45M 4469 271IM
DeepDive [32] 4 2.TM 34 ™"
NELL [8] 271 5.19M 306 0.435M"
PROSPERA [30] 11 N/A 14 0.1M
YAGO2 [19] 350,000 9.8M 100 aMe©
Freebase [4] 1,500 A0M 35,000 G3TM”
Knowledge Graph (KG) 1,500 H5T0M 35,000 18,000M*

Table 1: Comparison of knowledge bases. KV, DeepDive, NELL, and PROSPERA rely solely on extraction,
Freebase and KG rely on human curation and structured sources, and YAGO2 uses both strategies. Confident
facts means with a probability of being true at or above 0.9.

B 3: BEXARENEME

Rm, BEXR ANRENEFRND) HRTESIMERIREENRE, SANBEIREEER—L., Google it
RBEE Knowledge Vault ERYSEINRAE, HEMMNARIFEZ, HXFZONHELRZ, EREOMNEEER
T Freebase HBME ({H#A% 35,000 50), RXE2ENEXDNXRERZ +5 EHEN.

The little street

paints_the_view_of?

Wiki: https://en.wikipedia.org/wiki/The_Little_Street

B 4: XATFEREDT

T ZLREAF, TARZENXAIR EHEREETERKEMNMNS M. N EEFMR, EXMRNAEDER
giEviEeEsR, AMIBISEIR TThe little street) 2—I18E, ERRBZ2AMTET =S Delft BETS, XFPDIAAE
HEERDHIURBZHE, BR, WHBRMNFEIRAEZADILAEZENXER (paints the view of), HAHR
SRIEIAMEZS (RDF) JSEHIEE T3,

e1Q0e



Ontologist Relation

“knows RDF schema and arts” “paints_the_view_of”
2 Manually Define =
- PP
_—I
|
Free-form Text Knowledge Graph Triples

“The little street is one of only Information “ . »od s . " »
three Vermeer paintings of Extraction <“The little street”, “paints_the_view_of”, “Delft">

views of Delft.”
5: XAMEIERIZ

NTHE—TRINBEREZRARANIIREE, HNFEEHE RDF RN, X TRBZANAMAEER Ontologist)
REXZKR, MEMATEERBR, ZE, BNFTEBELEDIRBIAMESARPMEVEAENA (EF, X
. IR =, meelnFEd EEmRRE NMNERENX AL EHRS,

Free-Text Sentences As Edges
The little street

|_an | .| __isone of only three Vermeer
paintings of views of

One is View of Houses in __,
the earliest known name
of , in the Rijksmuseum

“The entire internet is your knowledge base”

6: Free—Text HIiRE1E

Ehnt, REMAXARGHMEFETHEEGNNECIERED, ERERNMERZRINES, T—EEBH
R—EEBNMMENESHNFER, B, BNSEHE LRRERN—LELSE, TEERIZNMENXR, ¥
NEBBZMFEMHMRIAL (BF) . BFR, FZSAREENENARENIAND BB ZEHAIA9EIR
By, BZFEEMEHNBBAIRRRN— LR AR, FEib, EWEXM Free-Text ANRENE, HA1EH
SR HEERSER, RREMIUEREDERASLAREE, BAAESRLANeFmEtE, EFXEqFil
SEERS—KE, MMEAXANBER, HHSINEREERIFESHNEERE.

eD(e



Coverage no longer the bottleneck

@bLink QANTA / TriviaQA
# Candidate Answer Entities per Question 1607 + 504 1857 + 489 / 1533 + 934
Answer Recall in All Candidates 92.4% 92.6% 91.5%
Answer Recall after Filtering 87.6% 83.9% 86.4%
Answer Recall within Two Hops along DBpedia Graph* 38% - -
# Edges to Correct Answer Node (+) 5.07 £2.17 12.33 £5.59 1.87 + 1.12
# Edges to Candidate Entity Node (-) 2.35+0.99  4.41+2.02 1.21 £ 0.35
# Evidence Sentences per Edge (+) 123+11.1  8.83+6.17 15.53 +£17.52
# Evidence Sentences per Edge (-) 4.67+3.14 4.48 +1.88 3.96 +3.33

|

/

Noisy information is the challenge
* But an addressable challenge with GNN; more papers!
* More in later of this talk

7: FERERREIEE LI Free—text NREIENEEE

£33 gblLink ##ES, A7 DBpedia AIREE L MZOSEARTTIA, IBEEDEE, BILKIE 2 F2RE
38% HOBIRIHNMAIESRE, BAIRIDUE 38% BMININER DBpedia XAPE T AL BRI EIERT
PREEAREINERR LR, MURFAVEIFIERNENETRNL, HBAE 80-90% HEZRFIDMELE, LRIERER
BRERTT.

