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Nekuma 7 - Knowledge Graph Embeddings

M. lankun, 1. MypomueB




Introduction

[MpenctaBneHue 3HaHum B rpadax - RDF & RDFS & OWL

XpaHeHune 3HaHui B rpadax - SPARQL & Graph Databases
OaHopoaHOCTb 3HaHMM - RDF* & Wikidata & SHACL & ShEx
NHTerpauma gaHHbIX B rpa@bl 3HaHUM - Semantic Data Integration
BeeneHune B Teoputo rpados - Graph Theory Intro

BekTopHble npepctaeneHus rpados - Knowledge Graph Embeddings
MawmnHHOe o06yyeHune Ha rpagax - Graph Neural Networks & KGs
HekoTopble npuMeHeHus - Question Answering & Query Embedding
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[lpepcTaBieHmne 3HaHUM - OHTOJTIOTNYECKOE

Spock Science Fiction Obi-Wan Kenobi

genre genre

starredin

Leonard Nimoy Star Trek Star Wars Alec Guinness
LeonardNimoy starredIn StarTrek; AlecGuinness starredIn StarWars;
played Spock. played Obi-Wan.

Spock characterIn  StarTrek . StarWars genre SciFi .



[lpepcTaB/eHne 3HaHUM - CTaTUCTUYECKOE

Spock Science Fiction Obi-Wan Kenobi

genre genre

starredin

Leonard Nimoy Star Trek Star Wars Alec Guinness
Spock = [0.1,0.2,0.3] Obi-Wan = [0.05, 0.25, 0.37]
Leonard Nimoy =[0.4, 0.8, 0.1] Alec Guinness = [0.33, 0.5, 0.3]
Star Trek = [0.22, 0.34, 0.87] Star Wars = [0.18, 0.4, 0.9]

characterln = [0.1,0.1, 0.6]
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B aTon nexkuyuu

Becb rpa¢ nssecteH BO BpeMsSl TPEHUPOBKMU

Transductive

Triples KG cocTtonT TonbKo u3 Tpunnetor (npo RDF* - nosaHee) 6e3 nutepanos

Supervised O6y4deHne C yunTesnieM Ha KOHKpeTHOM 3aga4ve. CUrHan - u3aBecTHble CBSI3U

Tonbko rpa@, 6e3 TekcTa / BUAEO / N306paXKeHWUn / reoMeTpun / gpyroro

CtaHpapTHble gaTtaceTbl - o 100K y3noB



[ToyeMy 6bl He B3ITb METOAbI U3 MPOLLUION NEKLNN?

Knaccuyeckui rpad

- HeHanpaBneHHbI
- HeT TMnoB cBa3en




[ToyeMy 6bl He B3ITb METOAbI U3 MPOLLUION NEKLNN?

Knaccuyeckui rpad Haw knneHT

- HenanpaBneHHbI® - HanpaBneHHbI#
- Het TMnoB cBA3eW - Mynbturpag

- MHoro TMNoB cBA3en
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Knaccudyeckuu Link Prediction

BepoATHOCTb CBA3M KaK (MYHKLMS OT BEPLUMH

p().®) = (.G
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KG Link Prediction (KG Completion)

Spock Science Fiction

genre genre

starredin

starredin

Leonard Nimoy Star Trek Star Wars Alec Guinness

(Obi-Wan, characterin, ?)

12
Nickel et al. A review of relational machine learning for knowledge graphs. IEEE. 2015



KG Link Prediction (KG Completion)

Obi-Wan Kenobi

characterin

starredin

starredin

Leonard Nimoy Star Trek Star Wars Alec Guinness

query = (head, relation, ?7)

Phrt = score(h,r,t)

13
Nickel et al. A review of relational machine learning for knowledge graphs. IEEE. 2015



KG Link Prediction - Input

e2id r2id

1: Spock 1: characterlIn
2: Leonard Nimoy 2: starredlIn
3: Star Trek 3: genre

4: SciFi 4: played

5: Star Wars

6: Obi-Wan

7: Alec Guinness

TunnuyHbin Bxog KG embedding mogenen

113
241
2 23
334
534
725
746
61°?
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Relational Patterns

r(h,t) = r(t, )

r(h,t) # r(t, h)

