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Background = Knowledge Graph (KG)
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* Allows potentially interacting entities with each other | ostewtetm ¢ 2
I Q Al & Images E News [ Videos  Maps i More Settings  Tools
L4 ° L4 I z:::ldT::mp o Ivana Trum
Prel I m I narl es I m. 2005 \ m. 1977-1992 ﬁ
. I mé?gghgfslgegsg ‘:i-‘ ,
* Graph representation: G = (£, R, F |
P P §=ERTF) I Recommendation:
* Entities £ | s arscmn T Uisanitem interaction
* real world objects or concepts I —{ B X ‘
* Relations R e :
* interactions between entities |
* Facts F |
* the basic unit in form of (h,7,t) I
* (head entity, relation, tail entity) 1
I ....................................................................................



Background — Knowledge Graph Embedding (KGE)

* Knowledge Graph Embedding (KGE)

* Encode entities and relations in KG into low-dimensional vectors space
* while capturing nodes’ and edges’ connection properties

embedding

original KG continuous space

* Most KGE models define a scoring function f to estimate the plausibility
of any fact (h,r,t) using their embeddings: f (h, 1, t)



Background = Knowledge Graph Embedding (KGE)

* Training
« S*:positive samples S7:negative samples
* Objectives: max f(S*) and min f(S7)

* Inference
* head/tail prediction (?,1,t)/(h,7,?7)
* the missing tail is inferred as the entity that results in the highest score:
t = argmax f (h,r,e)
* Evaluation metrics eco
* g:the rank of correct entity

{qeQ:q<K)
MR = MRR = —
IQI 2,1 19] Z Hek 0]




Machine learning on Knowledge Graph

For obtaining embeddings of entities and relations, and finishing KGE task (e.g, predict potential facts)
* the scoring function f is expected to discriminate positive/negative factual triples

* asampling scheme is needed to generate negative samples S™

* aloss function L and regularization r are required for defining learning problem

* a optimization strategy is needed for convergence procedure

Considering the above 5 factors,
we can formulate the KGE learning framework as:

loss function

..... |
lIiLGf(, W):, 5+,§5_ ) ‘HT(W):*—’ regularization
Wi ""'l"'" ) T

........

scoring function
negative sampling



Learning Framework of KGE

loss function

bt

) + i;” (W)E—> regularization

scoring function
negative sampling

5 KGE components:

| Component | Role [l mewes | owpus | Eample

Scoring function f() Plausibility estimation Factual triples Scores for each triple TranskE / CP
Loss function L( ) Learning problem definition Scores and labels Loss value BCE / CE
Negative sampling Budget tradeoff Positive samples $T Negative samples S~ Uniform
Regularization () Avoid overfitting Learnable parameters  Regularization value L2 /N3

Optimization Convergence control - - -



Learning Framework of KGE

repeat

mini-batch training J

until convergence

Learning objective:

loss function

————— ————

.......

| IS —_—— —————

scoring function
negative sampling
Training procedure of knowledge graph embedding

Input data: training triples S;q

* stepl:initialize learnable parameters w (embeddings / model weights)
* step2:sample negative triples §(h,r,t) (S7) for each positive triple (h,7,t) € Siq (ST)
* step3: f( ) forward inference to obtain Scores for triples in {(h,7,t)} U §(hlr,t)

* step4: compute loss and regularization term w.r.t. L( ) and ()