A, WRENNERERIFER, BREFEZ, SE8TXE. ERAENLHRZEZER, MEPAIERFE
RELHNRRE. W, BRAOTENNTRZNGF, MXLEQDFRIEREANT. Bit, BINBARBERE
SR, BRESINTEZNRSE. FEHE, KMNUTNEREHREMERIFHGEXERFT, REFLIES
ABEREBEHPNA, WEIRITRENZFIRERANEFRIERE— T EGMRNAE,

WE 2 2 2 F5% 3 LR, XMFEMECNTEANEXOERTEIFE 2. H1W, ES LI
ERNESSD, BONFTEREENE WEEBR) ROXENESE (HE) WIEER (claim) WESME, 4
F&; (support). M1 (Refute) . MERARNEITAERIEI (Not Enough INFO) HAM—FPER, ZESPRER
FEERZRXENER, BN TZESMS, HNTEFRSESCRIEEERA Free-Text, FiERESR
AOIEIEZ BROHEIEESR . R, BHHR. BAXRSERNENRR, MNMEEFEMHEIE.

D e



Input Task Semi-Structure

Query Retrieve and rank the Free-Text
documents based on their « Query
I> comersationalsearch & 3 Q relevance to the query « Document Texts
Documents Structure .
* Inner-Doc Hierarchy:

Searci Dafiniion from Tachopedia Sentences—Passages —
" - f(q, dl) =09 Doc
+ Inter-Doc Structure:
Diversification, Global
- f(q, dz) =07 Relevance

ch: Tap Challenges & How to
voice...»

- f(q,d_q) =07
8: XAHHF [0

ARSI BHOXEHF BT, SRMNEA—FEEN, BRSIZNREEFT, RNFTEEERERK
FREEARNENETHE, BE—THFESD. N, EREFEMHCEENERESR, JNTUNKEESS
SAEPER Free-Text, MARXERENRRMIBEEN . XHEZENXAR (B, 2BEXMS) FAEHXA.

EZHEZRSD, BNFTENASHINGS ., BAEHOESFENILE. EWRFEMHOEIEN, H1)E
BAEXAZ ERENEXR, Bk, BXMEFENEHXRA,

=. Transformer-XH
NT H—ERAEEFEMLEIENTS QA. XHHIF. SXLRIEE), HNIJLMER Transformer KRR
WESFE DML GAT. BERT %) 3HiXF S EUERITERE,

AEZRERNNEF, WFHR. BESFKE, BMNBEDEENNGRERCEN, SHABER. BEREES
BYHNERRLEFN. STE—MIRNEMS, BXMNT—ERANRIE, BEBERR. RIERER.
ERNEERESIZBAER, BEMREENTNOE. BOE. ERE, SNENETREHTRIN, =
ERZRIEANERRE q i SETRIEFNREE k| 8RS, BXYERIRHT softmax BIEFEIINARN 1 89
ERNBD, BB RBMERENE v | £67E ik, ARETENEREMXBIFNRIL,

RMEEENNFIZIFEEEN, FIAE GAT B, BMNZLECENETIE, MEIENER, XNPTRLZE
HIXZRIITES T BERT M=, HNTAIEEMFE—T2ERNEIRE.

eDDe



Semi-Structured Texts:
- - Transformer
BERT_(language_model)

....the relationships

1
1
1
1
represented by attention ! Text Sequence
1
1
1

weights.[4][5]....
----------------------- Transformer
Transformer_{machine_learning_maodel) eXtra Hop Attentions

<eeeees This led to the development of pretrained

systems such as BERT Text Sequence

9: Transformer—XH: eXtra—Hop Attention

EFA1TF ICLR 2020 +&FRAIE Mransformer—XH: Modeling Semi-structured Information with eXtra—
Hop Attentionsy A, FA1A Transformer KRIIEE! (W BERT) M ARFRMTRAN, B eXtra-Hop E
BB XEXARNRANBRRLER, XEST—IREEE, E8—XARE, HIMERDEEN GAT W8
A2 ENRREER, MEARBNSXAEARTZE, BEMEFA eXtra-Hop SFENEIES GAT BELRBEES
B&12, XZE—H Transformer (BERT) +GNN ARz,