1 (h7 t) — T2 (tv h)
r1(h,t) Ara(t, z) — r3(h, 2)

r(h,t1),r(h,t3),...,7(h,ty)

NHBepcusa
Komnosuuus
OTHoweHuna 1-N

knows(a, b) -> knows(b, a)

friend(a, b) -> -friend(b, a)

cast(a, b) -> starredIn(b, a)

mother(a, b) A husband(b, c) -> father(a, c)

hasCity(country, cityl),
hasCity(country, city2),

15



Knowledge Graph Embeddings

Tensor Goal: encode nodes so that similarity in the embedding
Factorization space (e.g., dot product) approximates similarity in the
original network

Translation

Neural Networks

original network embedding space

Source: Stanford CS224w, http://web.stanford.edu/class/cs224w/
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http://web.stanford.edu/class/cs224w/

Knowledge Graph Embeddings

Tensor
Factorization

Translation

original network embedding space
Neural Networks

Shallow embedding

(KaXKabl y3€es U TUN CBA3U -> YHUKAlbHbIN BEKTOP)

Source: Stanford CS224w, http://web.stanford.edu/class/cs224w/

17


http://web.stanford.edu/class/cs224w/

KGE - Graphs as Tensors

Spock Science Fiction Obi-Wan Kenobi

genre genre

starredin starredin

Leonard Nimoy Star Trek Star Wars Alec Guinness

18
Nickel et al. A review of relational machine learning for knowledge graphs. IEEE. 2015



KGE - Graphs as Tensors

GTAR
starredin TE[K

Leonard Nimoy Star Trek

starredin
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KGE - Graphs as Tensors

starredin played characterin

starredin

Leonard Nimoy Star Trek

20



KGE - Graphs as Tensors

starredin played characterin

7

& starredin a n 0
Leonard Nimoy Star Trek - 0 0 1
@[] ] o]
0
@ oo
T - RIEXIEXIR] @ oTo
{ -
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KGE - RESCAL
Goal - factorize a sparse 3D tensor to dense E and R
Factorization

J-th entity

1-th

itk entit
entlty ol L e
Jo- th ~ ~
relation B

k- th
\ / relation

Y, EW,ET

Nickel et al. A review of relational machine learning for knowledge graphs. IEEE. 2015
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KGE - RESCAL

Tensor Goal - factorize a sparse 3D tensor to dense E and R
Factorization
J-th entity
. ; 1-th
by

ot

Q

relation

P
-
-
-
L

o
k-th
\/ relation

23
Nickel et al. A review of relational machine learning for knowledge graphs. IEEE. 2015



KGE - RESCAL
Goal - factorize a sparse 3D tensor to dense E and R
Factorization

Entity matrix Relations matrix Score function (e1,r,e2)

RESCAL E : RIEIXm w . Rlkxnxn o Ly, . e,

24
Yang et al. Embedding Entities And Relations For Learning And Inference In Knowledge Bases. ICLR 2015



KGE - DistMult
Goal - factorize a sparse 3D tensor to dense E and R
Factorization

Entity matrix Relations matrix Score function (e1,r,e2)
RESCAL E : RIExn w . Rlkxnxn oy, . e,
!
diag(Wk)

|
DistMult FE - R|E|Xn W : R|k|xn €1 °T* €

25
Yang et al. Embedding Entities And Relations For Learning And Inference In Knowledge Bases. ICLR 2015



KGE - DistMult & Patterns

Tensor
Factorization h T - t

h-r-t=t-r-h

horit=tors b =,

YMHOXXeHne KOMMYTaTUBHO

AHTUCUMMETPUYHOCTb

Komnosuyus HeBO3MOXXHO reOMeTpuYecKn

h-r-ti #h-r-t,

26



KGE - ComplEx
Tensor ComplEx - let's use complex numbers instead of real
Factorization