_ * step5: backward propagation, and update w

Output: w



Review of Current KGE Models

FB15K WN18 FB15k-237 WN18RR YAGO3-10 [ 1]
H@1 |n@1o| MR | MRR | H@1 |u@1o| MR |MRR H@1 |H@10| MR | MRR | H@1 |u@10| MR | MRR | H@1 |u@1o| MR |MRR I
. | DistMult |73.61| 8632 173| 0.784| 72.60| 94.61| 6750.824| 22.44| 49.01| 199 0.313 39.68| 50.22(5913| 0.433| 41.26| 66.12| 1107 0.501I I
;3 ComplEx | 81.56|90.53| 34| 0.848(94.53| 95.50|3623| 0.949| 25.72| 52.97| 202| 0.349| 42.55| 52.12(4907| 0.458| 50.48| 70.35| 1112 Qﬂﬁl I RESCAL TransE DistMult CompIEx ConvE [2]
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¢ TuckER | 72.89(88.88| 390.788| 94.64| 95.80| 510(0,951| 25,90 53.61| 162 0.352| 42.95( 51.40|6239| 0.459| 46.56| 68.09| 2417 0‘544| I % z..)OS..‘I i AdCE g'gg; Ad Cg :“; g Ad Cﬁ ;'?)Z Ad Cg ;';?ﬁ Ad CE 5'(1)3
& Optimizer am (-0. agrad (-3. agrad (-0. agrad (-0. agrad (-1.
Transe | 49.36| 84.73| 45| 0.628] 40.56| 94.87| 279] 0.646| 21.72] 49.65] 200 0.31| 2.79] 49.52|3936 0.206| 40.57| 67.30| 1187] 0.501) I = Initializer Normal (-0.8) XvNorm (-3.7) Unif. (-0.2) Unif. (-0.5) XvNorm (-0.4)
2 Regularizer None (-0.5) L2(-3.7) L3(-0.2) L3 (-0.3) L3(-04)
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§ Train type KvsAll (-71.0) NegSamp — KvsAll (-1.1) 1vsAll (-1.0) KvsAll (-1.2)
R convE | 59.46|84.94| 51|0.688|93.89| 95.68| 413|0.945|21.90|47.62| 281 0.305| 38.99| 50.75|4944| 0.427| 39.93 65.75| 2429 0.488' I § Loss CE (-2.0) CE (-5.1) CE (-2.4) CE (-3.5) CE (-1.4)
g comvkB | 11.44] 40.83] 324| 0211 52.80] 94.89| 202] 0.700| 13.98[ 41.46| 309 0.230| 5.63] 52.50|3429] 0.249] 32.16| 60.47| 1683] 0.420 I ?P:_'n]]"ler Al_,(lia"p ;'5?); Qd;grad :‘g‘;}; Ada&“‘_‘? :';gj Adagn‘lt(‘-l ;';-;j % Qdam ;';2
w0 nianzer ni. (-1. vINOrm (-2o. nmi. (-/1. nmi. (-/1. vINOorm (-1.
'-% convR  [70.57|88.55| 70|0.773| 94.56| 95.85| 471 0.950| 25.56| 52.63| 251| 0.346| 43.73| 52.68| 5646 0.467| 44.62| 67.33| 2582| 0.527 Regularizer L3(-1.2) L2 (-5.1) L3(-1.1) L2 (-1.0) L1(-1.2)
';' CapsE 1.93| 21.78| 610 0.087 | 84.55| 95.08( 233|0.890| 7.34|35.60| 405| 0.160| 33.69| 55.98| 720 0.415| 0.00| 0.00(60676 o.oool I Rccipmcal Yes (-IAO) Yes (-5.9} Yes (-l./) No (-1.0) Yes -
2 RSN | 72.34|87.01| 51[0.777|91.23| 95.10| 346|0.928|19.84| 44.44| 248| 0.280 34.59| 48.34| 4210 0.395] 42.65| 66.43| 1339 o‘sul I
| AnyBURL |81.09|87.86| 288|0.835|94463|95.96| 233|u.951|24.03|48.93|4ao|o.324|44.33| 55.97|zs3o|n.435|45.83|56.o7| 815|0.528| I
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No best models & No best configurations &



Motivation and Objective

Difficulties and Challenges

|.  The choice of KGE model and configuration

* usually in a time-consuming trial-and-error way

2. A fair comparison of model or strategy
* due to the heterogeneity in implementation, training, and evaluation

3. Lacking understanding of KGE components
* interaction, importance, and tunability are unclear

& ibalazevic | multirelational-poincare

<> Code Issues Pull requests Ac

Ultimate objective of KGbench:

* Design an AutoML approach,

* for any given dataset,

* with requirements and limited budget,

* to search for the optimal KGE model and configuration



Comparing with related works

g ——

! |

['l Link prediction analysis: |

additional evaluation .
Traini
[5] Re-evaluation: R
tie policy
\ J
Diagnosis for KGE Models Reproduction for

more insightful evaluation better training strategy

KGbench

* Design space(s) for KGE: model (configuration) / dataset / task
* Deep insights and theoretical analysis of KGE components

* Efficient automatic search for optimal model and configuration
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o o [ Learning Objective: \

Partl: Scoring Function f() . il |
| coinimion — TRECTCH 5° 57D +irw) -~ mpiin

Cate gO r)’ I‘ scoring function l |

negative sampling /

\———————————————————

* Triple-based (focus point)
* geometric models — need additional constraints

¢ tensor decomPOSition mOdeIS — eXPreSSive Model Ent. & Rel. embed. Scoring Function f..(h,t) [3]
* neural network models — more prone to overfitting e [I’li'l 2{]t. [f]‘gl,L;.T G[r]“; - Lf}]:’(:”‘]:(”m[’_]x,', S

SimplE [48] h.t e R . r.x' € BY  L(hort+tor't
2

e Path / (SU b) Graph_based TuckER [52] h.t € RY . r € BY w f;l hxor X3t

ITransF [36] h.t € BY  r e B4 D-h+r— aT -D - tH
f

* utilize observable topological features HolEx [#0]  h.t € R”, r € R jmop(hTic;) -t
CrossE [42] h.,t € BRY r e R o (rr (croh+c.chor+b) tT)
° _ QuatE [25] h,t € HY . r € H* h@ L -t
RUIG based SACN [44] h.t € R? . re R? g (vec (M (h,r)) W)t
ConvKB [43] h.t € R? . r € R concat (g ([h,r, t] * w))w

logical rule mining M, © Réwxdn ¢ & g
MI' e Rd“.xdh

h[” t[l) € H;«‘!

ConvE [55] o(vec(o((My:M,]*=w)) W)t

hEdrs ’ - L (07 I (L)
: r‘;‘ DihEdral [31]) RO ¢ € Dy Zr_lh R(D¢!