Input: A semi-structured text graph:

XH FOI’mu|atI0n « Node {dl, ...dr...dg} each one is a text sequence

« Edge Eje,, = 1 refers to a connection between d_, d,,'
Output:
« The representation of the semi-structured texts: { H,. . H,.. Hc}

« Each H = {h.y,...h ;... h,,} the transformer style representation
Attention Operation:
start from Hi‘l get updated H'
1. Query, Key, Value Projections
qr, i; kr,f; Uf.l‘ = Wl]' ' ki,;lll Wk : hi{,;l; WD ) hlr';l
2. Attend and update

T
ali k.,
Inner-node attention: hi‘ ;= Z softmax, j(g)v,‘ j
o \dim
Al A
Al 90" LT
Inter-node eXtra Hop Attention: k.o = Z softmaxn(—)v,,‘g
4

i€, =1 m

] . Al
Combine the two infermation: i, o = mear(hr 0° hf.‘ )
3. Everything else is the same. (Efficiently implemented via DGL)

10: Transformer—-xXH BIFELE N

MNFXAFITHR Ad_T,..,d_1,.,d_g}, FMNEA—LBEEMHICREBXEXARFIERRLRND, 2R
AZEERETR. EXEAFIZENES, MES T TR ENRL, ZERESER Transformer BIXBIET,
BIIA T RRE-NIXAFINRS, BIXEFIIRIMER—EEN. 8. BERTER, i, BNTEEE
— M NXARFIE—MIE LIRS [CLS] fEAEENHID (attention hub), KESHEXANEEIFL
B eXtra hop JERNEE., BE U LS, BATFTUENERAFIIAEREIEHE] (token) Z[EAIXKRKAL,
MRHEEXARFIIN [CLS] BERRIE, NXMEDRLHITERE (concatenate) EBIHITL MR .

eD3e



Harvard University is a

In which city was Facebook launched? private Ivy League research

I
I
| university in Cambridge,
| ; I-F'ﬂ E Massachusetts...
v Qo =
I . w ' Span
I b el et Transformer-XH
I
| 1
I
| | Facebook ~O Harvard University
Retrieva
I Facebook was Harvard University is
I founded at Harvard a private Ivy League...
I
I Mark Zuckerberg Social Media
| ...Zuckerberg Wiki Hyperlink Social media are ...
I attended Harvard ...
I
I Initial Documents Connected Documents
I

11: ERZXHEERIRINEZEKXIE (answer span)

FEERNZH QA 594, #W EEEEHIETHNEN, RIRRETETXY, AEHEGRNBHRET R
HENNSXET R, B8, RIESAEXENER, BIY Transformer-XH BRIFRMA, BERMTERFIREE
X[, BAFmME, FI1S7E Transformer—xH WRa—EEEEZE L —THIEER MRC) E5EBNTUNE,
BFNERXENARTFEARUE.

ERTEERILN, #X—1FER (claim), FAMMMRESEBXNE T, B SRNERXEESHENL
M NAEMNERIL. XX —ES, HONMUS P XERIRUET R [CLS] BIRE, ERT REHIND KM
R, &8, RNFILE [CLS] TRIONE, SEMHITMRFE, MMTmEERIEES.

FHitt, MNFEEFEMEIENESTE, BEENRTRELZEON, BFE/ET. XZABAIETIEIN
RIERD, MEMNERKEINE LR EESNENEDRIT.

Hotpot QA ZH CMU. MILA FEALRHIHZHEERSETROVEIESE, EARLDHNORE TLHEEA

AL REMPTERENNE, ERMMIEE—LEHENRXM N ERIENEE, MmExEMHSEERL—F1E
BHEERZ T EBENER.

eD/e



70

52.5

3

[}

17.

(7.}

Exact Match
B DecompRC [l CogQA M SemRetrieval i Transformer—XH

12: £ Hotpot QA #EE ESEINER

HRTEREENET GNN (BE M EMERABAE] GNN ) 3 Free—text (HITHEMHNXARR, B
RERERT—#S, HAZE| BERT. RoBerta HRARFHITHNEZIER) AORE, F(TREA Transformer—XH

E—MERNERWER, BRRENFEMCEIBENRAN, NMBREBEIFRI, Transformer-XH RERM
BERAEEM.