Entity matrix Relations matrix Score function (e1,r,e2)

DistMult FE - R|E|Xn W : R|k|xn €1 °T- €

Complex E: CIE*® W . ClkX" Reley,r, &)

AHTVICI/IMMeTpI/Il-IHOCTb

Tenepb MOXHO

27
Trouillon et al. Complex Embeddings for Simple Link Prediction. ICML 2016



KGE - ComplEx & Patterns
Tensor _
Factorization R€<61 ) 7’, € 2>
| Cumwerpusocrs

NHBepcus

AHTUCMMMETPUYHOCTb

CVIMMeTleLIHOCTb BO3MO)KHO an rl — 772

Re(e1,r,€2) = Re(ea, T, €1) Re(e1,r1,€2) # Re(ea, 72, €1)

Mpnim(r) =0

Komnosuuus

Re<€1 s Ty éz) + Re<€1 y Ty én>

28



KGE - TuckER

Tensor

Factorization

(a) DistMult

Goal - factorize a sparse 3D tensor to dense core W,

entities E and relations R

d(es,r,e0) =W X1 €5 Xo Wy X3 €

N |

I
i
1
=
1
1 1 .
1111 =N
1 n .
1 -1
=1
(b) ComplEx

N |

N |

N =

DO |-

DD =

[
[
N | =

=

(c) SimplE

[

N [=

Balazevic et al. TuckER: Tensor Factorization for Knowledge Graph Completion. EMNLP 2019

de

W

dr% r
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KGE - TransE

Translation

2 2
[Allz = l¢llz =1

Translate entities and relations into one embedding space

h+r=x

A

t Moscow + capitalOf ~

(a) TransE

Bordes et al. Translating Embeddings for Modeling Multi-relational Data. NIPS 2013
Wang et al. Knowledge Graph Embedding by Translating on Hyperplanes. AAAI 2014

Russia

(b) TransH

30



KGE - TransE

Translate entities and relations into one embedding space

Algorithm 1 Learning TransE

input Training set S = {(h,4,t)}, entities and rel. sets E and L, margin -y, embeddings dim. k.
. initialize £ < uniform(— %, %) foreach/ € L

L+ £/ | €| foreach? € L

e um'form(—%, %) for each entity e € E

Translation

1

2

3:

4: loop

5: e+ e/ | el foreachentitye € E

6:  Sbatch <—sample(S, b) // sample a minibatch of size b
7 Tyaten < O // initialize the set of pairs of triplets

8: for (h,4,t) € Spatch do

9: (W 6.8 é—sample(Sé hot, t)) // sample a corrupted triplet
10: Tvatch  Thaten U {((h7 Z, t)7 (h,a£7 t,))}
11:  end for
12:  Update embeddings w.r.t. Z Vy+d(h+£t)—dh' +£t)]

((h,e,t),(h',.e,t’)) €qwba,tch
13: end loop

31
Bordes et al. Translating Embeddings for Modeling Multi-relational Data. NIPS 2013



KGE - Transk & Patterns

|h+r—t]

CMMMETPUYHOCTb NHBepcus

h—|—’l"1 ~t
||h+r—t||7é||t+'r—h|| t+rao~h—=ry=—-1

Translation

AHTUCMMMETPUYHOCTb
h+r ~t
t+ 7y ’&’h—)’r'z 75 -

OTHoweHua 1-N Komnosuumsa

h—l—’r%tl, h+r =t
h+r=~t, t1 + 1y Rty
— 1t =t, — h+(ry +13) = to

32
Bordes et al. Translating Embeddings for Modeling Multi-relational Data. NIPS 2013



TABLE 9

KGE - TransE Knowledge graph embedding using margin-based ranking loss.
GE Algorithm Energy Function f, (h, t)
TransE [91] |h+ 7 —tln
TKRL [53] ”Mrhh +r— Mrtt”
TransR [15] |AM, + 7 — tM,.||2
CTransR [15] A My + re — tM, I3 + allrc — ri3
TransH [14] [(h — wlhw,) + dr — (t — w} tw,)]|3
SePLi [39] L Wiein + b; — et ||?
LOTS TransD [125] |M,ph+ 1 — M.st||3
. TranSparse [126] 1M (O7)h + r = M (OR)EZ, /2
Translation m-TransH [127] [, c m(ry) - (0)Pn,. (£(0)) + b1, t € NV