— d d -
=/ K6 + “AKE l l()] hrn rvm C -l' rl” C [P ” l:lnz © r;n nl “ 2
\ _E 7 relation hp r,. t, € [0 27)° A ““”1 h] +r, —t, / “1
O : o ! :
oo = MuRP [29]  h.t.r € BY, by, by € R (h‘" t”’) t be + bo
\Em \ N [MASK] n
e ﬂ+- AH [30]  hit.r € BY by, by € R —dS ( Q(h, ), e,”) + by + by
Comvolution FL s ) iy Ay iy e : ’ " Ty T

2 T LowFER [53] h,t € R, r € R (s diag (U ) vT ) t

(a) CNN. (b) GCN. (c) RSN. (d) Transformer.




Partl: Scoring Function f()

Questions to answer for developing a novel f

|) which representation space to choose

2) which encoding model to use for

modeling relational interactions (encoder)

3) how to measure the plausibility of
triplets in a specific space (decoder)

4) whether to utilize auxiliary information

(a) Point-wise space.

a € R
b e R?

u=a-+ bi

% M, € Rxdxk

Re(u)

(b) Complex vector space.

1

(c) Gaussian distribution.

(d) Manifold space.

KGbench: f(h,7,t) = 6(¢p(h,1),t)

decoupling and re-combination of existing f

* Real/complex vector space

* f is the combination of candidate ¢ and 6

* Not requiring additional information

model | é(h,r) | sharedr=! | 6(v,t) |

TransE [2] | v=h+r | = l=—r |—|lv—t|1|
v=hor=[h.r,, —hip 7, Rt} + Rimrl,] With| _ .

RotatE [13] oo Bim] = b, [ 7 ] = [rreirinl g e ] = 7 r~1 = conj(r)|—||v — t||a

res im)] = Iy |Trey Tign| = \/m res Tim| =

DistMult [17] | v=h-r | rl=r | (v,t) |

v = hre re himrima hre im T himrre with - :
ComplEx [14] | [h:le, him] = h and [":'ea Tim] =T | r = conj(r)|  (v,1)
BLM [20] | v=hR, | R, =R} | (v,t) |
ConvE [4] | v =o(vec(o([h, 7] * w))W) | X | (v,t) |

In progress



( Learnlng Objective:

Part2: Loss Function L( ) . v

........

C atego r)’ scoring function
\ negative sampling

* Point-wise min Y L(f(h,nt;w))
(h,r,t)ESTUS—

* Pair-wise min Z Z L(f(h,rt;w), f(h,r t;w))

(h,rt)EST (h,r,t)eS—

e Set-wise HBHL {f(ha Ty t; w)'(ha r, t) S S+ U 8_}

#positive samples #negative samples Representatives

Point-wise 1 (0) 0(1) BCE / MSE
Pair-wise 1 1 MR
Set-wise All (including peers) All CE / NLL / Adversarial



Part3: Negative Sampling §~ | ™" Qiece
: optimization <_riﬁﬁ'1:c fCw), ST[S™D +ir(w)— regularization
positive (h, r,t) - negative (h,r,t) or (h,7,t) S gLu 1
Methods ST T T - -
Uniform / Bernoulli sampling Efficient Importance weighting: .
GAN-based (with additional parameters to Iearn).- _— p(hl(t,r)) = Z;,e:pt()];(:;(,fz%)ﬂ D)

Cache(score)-based (NSCaching ICDE 2019)
Bias/variance-based (SRNS NeurlPS 2020)

negative triples with large scores are rare. [4]

Self-contrast approximation:
(Eg(w) - Eg(v))"

pn(ulv) < pg(ulv)® =

[7]

Swev (Eo(w') - Eg(v))”

1

around 58.5% negative triples [5]

Both false and hard negative instances have large scores,
false negative instances have lower prediction variance [6]

0 2000 4000 6000 8000 10000

Knowledge Graph Entities

g 1.0

Sos )

e obtain the exact same score

s | 0.8 . .

2 07| . | as the valid one (in NN model)
2 s

208 » 0.6

£05/ 8

= 2

3 = 0.4

20,3 J
£ 02|

g 0.2

L
£

3

flh.rt)

f(h,rt)

Sfuthtalal T P

-

-+ false neg.
— uniform neg
= _hard neg. D=
hard neg.,D=:
—hard neg.,D=

—

75 100

1

(PposU|U, 1))pso
Label Error Ratio

.D=
2
4
8

50
Epoch

0 25

‘b) Comparing P, of neg.

Epoch
(¢) Comparing LER.

0.06 1 SQ 0.204 -- false neg.
= = uniform neg.,D=1
5 015 - hard neg.,D=2
.04 = hard neg.,D=4
— uniform neg.,D=1 2 0.10 — hard neg.,D=8
— hard neg.,D=2 .
02 My — hard neg.D=4 W o5 0-051
i T hard neg.,D=8 b Y === e e e
{ "= 0001, - -
0 50 100 150 200 0 50 100
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Part4: Regularization r( )

 r():to avoid overfitting in KGE

* trade off between expressiveness and complexity

* No general & promising regularization schemes

* squared frobenius norm (L2 norm)

* tensor nuclear 3-norm (N3 norm)

Method |

Scoring function f,.(h.t)

Constraints/Regularization

TransE [14] |

—|h+r -t

Ihll2 = 1, ¢l = 1

TransH [15]

[[(h w,Thw,-)%r (t w:tw.~)||§

[[hl2 < 1, [[t]]2 <1
[w, rl/lIrll2 < e [[well2 =1

TransR [16]

