Knowledge Graph

A knowledge graph (KG) is a multi-relational graph
representing facts in the form of "<subject> <predicate>
<object>"

Important for recommendation, Q/A, semantic search, etc
Product Graph (Amazon), Freebase (acquired by Google),
Satori (Microsoft), YAGO, DBpedia
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How to Estimate Node Importance in KGs?
Problem Definition

Given a KG G = (V,E={E1,E2,...,Ep}) and importance
scores {s} for a subset I, €V of nodes, learn a function

S:V — |0, 0) that estimates the importance score of every
in KG.

1. Carnegie Mellon University, 2. Amazon

Proposed Method: GENI
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Overview Datasets
o G ENI |S asem |- sSu pe rvi Sed g ra p h n eu ral netwo rk (G NN )_ Name | # Nodes | # Edges | # Predicates | Input Score Type | # Nodes w/ Scores | Data for OOD Evaluation
b d th d th t I d . t FB15K 14,951 592,213 1,345 # Pageviews 14,108 (94%) N/A
asSed meino dal learns node im po rance MUSIC10K 24,830 71,846 10 | Song hotttnesss 4,214 (17%) Artist hotttnesss
° 1ofi - TMDB5K 123,906 532,058 22 | Movie popularity 4,803 (4%) Director ranking
G E N I SatISfI €S th €4d bove req uire ments IMDB 1,567,045 | 14,067,776 28 | # Votes for movies 215,769 (14%) Director ranking

Score Aggregation

Models the relationship between the
importance of neighboring nodes

= ) ahsti))

JEN (I)U{i}

\Q/
T~
7
\

s%(i) = ScoringNetwork(z;) @

. mation.
Predicate-Aware Attention Mechanism

In-and Out-Of-Domain Evaluation

Given importance scores for some nodes V, € V of type T (e.g.,
movies), predicting the importance of nodes of type J is called an
“in-domain” estimation, and importance estimation for those
nodes whose type is not T is called an “out-of-domain” esti-

In- and Out-of-Domain Prediction Results

Models how predicates affect the importance of neighboring

In-Domain Prediction Performance
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entities using self-attention mechanism
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Out-Of-Domain Prediction Performance
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Centrality Adjustment ol

Makes use of the fact that the importance 0.4

FB15K

of a node normally positively correlates
with its centrality in a network

c(i) =log(d(i) + €)
c*(@) =y-c)+p

*NN (Neural Network),

MUSIC10K TMDB5K
Dataset

LR (Linear Regression),
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Dataset

PPR (Personalized PageRank), GAT (Graph
Attention Networks), RF (Random Forests), HAR (Hub, Authority, and Relevance), PR (PageRank)

In-Domain Regression Performance
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S (l)=0.(C \l S L L Method FB15K MUSIC10K TMDB5K IMDB
(1) = as(c* (D) - s7 (D))
= = LR 1.3536 £ 0.017| 0.1599 + 0.002| 0.8431 £ 0.028| 1.7534 + 0.005
Desiderata for MOdellng Model Tralnlng RF | 1.2999 + 0.024| 0.1494 + 0.002| 0.9223 + 0.015| 1.8181 + 0.011
- NN 1.2463 £ 0.015| 0.1622 £ 0.009| 0.8496 = 0.012| 2.0279 £ 0.033
Node Importance in KGs )
—_ GAT 1.0798 + 0.031| 0.1635 £+ 0.007| 0.8020 + 0.010( 1.2972 £+ 0.018
, L(@) = 2 ) 57D — g + 2103
o Nelghborhood Awareness G E N I Arc h itectu re = GENI |0.9471 + 0.017|0.1491 + 0.002(0.7150 + 0.003(1.2079 + 0.011
. . S
* Making Use of Predicates N
. CentralityAwareneSS T Final estimation ofllmportance scores Case St”dy on TMDBsK
ape s s*(i Final Aggregation : : : : : . : : :
« Utilizing Input Importance I( ) Q SETS ‘() Top-10 movies (in-domain estimation)  Top-10 directors (out-of-domain estimation)
Estimation of importance scores by layer 2
Scores Centrality Adjustment | - t/ll_t onoetimp Y Cy\t - | GENI HAR | GAT GENI HAR GAT
. - entrality entrality e Dar i ises ason Bourne e Dar i ises . .
* Flexible Adaptation bttt ? ———————————————————————— \ Adjustment Adjustment 2| o LegoMovie |70 | The Wolfof all et 21 | Gldhofthe Tians (103 || StevenSpiebberg | 0 Steven Spieberg| 0 | Noam Murto | N/A
| ) r _t _________________________ _1 _______ 3 Sp.ec’tre 10 Rock .ot: Ages 278 Ant-Man . + _ ) )
| . Score Aecregation (SA) Head | ( \ 4 Les Misérables 94 Les Misérables 94 The Lego Movie 68 3 quley Scott 6 I.hdley Scott 6 Plt?f . N/A
- : S 1 (l) BEres ( ) : : Layer 2 SA Head 2-1 SA Head 2-2 : 5 T;;(ﬁiﬁgg 22 | The Dark Knight Rises | 7 | Jack the Giant Slayer |126 : Frahx/l[c?irsuf?ofg(gzeseola 14528 C\l;fr;toias::lzgd 1112 R:a::lrlt’?:zit;rs ﬁ;ﬁ
M e th Od CO m p a r ’ s On | | ‘mm e ————— Si_ - TA\ _____ t_a __________________ ’ g Vl;‘(z 3::gefta gz N;/Wf‘;{ro:;esr;‘ie;‘[‘; ) :Z o WOEP:;;‘;ZH Stret 176 6 Peter Jacksoip -4 |Robert ;emeckis 1 Alian Taylor | 145
| Score Aggregation | ggregared scores 8 | Clash of the Titans |97 Spectre 5| ThesthWave |67 ; Rgbe“\l;“"iﬁg“k‘;z 127 DT“T’di‘?”‘;l“ fo Pe;I‘%;La;‘i“fan m
| .. .. 1 .. .. | Intermediate Aggregation 9 Ant-Man - Aus::)inrll’lz;wnm:rm 140 T}fCH;ng: ’ G ageS: -4 oec;rechf;n;tsher al‘ir\lzer mznzr rle\:ro oddiril
GENI HAR PPR PR : al]l aUZ f 297 al]S al]‘l- : g 10 Iron Man 2 29 GA}gxand:r 141 I\;l(—hfll(en:gi‘ifst gla:sz 767 190 %{obesrt Zemeckis ??:j gon HoS\:iard 1—(;5 DTim(idiller Sjﬁ
. [ e B e e N R B A s s R Y R e e S R 7 Estimation of importance scores by layer 1
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domain prediction tasks