DKRL [128] lha + 7 — tall + ||ha + 7 — ts]| + [|hs + 7 — tall

Of ManifoldE [129] Sphere: || (h) + @(r) — @(t)]|?
Hyperplane: (¢(h) + ¢(Theaa))” ((t) + ©(Ttair))
 is the mapping function to Hilbert space

TransA [130] |lh + 7 — ¢

puTransE [43] |+ 7 — ¢
models == P

SE [90] “Ruh —_ Rut“ll

SME [92] linear | (Wu17r + Wuzh + bu)T (Worr + Waat + by)
SME [92] bilinear| (Wy17r + Wauzh + by,)T (Wo1r + Waat + by)

SSP [59] —Xle — sTes||2 + |lell2, S(sn,s¢) = —b>t
lsh+stll3
NTN [131] ul tanh(hTW,t + W,nh + Wit + by)
. . . HOLE [132] rT (h % t), where * is circular correlation
Cai et al. A Comprehensive Survey of Graph Embedding: MTransE [133] Thtr—1
— i

Problems, Techniques and Applications. IEEE TKDE 2017




KGE - Incorporating OWL Rules

Translation

min Z
]

!
T T i3 RZ
ap, ;log(1 +exp(—yp ¢ fr ) + A Z N
i=1 "

(h,rt)eS
subject to k|| =1and ||t| =1.
Rule Definition Formulation based Formulation based on NN Equivalent regularization form
Vh,t,s €& :... on score function (Denoted as R; in Equation (2) )
Equivalence (h,71,t) < (h,72,t) }Tz,lt = f;?t +&nt ‘Pf,t(ﬁ” —B") =&nt max([|8™ — B[, — &gq,0)
Symmetric (b, 7,t) < (t,7,h) fre=Fin+&ns (®ht — ®en)TB" =€nse  max(|(Bri — Be,p) 87| — Esy, 0)
Asymmetric  (h,7,t) = —(t,7,h) Jhe =Tin +Mhng (Pht — Pen) B =M NC
Negation  (h,r1,t) & —(h,r2,8)  frhy = M — fi + @ ,(B7"+B™) = M+&, NC
Enyt
Implication  (h,71,t) = (h,72,t) ni < Tni of (B —B) <0 max(};(8;" — B;*) + &m, 0)
Inverse (h,71,t) = (t,72,h) Vel &7 B — 87,8 <0 max(®} B — ®F, B + &n,0)
Reflexivity  (h,r,h) fon=M=Enn @f,hﬂr =M—¢nn NC
Irreflexive ~ —(h, 7, h) frn=Enn &7 8" =Enp NC
Transitivity ~ (h,7,t) A (t,7,8) = o(ff,) > o(fr,) X 0(PrtB") X 0(P4,s0") — max(o(®y,:B") X 0(P4,s08") —

(h,7,8)

o(fts)

o(®F,87) <0

(27 .8") + &, 0)

Composition (h,r1,t) A (t,72,s) =

(h7 T3, S)

o(fris) 2 o(fp2) x
a(fts)

0(PrB™) x 0(Py,s87) —
o(®;,8™) <0

max (o (®p8™) x o(P:s6™) —
o(®F ,B™) + &co, 0)

Table 1: Formulation and representation of rules (NC: Not considered for implementation).