M, h+r— M,t|3

[hilz < 1, [[t]l2 < 1,[r|[2 <1
M, b2 < 1, [M,t]s < 1

TransD [50]

—[[(w,w, +T)h4r— (w,w, +1)t|3

B2 < 1, [[t]]2 < 1,[r][z <1
”(WIW/L + I)h”'.? <1
[[(w,w, +I)t]2 <1

TranSparse [51]

—|IM,. (6 )h + r — M,.(0,)t]3,
~[IML(67)h + v — MZ(02)t]7,

(v

[

B2 < 1, [[t]]2 < 1,[rl[2 <1
M, (6,)h[l2 < 1, [[M,.(6,)t]]2 < 1
M6}z < 1, |MZ(67)t], < 1

TransM [52] |

—0.|lh+r—t|,,

)
2

[hll2 =1, ¢z = 1

ManifoldE [53] |

—(|Ih +r — t[|5 — 67)?

[[hl2 < 1, [[t]l2 < 1,||r|[2 <1

TransF [54] |

(h4+r)"t4+(t—r)"h

bz < 1, [[tl]z < 1,]Irl]z <1

TransA [55]

—(lh+r—t)) "M, (|lh+r—t)|)

2 < 1.tz < 1, [Ir]:
M, ||¢ < 1,[M,];; = [M,];; >0

’——————————————————~

\

[ Learning Objective: I
| loss function I
I [ T """""" I o I
| optimization <_|m“1’ ; T(w);—> regularlzatlonl

. scoring function ‘ |
\ negative sampling /

\———————————————————

2 2 %] 2
oo = IHIE +ITIE+ Y[R
Jj=1

D
_ 3 3 3
« designed for CP-like tensor decomposition models N3 = z (lhalls+liralls + l1t.qll3)

d=1
[8]
WN18RR FB15k-237 YAGO3-10 [9]

MRR H@1 H@10 MRR H@1 H@10 MRR H@1 H@10
RotatE 476 428 571 338 241 533 495 402 670
MuRP 481 440 566 335 243 518 - - :
HAKE 497 452 582 346 250 542 546 462 694
TuckER 470 443 526 358 266 544 - - -
CP 438 414 485 333 247 508 567494 698
[RESCAL 455 419 493 353 264 528 566 .490 .701 |
ComplEx 460 428 522 346 256 525 513 500 703
CP-DURA 478 441 550 367 2]y . 555 570 506 700

RESCAL-DURA 498 455 577 368 276 550 579 505 712
[RESCAL-FRO 397 363 452 323 235 .501 474 392 628 |

Even worse performance when equipped with FRO regularizer

18



Part4: Regularization r( )
Duality-induced regularizer (DURA[], NeurlPS 2020)

* for an existing tensor factorization based model (primal),
* there is often another distance based model (dual) closely associated with it.

Tensor factorization based (TFB): fTFB (hi, 15, tk) = Re(’_liRjtk) = Re((’lil_?j; tk>)

Distance based (DB): fpp (hi; T, tk) = _”hil—?f - tk“;

Notice that fDB(hi»rj: tk) = ZRe(hiI_?jtk) — ”hi ” — |l t,lI5

- = S 2
Such that mafoB = min _fDB = mln(—ZfTFB + |th]||2 + ” tk”%)

— 12
Derive the Basic DURA: TR pyurR4a = 2 (”hiR]'“z_l_”tk”%)
(hi,‘l"j,tk)ES



Part4: Regularization r( )
* Explanation of basic DURA * Basic DURA — DURA

* (felid, include, tigers) * act on tails — heads and tails

* (felid, include, lions) o _ oo
1 — R. h;, 1, t,.) = Re(t,R; h;
— representation of tigers and lions should be similar frep(hu 1y, ti) = Re(RiR; ) fres (his 15 ) (8Rj hi)
2

fos(humte) = —||hR — ]|, fos(hutti) = —[[6R] = Rl
r= YRR r= . G IRd
(hiTj,tK)ES (hirjtk)ES

e (tigers,is,mammals) L o o o o e e e e e e e
* to predict (lions, is, mammals)? Basic DURA:

— 2
o e "B DURA = z (| h:R; ||, +llEr N13)
/"/tk (hi,‘l‘j,tk) €S
/ DURA: ) )
wora= ) (B[ +IENZ + BT + 1ha13)

(b) Without regularization. (c) With DURA. (hyTj,tr)ES

20



Part4: Regularization r( )

* Practical usage (in a weighted form)

min

2.

(eirj.er)ES

AL l12 + [1te]3) + A2 (1R |12 + |1t

[0i;n(H, Ry, ...