Breaking the semi-structure hurts

50
Automatically infers edge importance
37.5 50 on fully connected graphs
25 375
25
12.5
12.5
0
xact Match 0 [ —
Il Node Sequence Exact Match
.. B Node Sequence
B Individual Nodes -
B Individual Nodes
l Fully Connected Il Fully Connected
B Wiki Graph B Wiki Graph

13: FEMIERTRENRIN; ERRRSEEISHITAYIERERIE
MEEMR, ARTHRIELAORE (RE®), SBAERBIINTR Be) iY, REME/LFR+. SHA)
ERERNEN (KBS, WHXR) N, HEEARTEARITRNBEIEEEE., Xithh, EMNEHRE
BEREX TR B BERB .

E5h, 33F Hotpot QA BEEME, HATHEMRILES BRI ELESE Z BN EFEERE BRI FRRE,

eDhe



EAEENRNESNEEENTIN+oER, B2, SEMBAIN Transformer-XH B, FATEZRIUA
ERHEEERNES, BMEER—T2RENERTEIMAI NS SERHEERNRIINGR. BAlit, 3
B3 7ER] X B sl HD I EE M

FEEHENETR, S—ERINTRAINURSHBETRNER (), MMNENEERETE8TTRAURE
ERAEE ., ZNERKA, HAFANUEA=R Transformer KFE NI, REMEEERM. XEEH Hotpot
QA RZEZ 2 BER, BMBEEMAMEE LTS, EEMAHITES],

First Hop Second Hop Third Hop
£6 6 €6
g All -> All g All > Al 2 All > All
s 5 All -> Ans 5 5 All -> Ans E 5 All -=> Ans
;4 —— Supp->Ans ';4 —— Supp->Ans :;d —— Supp->Ans
7] b H
g 3 E 3 § 3 More
> =2 F. weights on
= E i target edges
81 g1 81
° o > e
oo - ao - — o _
05 1.0 15 2.0 0.0 05 10 15 20 0.0 05 10 15 20
Scaled Attention Value Scaled Attention Value Scaled Attention Value

All->All: All hop attentions
All->Ans: Hop attentions from any documents to answer document
Supp-> Ans: Hop attention from supporting document to answer document

14: 2RSS TAEDRZEINERNNE

AXE, BNBR=ZMTRZENED: (1) FERDIXEZENG 2 AETRSXMBEERNT RIBE%E
i Q) BEXBERNTRIBEATRNTRZENN, N EEMR, HEB—MHMEEN, TENENE
EEREDMAMAIER 1 WRAEFN NEm) BiioM JEAMMEEN, BEBELIRTERN &
B, ERAATBUSNNEB XD FE., ATHNFE Transformer-XH BEBMXEFRIHBEN THESEX
BHER, FIUENSXFLIENIE. MEER-MEEN, AeXENEERTSIINMMBHHSTHREA,
1%BE Transformer—XH FASLEEBS S S RIHIRRIX R,

M. %&ig
REPMA, XNTANRELE, EXERLIE, URk—EMIHNEBRRESHIUNEME P F LMWL
RN, NIEEEEMAN SRS AXAER ) X—ERNAERANARZE,

BATRILAR Transformer. BERT EAREUSS M EUIRRHITRRANRIE FEXATI RNEIZA BERT BB,
AEXATRZEEA GAT AR, FXEANESRITEENNEE.
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@ PRABISAER: ERENEIERERANATS

i BRiK 284%

EERGTRP a2 BNRE., WaAiREE. BRARZXNESHIER URARTAE. 25T EHE
MEEELIE LHTRREINME, BERESRZMNEER T HERAARANRRE, TH, £F_RBEEFAX
=W "EHZNEERICIE B, TOEERHNX—HARMT EEN "EHENEEREERSNEDEAR
AOIRS .