Nayyeri et al. LogicENN: A Neural Based Knowledge Graphs Embedding Model with Logical Rules. https://arxiv.org/abs/1908.07141
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KGE - RotatE

A h . h
A 5
|h+r-t]|

h htr ¢ i
Translation (-t ¢ '
t
(a) TransE models r as (b). Ro.tatE models r as ro- fﬁz)icl)itr?tE; a;;’é:lrri[;pzlgf
dea: translafion-in real line. tation in complex plane. P —— vgithym -1

Entities are vectors

. Figure 1: Illustrations of TransE and RotatE with only 1 dimension of embedding.
in complex space

Relations: rotations Score function: d, (h, t) = ||h or — t|| |’ri | =1

in complex space Loss & Optimization: L= —logo(y —d,(h,t)) Z . log o (d,(h;, t;) — ),

35
Sun et al. RotatE: Knowledge Graph Embedding By Relational Rotation In Complex Space. ICLR 2019



KGE - RotatE & Patterns

Model Score Function Symmetry | Antisymmetry | Inversion | Composition
SE _”W'r'lh Wr ot X X X X
TransE h+r-— X v v v
TransX | — gr,l(h) +r— gr,z(t) v v X X
DistMult (h,r,t) v X X X
ComplEx Re((h,r,t)) v v v X
RotatE —|[hor—t| v v v v

Table 2: The pattern modeling and inference abilities of several models.

36
Sun et al. Rotate: Knowledge graph embedding by relational rotation in complex space. ICLR 2019



KGE - Hyperbolic

Goal: embed hierarchical structures into a hyperbolic manifold.

Translation \_»

d(u,v)

lla —vi?

(a) Geodesics of the Poincaré disk (b) Embedding of a tree in B* (c) Growth of Poincaré distance

Figure 1: (a) Due to the negative curvature of B, the distance of points increases exponentially (relative to their
Euclidean distance) the closer they are to the boundary. (c) Growth of the Poincaré distance d(u, v) relative to
" the Euclidean distance and the norm of v (for fixed ||u|| = 0.9). (b) Embedding of a regular tree in B2 such that
all connected nodes are spaced equally far apart (i.e., all black line segments have identical hyperbolic length).

37
Nickel et al. Poincaré Embeddings for Learning Hierarchical Representations. NIPS 2017



KGE - Hyperbolic

Goal: embed hierarchical structures into a hyperbolic manifold

BIOHOCER e

icroorganism
yoi

Translation

plantli
" fauna
organism

v Xopouwio pa6oTtaeT

Ha nepapxm4eckmx (a) ROTE embeddings. (b) ROTH embeddings.
rpacdax
Figure 6: Visualizations of the embeddings learned by
v OpdekTuBHbI Ha ROTE and ROTH on a sub-tree of WN18RR for the hy-
Manbix pernym relation. In contrast to ROTE, ROTH preserves
pa3MepHoCTAX . : . : :
(32-64d) hierarchies by learning tree-like embeddings.

38
Chami et al. Low-Dimensional Hyperbolic Knowledge Graph Embeddings. ACL 2020



KGE - ConvE

Goal: CNNs for predicting a probability of the object

Projection to

Embeddings "Image" Feature maps embedding Logits Predictions

dimension

@) 0.9

@) 0.2

@) 0.1

Fully connected @ Matrix O  Logistic 0.6

_ CofiEat Convolve prOJectlon o multiplication 8 sigmoid 8%

et [ ERIIRIRIN g with S o

entity matrix 0 0'1

O 0.4

Embeddi F Hidden | 8 H

. mbedding eature map idden layer 0.4
Convo lUtlon dropout (0.2) dropout (0.2) dropout (0.3)

Score function: Yr(es,e,) =  f(vec(f([es;Tr] *x w))W)e,,

Loss & Optimization: L(p,t) = N (t log(p;) + (1 —t;) -log(1—p;)),

39
Minervini et al. Convolutional 2D Knowledge Graph Embeddings. AAAI 2018



KGE - ConvKB

RelLU | 3 feature maps
are concatenated
Score function: convolution
‘f(h’ ¥ t) = concat (g ([vha v’l‘avt] * ﬂ)) W | matrix 4x3 ‘ | 3 filters 1x3 ‘ %»

..