R [2))],

* Smaller dataset scale, larger improvement

WNI18RR

FB15k-237

YAGO3-10

k b

A

Aok b

A

AMoA k b

A AL A2

CP 2000 100
ComplEx 2000 100
RESCAL 512 1024

le-1
le-1
le-1

0.5 1.5 2000 100
0.5 1.5 2000 100
1.0 1.0 512 512

Se-2
Se-2
le-1

0.5 1.5 1000 1000
0.5 1.5 1000 1000
20 1.5 512 1024

Se-3
Se-2
Se-2

0.5 1.5
05 1.5
1.0 1.0

+ KG — TKG (ICLR 2020)!20)

Qg(U, Vt, V,T; (i,j, ka l)) =

W] = W~

(llusll3 + lluxll3 + ok © t]13)

(2lluall3 + 2llull3 + [1vj © tall3 + llvsls)

0.38
0.36

T-SNE visualization:
the same query ¢ (h, 1) are assigned
more similar representation

% ® =
s _
K.
(a) CP (b) CP-DURA

Sparsity analysis:
DURA can reduce the storage usage

T 0.38
1 o 0.34 >
o
-e-CP+DURA =032!
-+ CP+N3 --RESCAL+DURA
0.28 : ‘ ‘ '
0.2 0.4 0.6 0.8 0 0.2 0.4 0.6 0.8
sparsity sparsity
(a) CP (b) RESCAL
I D
. Zi:l Zd:l ]]'{|x|<)\}(Eid)
I xD 21



Complementary Cumulative Distribution Function

Part5: Optimization

Monitoring and control of convergence procedure

* interact with other 4 KGE components

with plenty of hyper-parameters to tune

* e.g.,optimizer / initializer / learning rate / batch size

——epoch 10
——epoch 20
epoch 50
——epoch 100 |
———epoch 1000

-8 -6 -4 -2 0
f(hyrt)— f(h,rt)

(a) Different epochs.

, ©

c

o

g

$09r [ 4] ]
c

0.8

5

o7

@

006"

[

=

= 05

=]

E04-

3

>03+- ]
S ——sample 1
502 ——sample 2
£ sample 3
2 0.1 ——sample 4
[=% —

£ sample 5
S

(@]

7 6 5 4 3 2 4
f(hyrit) — f(h,rt))

©

(b) Different triplets.

0
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Review the Learning Objective

Summary
Scoring function f()

* simple bi-linear models reach SOTA performance

* complex models are not often promising but more likely to overfitting
* trend: pure KGE model — GNN-based / Path-based model

loss function

s i DT S - SN o
optimization <—:m“1,nﬁ C_f: _(_';_Y_V_); S * ’ S ) + :T(W)IH regularization
: 1

scoring function l
negative sampling

Negative sampling S™
» tradeoff between efficiency and effectiveness

Five core components . .
* false negative and hard samples play essential roles

Scoring function f ()
Negative sampling S™
Loss function L()
Regularization 7 ()

Loss function L( )
* likelihood losses are empirically better than ranking losses
* lacking theoretical analysis and deep insights

Regularization ()
e can be derived from associating scoring functions
« queries (¢p(h, 1) / ¢(t, 1)) and targets (t/h) can be closer

* Optimization

What can be conducted with AutoML? & L
Optimization

* closely interact with other components
* with plenty of hyper-parameters to tune
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Outline

* Background
* Motivation
* Understanding of KGE components

* Searching experiments
* Configuration Space of KGE
* Searching on original KG
* Searching on sampled KG

* Key takeaway
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Configuration Space of KGE
I e

Training procedure

Input data: training triples S;,,

 stepl:initialize learnable parameters w
(embeddings / model weights)

stepl: 3 HP
step2: 3 HP
step3: 1 HP
step4: 6 HP
step5: 2 HP

* step2:sample negative triples f(h,r't) (§7) for

each positive triple (h,7,t) € S;.q (§T)

» step3: f( ) forward inference to obtain Scores

for triples in {(h,7,t)} U g(h,r,t)

* step4: compute loss and regularization term w.r.t.

L()andr()

* step5: backward propagation, and update w &

optimizer

Output: w

L2 norm regularization
L3 norm regularization

Gamma

Embedding dimension
#negative samples
Self-adversarial rate
Training mode
Filtering false negative samples
Initialization mode
Loss function

Learning rate

Batch size

0, 108,10 104
0, 108,10, 104

10, 50,200
100, 200, 500, 1000, 2000

1,8,32,128,512,2048
0.5,1.0,2.0
negSamp, Ivs All, k vs All
True, False
Uniform, xavier_norm
MR, BCE, BCE_adv, CE

102, 10-3, 10~
128, 512,2048
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Experiments: searching on original KG o, 4. new tricks [icLr 202072

* Experiment settings
Dataset:WNI8RR

e Observations

* Model: ComplEx

Searching by {loss function + training method}

CE + I/ CE + k are generally better

Initializer Normal (-0.8) XvNorm (-3.7)

RESCAL TransE DistMult ComplEx ConvE

Valid. MRR 36.1 31.5 35.0 35.3 34.3

Emb. size 128 (-0.5) 512(-3.7) 256 (-0.2) 256 (-0.3) 256 (-0.4)
5 Batch size 512 (-0.5) 128 (-7.1) 1024 (-0.2) 1024 (-0.3) 1024 (-0.4)
& Train type  1vsAll (-0.8) NegSamp —  NegSamp (-0.2) NegSamp (-0.3)  1vsAll (-0.4)
ﬁ Loss CE (-0.9) CE (-7.1) CE (-3.1) CE (-3.8) CE (-0.4)
5 Optimizer  Adam (-0.5) Adagrad (-3.7) Adagrad (-0.2) Adagrad (-0.5) Adagrad (-1.5)
=