TAFHAREAN B THERAFNER, NMEERERNENEFRARAESE—EOVR MBE, MMAERHN
BENATMNENEEHREZNE S I —LETE, AMNUNEINEENEEFTR THOESERMEH
ITEIFMAHIT T @R,

fEeE, FERZERAKRZHE. BL4ESM, EBREFTAITUNES., FERRAME: HEFRS. BUBIZSHE.
£ CCF A ERWHEAHIARILX 80 RiE, AIFEAR5|H 5300 RX, BFEEFRIARSIN SIGIR, WWW, KDD
FINRARF) TKDE. TOIS. TNNLS %; KHIBEXLRWFBBTINERA, CCIS 2019 WRFZAREE, Al
Open BAHIRZE . ARMRZIR SIGIR 2016 HREFIENIRBR. WWW 2018 REBNIREXRE , THERESE
FZELEIMB 1M, ExRWME 1.

—. BERFSEHZMEZLIINE

WS AEKELT—MEERKRBIENIC, SREBBENEREFFANNIZE, MPHIBNERRAMENER.
BN, MEEREBERCKEX, Flickk BRE={CKER, RFERLEBIMFHIMENM. XS,
RO VFAEERRRTIZEIE, EEFNREEEBEIRER AREFARVA, EEHONXEHNECERE
BERLEMEM L,

Recommendation Engine

User, —
Contexts
Items of  Tens .__|Hundreds| Candidate | Millions
Interest A Ranking® Generation | Item Corpus

eIt

B1: HERATS

EERAARERORARZDEIIREAR, METIEREAE, ELE—THPSYRNHERE, MNHER UM
WERFZAF SERrERXENA RN, EERRIREETEUNAES AL @ EBUNELT .
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FHNMETENEFEESBIFEANE, ARNENEHRITRE. RITE, EENERDEVRERS
BFREIAPNETR, RARERTZEEERMUE,

ERIFENAPSEM@EETRREIN, EENER, DHEYM D, BEETHEPNINRZBINRE,
KM, ARARBHRIN, B—THAPHGHEBREFENZAFPOF IS RS HERPENREFNZY
ML, REHITHRREY, LEGHTENRR. RS THEEREL, PHNITEEEE—T2MOT
RITRTIES), DAENSRESETREERER,