Loss & Optimization:

L= Z log (1 + exp (l(h,r,t) - f(h,m, t)))

, A
Convolution + 5wl

1 for (h,7,t) € G

in which, {4 = { —1 for (h,r,t) € G

(hyr,t)€{GUG"} k=4 HEN -

Figure 1: Process involved in ConvKB (with the em-
bedding size k = 4, the number of filters 7 = 3 and the
activation function g = ReLU for illustration purpose).

Nguyen et al. A Novel Embedding Model for Knowledge Base Completion Based on Convolutional Neural Network. NAACL 2018
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KGE - CoKE

SashaObama English

Lat ] (o8 ) (ot ] Lat ) (o6 ) (b ] (i ) (0t )
A [) [} [} [) [) [} A
Transformer Encoders Transformer Encoders
hY h) hd : h h) hd h h?

-0 G G wei]) Ge]) O] G G
) ) () rajralralrajea

BarackObama HasChild [MASK] BarackObama HasChild LivesIn Officiallanguage [MASK]

Transformer

Figure 2: Overall framework of CoKE. An edge (left) or a path (right) is given as an input sequence, with an entity
replaced by a special token [MASK]. The input is then fed into a stack of Transformer encoder blocks. The final
hidden state corresponding to [MASK] is used to predict the target entity.

41
Wang et al. CoKE: Contextualized Knowledge Graph Embeddings. arxiv 2019



Training & Evaluation



KGE - Training

Entity matrix

E : RIEIxn

Spock = [0.1,0.2, 0.3]
Leonard Nimoy =[0.4, 0.8, 0.1]
Star Trek = [0.22, 0.34, 0.87]

Relations matrix

W : RIkIxn

characterln = [0.1,0.1, 0.6]
played = [0.2, 0.3, 0.4]
starredin = [0.9,-0.2, 0.1]

43



KGE - Training

Entity matrix

E : RIEIxn

Spock = [0.1,0.2, 0.3]
Leonard Nimoy =[0.4, 0.8, 0.1]
Star Trek = [0.22, 0.34, 0.87]

Optimization

Loss Function

Relations matrix

W : RlE>n

Negative

Samblin characterin = [0.1,0.1, 0.6]
by played = [0.2,0.3,0.4]
starredin = [0.9,-0.2,0.1]

44



KGE - Training - SLCWA vs LCWA

e [IpeackasbiBaem
pacrnpeaeneHune rno BCeM
CYLLIHOCTSIM Ha Bbixoae
(1-N scoring)

e Classification losses:

- BCE, CE

e YacTto pobaBnawoT

inverse relations

Negative sampling

f(h,r,t) > f(h,r,t")
Contrastive losses:
- Margin Ranking Loss
- Self-Adversarial Loss

- Softplus Loss
45



KGE - Adding Inverse Relations

Spock Science Fiction Obi-Wan Kenobi

genre genre

starredin starredin

Leonard Nimoy Star Trek Star Wars Alec Guinness

46
Nickel et al. A review of relational machine learning for knowledge graphs. IEEE. 2015



KGE - Adding Inverse Relations

Spock Science Fiction Obi-Wan Kenobi

genre genre

starredin starredin

Leonard Nimoy Star Trek Star Wars Alec Guinness

> 2x 60/blUe TPUMNIETOB

> 2X 60onblle TUNoB npeankaTtoB

47
Nickel et al. A review of relational machine learning for knowledge graphs. IEEE. 2015



KGE - Training - SLCWA + Margin Loss

L(Q) - Z Z ma'x{S(ell’r’eé) - S(el’rae2) + 1’ O}
corrupt O (e1,r,e2)€T (e},r,eb)eT’

>~

Negative sampling: incorrect triples should have lower (higher)
score than correct triples

-
~

corrupt S
. p

starredin

GTAR

4TAR
TREK
' _

TREK,

starredin

48



KGE - Training - SLCWA + Margin Loss

L(Q) = Z Z ma'x{S(e'l,rae'z) — S(er,rez) T 1,0}
corrupt O (e1,r,e2)eT (€},r,eh)eT’