Unif. (-0.2) Unif. (-0.5) XvNorm (-0.4)

Regularizer None (-0.5) L2 (-3.7) L3(-0.2) L3 (-0.3) L3(-04)

Reciprocal No (-0.5) Yes (-9.5) Yes (-0.3) Yes (-0.3) Yes -

Valid. MRR 46.8 22.6 45.4 47.6 44.3

Emb. size 128 (-1.0) 512 (-5.1) 512 (-1.1) 128 (-1.0) 5]2(-1.2)
atch size 198 (-] ()) |98 (.5 ]) 1024 1. 1) S12/(.]0) 1()2

Trdm type KvsAll (-1.0) NeOSamp
CE (-2. )

KvsAll (-1.1) 1vsAll (-1.0)

K\sAIl( 1.2)
CE (-3.5) /

pumwer - 2 (- ) (-1.5) agrad (-1.5) 4)
H H H Initializer Unif. (- l()) XvNorm (-5.1) Umt (-1.3) Unif. (-1.5) XvNorm (- 14)
* BCE_adv performs best with negative sampling Romimer 13(12) | L2080  L3(Lh  Lacio  Li(iz)
MRR Reciprocal Yes (-1.0) Yes (-5.9) Yes (-1.1) No (-1.0) Yes —
0.46 - - -
0.44 ——
ik 0
0.40 | T training methods
o . . .
e é T . n: negative sampling
. e [:1 vsall
= AE .
S = i T . e kikvsall
0.34 A
0.32 + l
0~30 T T Ll T T T T T T T T
MR+n BCE_sum+n BCE_sum+1 BCE_sum+k BCE_mean+n BCE_mean+1 BCE_mean+k | BCE_adv+n CE+n CE+1 CE+k

loss function + training method
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Experiments: searching on original KG

* Visualization of training process
* No obvious patterns found

Configurations with poor performances: dataset original KGbench Promotion
—— pos_loss 1.0 | —— pos_loss MRR MRR
0.4 —— neg_loss — neg_loss
—+= pos_score === pos_score
—-= neg_score 0.8 4 —-= neg_score
e B - e ComplEx WN18RR 0.440 0.474 +0.034
—-= testmrr — 0.6 - —-- testmrr

041 ComplEx FB15K237 0.247 0.339 +0.092

//./\
024 ‘|~ A

{ R

0 10000 20000 30000 40000 50000 0 10000 20000 30000 40000 50000
Iterations Iterations

Configurations with good performances

0.1

0.0

0.0 1

DistMult WN18RR 0.430 0.444 +0.014

DistMult FB15K237 0.241 0.337 +0.096

1.0 4 —— pos_loss 1.0 1

—— pos_loss
—— neg_loss — neg_loss
—-= pos_score —-
0.8 1 —-= neg_score 0.81 —- z;__zcc?::ee
—-=- total_loss —_—
— e - e RESCAL WN18RR 0.420 0.462 +0.042
—-= test mmr —-= test mrr
3 B
D0a] <7 2 04
g E H

. j\ ______ .. =y v RESCAL FB15K237 0.270 0.338 +0.068

0.0 . \

_________________________________________________________

0 10000 20000 30000 40000 50000 0 10000 20000 30000 40000 50000 27
Iterations Iterations



Pipeline for KG sampling analysis

Searching on original KG is too time-consuming
* How can boost the searching speed?
*  What about searching on sampled KGs?

Difference: Difference:
Static Graph Features Dynamic Learning Features
("
- Random ‘ I I~ Problem:
params| Generator | Srana | Over-fittin
| | 8
| |
| |
I |
params2 ‘ I?;\l/nﬂfm ‘I Gsamp I‘ Performance
Gori afier : : distribution
| I
| I
| Gori | NN
\ J
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Experiments: searching via KG sampling

Data statistics
0.1 0.3

0.0 Full

° Sma”er Subgraph — denser 2.22E-04 2.22E-05 7.40E-06
max sparsit 4.78E-04 4.08E-05 | .60E-05 5.00E-06
* obtain multi-scale KGs via sampling
dataset FBI5k-237 FBI5k-237 FBI5k-237 FBI5k-237
" #triple sample ratio 0.0l 0.1 0.3 Full
sparsity = : : - 2.90E-05 2.90E-06 9.67E-07
#entity * #entity * #relation : ‘ ‘
(#entity entity elation) 3.81E-04 5.1 1E-05 2.24E-05 6.20E-06

sample ratio 0.2 0.5 0.8 Full
Hentit 2908 7270 11632 14541
236 237 237 237
57.9k 182.4k 283.0k 310.1k
5.81e-05 2.91e-05 1.77e-05 |.24e-05
28.9-51.5-194-0.0-0.0-00-003 3I.1-528-159-0.03-0.0-0.0-0.01 31.9-52.7-152-0.02-0.0-0.0-0.00 0.5] -73.2-26.0 - 0.09 - 0.00 - 0.0 - 0.05

mean validate depth 1.90 1.84 1.83 2.26

test depth distribution (1-7 273-51.3-212-00-0.0-0.03-0.03 3.1 -525-16.1-0.03-0.0-0.0-0.02 32.0-525-153-0.02-0.0-0.0-0.00 0.44-73.4-258-0.17-0.00-0.0-0.13