..... nin A
oRoC ?EC:) C Model Holistic Interaction Graph
el L * Apply embedding smooth constraints
;L! . - on connected nodes
Hop-Rec [2018] o (
GRMF [2015] GC-MC [2017]
NGCF [2019]
LightGCN [2020] ...
Model Personal History as User Feature *W == e €
* Integrate embeddings of historical items ) I BT vl “e®
as user embeddings e .- —— L
SVD++[2008]  ACF [2017] Mult-VAE [2018]
» Or use autoencoders to generate user FISM [2013] AutoRec [2015]
behaviors NAIS [2018], ... CDAE [2016]
sR—— el e = Model Single User-Item Pairs
@ O —- = e 7 . Project each user/item ID into an
W R - T - s
~~~~~~~~ embedding vector
MF [2009] NCF [2017]  CML [2017],
BPRMEF [2009] LRML [2018] °

2: HENSIERARMDENL
—. NERMAESEMZNEEHEFIER THNETIE

2.1 MEZMBZHETIEREAR NGCF

NGCFNEZRERRKAF SYWmBNRERZER_nE, HEZ_7ELBISMEREZEDEITIERR
55, eMEEMNERRENTTR U1, EEURMNIKNEMT R, RRERKEFTEART 1, MEABIHN
MENEEEERBERSMERE, UBIRF, D MBHRICRKERTAF, XSHHREERNERBALS
M2 BNSHERE. NGCF R IEN R AR RA ZRNZERPNYmINSHERE, NMFEIEE
FRRP NIRRT,

B{fM=, NGCF HBZfEET GCN WAHRIT, B, EXAPAMAZEIVER, MM PHRZERBLERL
B, ENZEY EBEEEMEZ; HRX, ERMTET MR ZENENE. EXFETTRIVERE, BE
HETRMNBESEEZEN, MMEET-ENTRER. BUSENRREAIURGSMERMENERE. 5

REE—RHEY BzE, BETEHRERETURRESENES, MMAEFTUNNES, BdXMEH,
EJL,{E?I*HSZE’\]JJ&EM@@B“ AOTDELTIR(E S BREE,
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When:
» Organize historical interactions as a user-item bipartite graph

» Capture CF signal via high-order connectivity
* Definition: the paths that reach u; from any node with the
path length / larger than 1.

Most CF methods (e.g., MF, FISM, NAIS, AutoRec) fail to model
high-order connectivity explicitly.
Embedding function only considers descriptive features (e.g., ID, attributes)
User-item interactions are not considered

NGCF’s contribution: modeling CF with high-order connectivity via
GNN.

* We can revisit CF via high-order connectivity

& 3: BIRMEHEIE (NGCF)

B4 BTHNE—TTOERRNAMKER. () EREAPIYAERFZH _#TENIANLER, 8—1T0M
ERX—THFP, 8—TEBRREX—TYnR, URMEZE—THE, WRRZABFPSEMETEIRE, X
N EEHIEN—MBEXR, O BERTNE=FENNGCF BRIt ER. TEEL, GUNERIA
SLEAVNEREEFENELREER, TEHERSEHRMN T — MR EXEMRIRE, ARMRMLE
RAIA, BT NGCF s EZNERAI R ESRENKRTFIER.

* Powerful Representation Ability

® 1958 @ 1958
R 15144 L ] 15144
® soto i * ® o
t : 8546 o . * L4 : 8546
* 3092 . ® 3092
e * * :.
o p
..' o * ° ™ L *.l
*2o% %o
. ..‘ . :‘ . ?;
* s ve * +
L 4 *
8 o .
L ]
o o%e
o«
Star: user; Circle: item; *
® @

Circles of a color: interacted
items of a user

(a) MF (NGCF-0) (b) NGCF-3

With embedding propagations (3 layers)
-> More Clear clusters in embedding space
-> Better embeddings are obtained

4: NGCF it &R
2.2 BREEEFHMLE LightGCN

M, NGCF AR ZERE L REHTING. DREFABIXILEES GCNs Ml NGCF (W LELERAE 5 Fiix)
R, ARERFHRT, NGCFEZIRITEIURA: I, NGCF ZFAMIIZ, Uhk&EENMRARA
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AR, EERAZNMATRZIFDEOHZEZIVIRIER,

* Designs of NGCF are rather heavy and burdensome
* Many operations are directly inherited from GCN without justification.

LGN |NGCF

Original task Node classification Collaborative filtering
Input data Rich node features Only node D

« Attributes, text, image data * One-hot encoding
Feature Distill useful information Generate ID embeddings
transformation
Neighborhood Pass messages from neighbors Pass messages from neighbors to
aggregation to the egos the egos
Nonlinear Enhance representation ability Negatively increases the
activation difficulty for model training

5: {4t GCNs ] NGCF JLL4&R

ETIER, [@RmEEAREL T LightGCN 5%, EHENZOZRENESER., REESERER, A8
TESRE, REE-TTRNBETR, REEREPSETRNLE-—ERRERMRE—E. 5ZHEXYT
REY NGCF M8tE, LightGCN #8 Tkt T NGCF EEAVHIERER, BRI GCN AR LHNBHMREERET .