>~

Negative sampling: incorrect triples should have lower (higher)
score than correct triples

-
~

Negative Sampling Self-Adversarial Loss (NSSAL) (Sun et al)

corrupt S
_ corrup
=" L =—logo(y — dy(h,t)) Zp(h r, ) log o(d, (b, /) — )
5TAR 5TAR
& - G exp af,(hj, t))

p(hy, r, | {(hisris ti)}) =

Zi exp o fr (h;7 t;

49



KGE - Training - SLCWA + Margin Loss

L(Q) = Z Z ma'x{S(e'l,rae'z) — S(er,rez) T 1,0}
corrupt O (e1,r,e2)eT (€},r,eh)eT’

>~

Negative sampling: incorrect triples should have lower (higher)
score than correct triples

-
~

corrupt S
- COrp f

starredin

GTAR

4TAR
TREK
' _

TREK

starredin

50



KGE - Training - LCWA + (Binary) Cross-Entropy Loss

L=—1L% (yOlog(p®) + (1 — y)log(1 - p®)),

=1

Model’s output is usually sigmoid / log softmax

o(score(ei,r,es))

~
TGTAR
. TREK

@ starredin

51



KGE - Training - SLCWA vs LCWA

+ bBbicTpee cxoautca
+ bBbicTpbin evaluation

- Output shape: [bs, num_entities]
- batum cvepatoT MHoro GPU namsatu
- Co¢pT-numuT: 100K cywHocTen

Output shape: [bs*num_negs, 1]
PaboTaeT Ha 6onbLunx rpagax
MeHblie GPU consumption

MeaneHHo cxoguTca
Hy>XHO AONONHUTENBHO
nog6bupaTb margin , temperature

Jonrun evaluation -



KGE - Training - Metrics

GTAR GTAR
Ly ... LS

0.89

0.34

0.66

0.89

0.93

0.98

MRR =

8|~

.

Mo

—t

rank;

53



.-

KGE - Training - Metrics

GTAR

TREK

starredin

starredin

4TAR
TREK,

0.89

0.34

0.66

0.89

0.93

0.98

Q K
1 1 aK npaBuo, BCe METPUKHU
MRR = — Z 2 noAcYMUTbIBAOTCA B
Q| i=1 rany; OT(PUNBTPOBAHHOM pEXUME
Corrupt | Corrupt S MR MRR Avg H@k
0
Rank 1 3
Reciprocal 1 V£ Z 0.66
rank
Hits@1 1 0 0.5
Hits@3 1 1 1.0
Hits@10 1 1 1.0
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KGE - Training - Filtered Metrics

Science Fiction

e YacrTo, y napebl (head, relation) MoXeT 6bITb
HECKOJIbKO KOPPEKTHbIX 06bekToB (tails).

e Heob6xoamMma nonpaBKa B paHXUpoBaHue -
exampleMovie exampleMovie oThunbTpoBaTh NPOYNE KOPPEKTHbIE OTBETDI

e [lonycTum, oLieHNBaeM npeackasaHnsa TpunneTa
(Science Fiction, exampleMovie, Star Wars)

gy €% GG
. TREK sj WARS

rank = 2 Unfiltered 0.03 0.87 0.18 0.85 0.10

Star Trek Star Wars

rank = 1 Filtered 0.03 -inf 0.18 0.85 0.10 0.23 0.13
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Datasets & Benchmarks



Datasets

# entities

# edges

# relations

FB15k-237 WN18RR CoDEx YAGO 0GB KDD Cup

(Freebase) (WordNet) (Wikidata) 3-10 Wiki KG Wikidata
15K 40K 2-70K 125K 2.5M 87M
272k 80k 33-550K M 13M 504M
237 11 42-69 34 ~1000 1,315

... U MHOTO Apyrux
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KGE - Benchmarking / SOTA