1.94 1.85 1.83 226
19.9 25.0 243 213

inDegree distribution (0/1/2/3/3+ 574 -5.15-557-5.43 -78.0 4.64-3.45-3.64-441 -838 4.61 -4.10-4.01 -4.74 - 82.5 7.13-559-522-579-762

19.9 25.0 243 21.3

outDegree distribution (0/1/2/3/3+ 3.85-2.37-192-233-89.5 3.86-2.11-140-1.63-909 277 -232-1.97-207-90.8 447 -459-323-3.12-845
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Outline

* Background
* Motivation
* Understanding of KGE components

* Searching experiments
* Searching on original KG
* Searching on sampled KG

* Correlation across sampling ratios (scales)
* Correlation across computing budgets

e Efficiency analysis

* Broader correlation

* Key takeaway
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Experiments: searching via KG sampling

* Correlation across sampling ratios (scales)
* 0.0l — sample ratio = 0.0l (of keeping nodes) -7 7"~~~ ~" """ "~---- ~

,' Observation:
[ETTREEPTRENIEY | - Acepubie oreion b
NELL-995 NELL-995001 06738  0.6680 ,  original KG and sampled KG
1 * Well-performed configurations
2 FBI15k-237 FBI5k-237 0.01 0.7674 0.6624
\ can be selected _
x: NELL-995 (20w iterations) x: FB15k-237
y: NELL-995 0.01 (Iw iterations) y: FB15k-237 0.01

08 08
0.7 1 07 4

06 06

05 4 05
e ~

04 Q \ 04 1
o ®e

03{ ®o° 03
o0 0°
02 1 02
°
01 - ® o 01

oo—' e ¢ % v ' Y . v 00
0.0 01 02 03 04 05 06 07 08 0.0

AJ T T L
04 05 06 0.7 08
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1w

max iteration

Experiments: searching via KG sampling

* Correlation across computing budgets
* Dataset: WNI8RR 0.01
* Searching by max #iterations: 8w / Iw / 5k / 2k

o [ xicraion | craion [ Spearman | Percn, [T
| . . .
|

0.6863 0.6140

2 8w 5k 0.7076 06467 S==m === mmmmmmm——— -
3 8w 2k 0.5846 0.5714
x: MRR of 8w iters x: MRR of 8w iters x: MRR of 8w iters
y: MRR of |w iters y: MRR of 5k iters y: MRR of 2k iters
P 06 4 W . 0.6 -
e oo iy
05 1 AL 3 ° 05 - K s oo 05
® @ o o0 »
04 . O “.: ¢ .?‘: 04 . © 20 ‘:.: fadh Y A 04 . R ' 3o o A
,0 e® ® c ® ™ - g o
03 .‘ o §0_3- ° o 0’.; ® 03 “o‘
o ) o E °, & . ° o0
02 .o ° .0 ‘. EOZ o 0. ° % EO.Z- o e
° o o °
o1y *®e o 01 . o © ‘ 01 s e °
®
00 - T ":'.'o“ ° 0.0 : '8 o o 0.0 ""0 e ' ' i ° '
02 03 04 05 020 025 030 035 040 045 050 055 0.0 01 02 03 0.4 05
max iteration = 8w max iteration = 8w max iteration = 1w
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Experiments: searching via KG sampling

* Efficiency Analysis

e Full KG: iter I = #C X iter + T T T - ~
Sambled KG 1 Ju ) o | [ Observation: !
ampie  iteTsample = #C X it€Tinaxy + K X it€Tmax1 |+ ¢ 10X acceleration for the |

: iter I i T
» Two-stage speed-up ratio: R = —L- , _ Whole two-stage pipeline |

itersample

* First stage: comparison of convergence speed
To fully cover top-k configurations of original KG

Original KG | Sampled KG FBI5k-237 | FB15k-237 0.0

NELL-995 85.8k 16.6 X Top5 Top20

v.s.sample 0.01 Topl0 Top70

FB15k-237 85.8k 7.4k 1.5 X Top20 Top70
v.s. sample 0.01

Top30 Top 100

FBI5k-237 76.5k 7.1k 10.7 X Top50 Top 100

v.s. sample 0.05
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Experiments: searching via KG sampling

 Correlation across models
* with the same configuration

m X axis Y axis Spearman Pearson

ComplEx RotatE 0.2096 0.5842
2 ComplEx DistMult 0.7097 0.6818
3 RotatE DistMult 0.3153 0.5343

* Correlation across datasets
* for certain model with the same configuration

m X axis Y axis Spearman Pearson

WNI8RR 0.0l  NELL-995 0.01 0.7597 0.7716
2 WNI8RR 0.0l FBI5k-237 0.01 0.7106 0.7726
3 NELL-995 0.0l FBI5k-237 0.01 0.8022 0.9297

I Observation:

* Stronger correlation
between models of the
same type

 Good correlation across
sampled KGs

—-—em e e s P
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Experiments: searching via KG sampling

loss function #negative samples
Hyper- t X lower
“ * MR,BCE_mean, BCE_sum,CE,BCE_adv * 1,8,32,128,512,2048 :
- = - rankings
- L2 norm regularization T e - - = - = N\NT T T T T
- L3 norm regularization 6 ~
Embedding dimension ’ :
e z z  higher
- #negative samples | L 1 1 1 &£ & 4L 0 4 1 rankings
- Self-adversarial rate Learning rate Batchsize Gamma
n Training mode N 104 ) | 0'3, | 0'2, ° I 28, 51 2, 2048 : I O, 50’ 200
Filtering false negative :: R T Ty (1 W T T :: T
samples . . 250
n Initialization mode o e 228
n Loss function - :j: -
m Learning rate - ( w :5 ( w 125 ( w
n Batch size . N e e e Q,_/ —— Q_/ = = = 7
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Experiments

Summary TODO experiments

« directly search on full data is quite slow * Importance/sensitivity estimation

|
|
|
|
* good correlation across scale/model/dataset 1 ° General model search
|
|
|
|
|

* two-step searching might be more practical * Transfer to original KG

* sample subgraph and proceed searching
 transfer to full data and finetune

* Transfer to other datasets

* Transfer to other KGE tasks
Potential two-step configuration searching for knowledge graph embedding

Inputs: KG G, KGE model M

* stepl:sample configurations © and train on Gsgmp, Mg < {M(0), VO € 0}

* step2: get top-kl configurations 0,1 w.r.t. Mg

* step3: compute dataset similarity by comparing Mg and Mg, and recommend configurations 0.

* step4:finetune @' « @4 U O, on G, get optimal 8" « argmax M g

Output: 0°



Outline

* Background

* Motivation

* Understanding of KGE components
* Searching experiments

* Key takeaway
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Key takeaways

Recall the difficulties
The choice of KGE model and o

KGbench

configuration

© Automated configuration search

A fair comparison of model @
and strategy

© Benchmarking for fair comparison

Lacking understanding of KGE @
components

@ Study the principle and interaction of

KGE components

TODO List

* Experiment-driven — comprehensive experiments
* Deep insights + theoretical analysis
* Summary and refine key novelty

38




Reference

[1] Rossi,Andrea, et al. "Knowledge graph embedding for link prediction: A comparative analysis." ACM Transactions on Knowledge Discovery from
Data (TKDD) 15.2 (2021): 1-49.

[2] Ruffinelli, Daniel, Samuel Broscheit, and Rainer Gemulla. "You can teach an old dog new tricks! on training knowledge graph
embeddings." International Conference on Learning Representations. 2019.

[3] Ji, Shaoxiong, et al. "A survey on knowledge graphs: Representation, acquisition, and applications." IEEE Transactions on Neural Networks and
Learning Systems (2021).

[4] Zhang,Yonggqi, et al. "NSCaching: simple and efficient negative sampling for knowledge graph embedding." 2019 IEEE 35th International
Conference on Data Engineering (ICDE). IEEE, 2019.

[5] Sun, Zhiqing, et al. "A Re-evaluation of Knowledge Graph Completion Methods." Proceedings of the 58th Annual Meeting of the Association for
Computational Linguistics. 2020.

[6] Ding, Jingtao, et al. "Simplify and Robustify Negative Sampling for Implicit Collaborative Filtering." arXiv preprint arXiv:2009.03376 (2020).

[7] Yang, Zhen, et al. "Understanding negative sampling in graph representation learning." Proceedings of the 26th ACM SIGKDD International
Conference on Knowledge Discovery & Data Mining. 2020.

[8] Wang, Quan, et al. "Knowledge §raph embedding: A survey of approaches and applications." IEEE Transactions on Knowledge and Data
Engineering 29.12 (2017): 2724-2743.

[9] Zhang, Zhangiu, Jianyu Cai, and Jie Wang. "Duality-Induced Regularizer for Tensor Factorization Based Knowledge Graph
Completion." Advances in Neural Information Processing Systems 33 (2020).

[10] Lacroix, Timothée, Guillaume Obozinski, and Nicolas Usunier. "Tensor decompositions for temporal knowledge base completion." arXiv
preprint arXiv:2004.04926 (2020).

[1 17 Ali, Mehdi, et al. "Bringing light into the dark:A large-scale evaluation of knowledge graph embedding models under a unified
framework." arXiv preprint arXiv:2006.13365 (2020).

39



Q&A

Thanks for your attention!



model | training approach | loss |scope| regularizer |
TransE [2] | uniform negative sampling | MR | pair | L2 |
TransH [16] |bernoulli negative sampling| MR | pair | L2 |
ComplEx [14] | uniform negative sampling| BCE | point | L2 |
SimplE [6] | uniform negative sampling | BCE | point | L2 |
RotatE [13] | uniform negative sampling |self-adv BCE| set | - |
QuatE [18] | uniform negative sampling| BCE | point | L2 |
DistMult [17] | uniform negative sampling | MR | pair | L2 |
HolE [10] | uniform negative sampling| BCE | point | L2 |
RESCAL [11]| i | MSE |point| L2 |
TuckER [1] | 1 vs all | BCE | point | - |
CP[7] | 1 vsall | CE | set | L3 |
ConvE [4] | k vs all | BCE |point|L2 + dropout|
ConvKB [9] |bernoulli negative sampling| =~ BCE | point | L2 |

41