NGCF RSB —BERTURZRERIIZER, AMXEZSHAERELRK, RARUFERS KN EHITH
EFEFIEHE, LightGCN MIFR=, Eib, 5NGCFI8LE, LightGCN RETINEERER. TIFEIEHE. LB EE
FMRo

NGCF LightGCN
* Graph Convolution Layer » Light Graph Convolution Layer

D _ LealyfeLU oy I S S—)
€u eakye (nﬁg—u * ig(u mut—l) “ i§(u VINGVING

* Layer Combination * Layer Combination
K
0 L - (k)
e; =e$1)”“'”e£1) €y kZﬂ)akeu
* Matrix Form * Matrix Form

E® = LeakypgLu((£ + DE W + £EKD 0 ECDD) g**) - (i AD~HE®

Only simple weighted sum aggregator is remained
* No feature transformation

» No nonlinear activation

* No self connection

6: NGCF 5 LightGCN Xttt
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2.3 [EiBEhELTE GDCF
BYMRAY, BREEEYSNSBEEIENEER, X2BLAEAENAFTN, Eit, EEFRRESIN,
AENEARIEE FTREEERESNAFERZIEH 2 X BATE.

ETIER, WREENRL T EEEMEEIET A GDCF, BRREARE:

B, RHEMEIEE (Greph Disentangling Layer) fUE. BRIREFHEBEAERE, AEARET KHNXEA K
RAHA KMEE), YE—MEEZIAF /MaE, XHEMEET K E, STERZHYETEE,

R, FZELHTHEIERS. XHMNENEEENITNERP IUERNSERERE,
RfE, £A “EEEX" RIUTHETRENRMILZE, tIFEEIENCRRES, BRNEERBFA™
MEEZBNXEXR, RELMMEEZENXEKEANT, NMEALRENESE.

DGCF ##890[E 7 Ffim.

We have two more facts:
* A user generally has multiple intents to adopt certain items
* Moreover, different intents could motivate different user behaviors

Possible Latent Intents

ky: passing the time
Interactions k: interest matching
k3: shopping for others

ky: social events -

* However, existing CF methods hardly disentangle different intents.
* An interaction graph (say, LightGCN) = assuming one latent intent of users
* Aholistic embedding (say, LightGCN) -> failing to exhibit latent intents.

)

Embedding u,

*  What intents are encoded in different dimensions?
(NEE B NEN

7: EBEEIDIE GDCF
BT EESLEG (GNE 8 Fw) PI4l, EEERIEUESE F, GDCF 5 NGCF BEERI UF I ZEIFHNERT, ERA

WRERAT 15% £H; 5 Light GCN 48EE, DGCF 5 Light GCN &b FHERERKFE, REEEZFMUNES, B
BRMERFEIR=IE, GDCF 2B EFNBERM,
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*  Inrecommendation accuracy, DGCF betters NGCF => better representations

Gowalla Yelp2018* Amazon-Book

recall ndcg recall ndcg recall ndeg
MF [ 01291 0.1109 | 0.0433 0.0354 0.0250 0.0196
GC-MC 0.1395 0.1204 0.0462 0.0379 0.0288 0.0224
NGCF 0.1569 0.1327 0.0579 0.0477 0.0337 0.0266

DisenGCN | 0.1356  0.1174 | 0.0558  0.0454 | 0.0329  0.0254
MacridVAE | 0.1618 01202 | 0.0612 0.0495 | 00383  0.0295
DGCF-1 0.1794"  0.1521" | 0.0640"° 0.0522" | 0.0399" 0.0308"

Himprov, 10.88%  14.62% | 4.58% 5.45% 4.17% 441%
p-value 6.63¢-8  3.10e-7 | 1.75¢-8 4.45¢-9 | 8.26e-5 T.15¢-5
*  DGCEF vs. LightGCN: same performance level, but better interpretability of
representations.
@ Qi ‘e h.p Q - " ,p Q i@ Qe
g 1157 033 / Toms  \ ozss 0354 u.nz N\ 0297 0.320
.00006000 odoo 000 océor)ooo 2.0 0 @0 o o O
e duews luor Burns fasess hienss foz: lae Vet L dun i, fassos fronss lsran 711 asze luess lwem' Bussr fasess hiosss fpns
Intent-aware Graph Ay, Intent-aware Graph Ay, Inmlmm Az Intent-aware Graph Ay,
Review for (Uyo362. ips) Review for (1219362, [3520) Review for (10342 l4gas) Review for (30362, 13672)
If by Fremont Street Experience, you mean the campy Awesome customer service. Seriously, everyone in this The pricing was fair for what | got and | left full, so This park is big enough to accommodate hikers,
neon canopy show, eh, it's ok. The graphics and music  place is warm and welcoming and willing to help out.  that's good. families, kids, dog people, and casual park goers. The
are a throwback to what would have been impressive . & tl trails up the mountain are people and dog friendly, and
. . . service price & promotion q q B