Tensor MpuHATO aeMoHcTpupoBaTb SOTA no cpaBHeHUtoO ¢ baselines

Factorization

WNI18RR FB15k-237
Linear MRR Hits@10 Hits@3 Hits@1 MRR Hits@10 Hits@3 Hits@1
DistMult (Yang et al., 2015) yes 430 490 440 .390 241 419 .263 155
ComplEx (Trouillon et al., 2016) yes 440 510 .460 410 247 428 275 158
Neural LP (Yang et al., 2017) no - - — — .250 .408 - -
R-GCN (Schlichtkrull et al., 2018) no - — — — .248 AL7 .264 151
MINERVA (Das et al., 2018) no — — — — — .456 — -
ConvE (Dettmers et al., 2018) no 430 .520 .440 400 .325 001 .356 237
HypER (BalaZevi¢ et al., 2019) no 465 H22 ATT 436 .341 .520 376 252
M-Walk (Shen et al., 2018) no 437 - .445 414 — - - —
RotatE (Sun et al., 2019) no — — — — 297 .480 .328 205
TuckER (ours) yes 470 .526 482 .443 .358 .544 .394 .266
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KGE - Benchmarking / SOTA

MpuHaTo AeMoHcTpupoBaTb SOTA no cpaBHeHUto ¢ baselines

FB15k-237 WNISRR
Translation MR MRR H@l H@3 H@I0 | MR MRR H@I H@3 H®@I0

TransE [¥] | 357 294 - E 465 | 3384 226 - E 501

DistMult | 254 241 155 263 419 | 5110 43 39 44 49

ComplEx | 339 247 158 275 428 | 5261 44 41 46 51

ConvE | 244 325 237 356 501 | 4187 43 40 44 52

pRotatE | 178 328 230 365 524 | 2923 462 417 419 552

RotatE | 177 338 241 375 533 | 3340 476 428 492 571

Table 5: Results of several models evaluated on the FB15k-237 and WN18RR datasets. Results of
[¥] are taken from (Nguyen et al., 2017). Other results are taken from (Dettmers et al., 2017).

Sun et al. RotatE: Knowledge Graph Embedding By Relational Rotation In Complex Space. ICLR 2019
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KGE - Benchmarking / SOTA

Baselines strike back - npaBunbHbI Noa6op runepnapaMeTpoB AefaeT cTapble MOAEN CUNbHbIMU

Model Loss / Training Approach

1.0 1.0

0.8 0.8

Dataset: FB15k-237

Ali et al. Bringing Light Into the Dark: A Large-scale Evaluation of Knowledge Graph Embedding Models Under a Unified Framework. arxiv:2006.13365 60



KG Embeddings Library: PyKEEN

— PyTorch @
— 26 datasets + your own graphs
— 28 KG embedding models and counting ’S")Q
— 7/ losses o UYV-@
— 6 optimizers
— 16 metrics PyKEEN
— 5 reqularizers
— 2 training loops
— 3 negative Samplers https://github.com/pykeen/pykeen
— Tracking in MLFlow, WANDB, TensorBoard,
and more

HH
. Benchmarked!
Ali et al. Bringing Light Into the Dark: A Large-scale Evaluation of Knowledge Graph Embedding Models Under a Unified Framework. arxiv:2006.13365
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https://github.com/pykeen/pykeen

B cnepyrowien cepum

O 0Nk~

Introduction

[MpenctaBneHue 3HaHum B rpadax - RDF & RDFS & OWL

XpaHeHune 3HaHui B rpadax - SPARQL & Graph Databases
OaHopoaHoCTb 3HaHuM - RDF* & Wikidata & SHACL & ShEx
NHTerpaumsa gaHHbIX B rpadbl 3HaHUKM - Semantic Data Integration
BeeaeHune B Teoputo rpados - Graph Theory Intro

BekTopHble npeactaBneHus rpagos - Knowledge Graph Embeddings
MawuHHoe oby4yeHune Ha rpadax - Graph Neural Networks & KGs
HekoTopble npuMeHeHus - Question Answering & Query Embedding
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