interesting matching o (o ™ . passing the time

This place was totally entertaining. From the hospital Great mom and pop place. The service couldn't have We love this place! Every time we've ever been here The atmosphere of this place makes it great as soon as
[gown you have to wear once you walk in the door 10 been better| This will definitely be a frequent location they have been fair, honest, and upfront. They try to you walk in. The prices are a little on the high side but
the witty commentary on the menu to the sassy for us. find the best solution for you at the lowest cost, worth it.

servers.

8: GDCF SEInZ5 RXILE

ME=INTEMET GNN 2REEE. FHIR NGCF NEEMRRME TEM, Light GCN X3F NGCF # 7K
BMEIMY, BEHFNNR, PIMERTEINVREBERNERM,

= NEINRESEERNEEHEFIIR THMRL
EXEFREMNERNBEEEHEZNEEHRFDR TRPEIIRRAR, EX—T, BEENAUBIREEEHE
FpRPEIESRWNEMRR TIE,

3.1 Fast Loss

B ERDHTRM, EITHE BPR Loss B, #RAMANERAREFIHESR TensorFlow 7£ GPU LHIITEIEE L
ARAER C++ ER CPU EITERE.

C++ TensorFlow

(CPU) (GPU)

time/epoch 1.1s 55s
9: 7£ CPU H{#H C++ (19 9000kf) #1 GPU {#H TensorFlow (2080Ti) 131778 amazon-book #HEEER) BPRMF

RTRFRZEE, [OaEBIEHEAE Y T Fast Loss 5%, Fast Loss iTEISF2AE 10 Fx:
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A2 s Cc.=a, V,; = 1;if u and i have interaction
Z Z Cur'(ym' - ym‘) “ Yui

uel ieV « ¢, =1,y,=0; otherwise
All possible user- )
item pairs Mathematical
transformations
The s-th term of user
d d embedding eu

> Y =1y =20y, + Y DY Pupu) D a0

uel jey;t s=1 1=1 uelU eV
Historical user-item pairs The s-th entry of item

embedding of ei.

Good Characteristics:
« Time complexity is O(|R|d + |N|d?).
* Linear to the number of observed interactions

10: Fast Loss itE 152

ZRERBEERER O(RId+INd2), HESURIMBEERHMEL XA, FIIHRIUN, TIEAFREE
MmBHERE, HHEEMEEMNINLE. WRFEHLERE, WEAHEFER, ALESALLRSHNEQ, F
BHEHE 1 EE. YTasE, GE-TEREHNNREFILED 0 |3,

MREFMAIAKEE (Loss), HERERIRAN, BIMxN, EXENAF, BABFNERYMEREN
ZREBHNEREN, BB MRREBHAITHE LNFNTHR, AINSHIHETRR N, BIHR¥ LIFEER
MEMTMN, FTUBRBIMRRBNERE, MMxNEREET R, BIEEZIMEIEFRNTE, EE2F
MEREPIMBINNZHMRENFREL M XA,

T RIRIRE ML LightGCN aJ LAUAZIS BPR IR HAIMERE, SR, MMIRAFFEURTEURISIE, BR
Fast Loss EERBF / B LI FFELF,

3.2 fERAPMEMYmZIRIDIZE DICE

ERERED, CROBETERIEEMRE, AINASRE. XJEHTRUERDLEEFHTIIZ, RE
NETREREFERRRERF, BPERENHE LFEMROSE, BEXISHNEIE)IZER, WLE
REEERAR, ZTHFSHEERTHNRMBFBHRT, BEES, BPREMEzZ, SMEERK
2E LRERS T REUR A P B IERINER.

MENFHE—RRYINFE: IPS Fl CauskE, XFEFETRBEEBHRENIBRT, NRIERLEHIERX D B
MERDRE, BIEEEN. HX, FAEMEREIEFNRLUERTEREME, EARSEERBPXBH
ground-truth, Lo, FIREATEITHEE, EEHIX D cause i, FERTMNAIRIT.

ETIt, [@@mEARE T DICE BiE. ZHEEAEI—TERE, ARCUQEBRIANN—TRETHERE
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BARZAPNEMNAFOMEBAELE EAMEZMRTENZBF SRERSERLE, ETIt,
DAETFHBNRTED AT EBMEHSMAE—LENF, ZHENCNEREFERGHEENRT, UETSE
IRBRNIIR—TIRE.

Disentangling Interest and Popularity with Causal Embedding (DICE)

interest | interest

embedding : loss
i'"'éiir'{é'a{f'"i
discrepancy \ | ook
e loss user |tem loss
eeeeeeeeeeeeeeeeeeee
; popularlty ; popularity

embedding loss

(a) causal graph (b) causal embedding

A click record reflects one or both aspects:
1. the item’s characteristics match the user’s interest
2. the item’s popularity matches the user’s conformity

Assumption 2.1 A click record in biased recommendation scenario results from two independent
causes, which are the user’s interest and the item’s popularity.

Pejiek = Pinlcrest + Ppopularily; (])

100 FEFBA P BN M2 IWZE DICE A

ERERHNRG, TORBRENETHEWREERENERE. #ERRNEFENERNEERASH
BEHAERR, HFRISEFNMR.
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