Chongging ATAI
University of Advanced Technique of

Artificial Intelligence

Technology

Knowledge Graph Reasoning with Relational Digraph

Yongqi Zhang Quanming Yao
4Paradigm Inc. EE, Tsinghua University
Beijing, China Beijing, China

zhangyongqi@4paradigm.com qyaoaa@tsinghua.edu.cn

2022.11.28 « ChongQing — WWw22

Reported by Qiang Cheng

gesIs ¢

Leibniz-Institut
fiir Sozialwissenschaften @

¢/
093 Y1 ga%



Chongging ATAI

Advanced Technique

University of of Artificial

Introduc

'R Y

.:.'

Relational path

Triplets (s, r,0)
consecutively | connected
Relational path | v
r rz rL
51 > S2 PP SL T SLan—
«“ | long-term information

short-term information
inside triplets.

composition of relations. across multiple triplets.

long-term information

_'_, Daughter Friend '} Parent ¥
Pearent 5
Mugphy Amelin
| Y ]
n Friend -
the triples are independently learned, PathCon samples all the paths connecting the two entities to

reasoning task (eq,rq, ea).
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Learned attention weights are not interpretable,
the computation cost is very high
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Figure 1: Graphical illustration. In (c), the subgraph formed by the gray ellipses is Ggapm, spider-23 and the subgraph formed by
the yellow rectangles is Gg,y, 1753- Dashed edges mean the reverse relations of corresponding color (best viewed in color).
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Algorithm 1 RED-Simp: Message passing on single r-digraph

vjq-ﬂ‘nfa oeeneneee Spider-23
1: initialize hgq(eq, rq)=0 and the entity sets ’V,?q ={eq}, "V,?a ={e.};
quxﬂia e O R B T
Lt 3:  get the £-hop out-edges qu ={(es, 7, e0) € Fles € "Vé;_l}

and entities ’qu ={eglleq, 1, 85) € 8£q} of eg;
4 get the ¢-hop in-edges 8£a ={(es, 7, €0) €Fles € "Vfa_l}

‘ and entities "Vg; ={es|(es, 7, &) € Sga} of ey;
US.

5: end for
6: for{=0,1,...,Ldo
: : ' ol ~oL-f i { L-¢
7:  intersection 8“’9‘* oSl Seq N&,, " and ’Veq‘ el ’Veq e
8: end for
(2) Knowledge graph. 9: if "Vg:} e | = 0 return hf;a(eq, rg)=0;
10: ord =1.2 ..., Lde
b) G Sam,Spider-2[3- 11:  message passing for entities e, € (V: ealL’
gsta
£ — ' {- ).
hea(e‘I’ ?‘q) = 5(W ‘E(es,r,eo)eﬁﬁ eall ¢(hes 1(ef}" Tq), hr))’
q-*a
12: end for

13: return h’:;a(eq, rq)-
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om— Algorithm 2 RED-GNN: recursive r-digraph encoding.

1: initialize hgq(eq, rq) = 0 and the entity set "ng ={eg);
2 forf=1...Ldo )
o o 3:  collect the £-hop edges qu ={(es, 1, €0) € Fles € rVéfq—l }

and entities V< = {eol(es, 1, €0) € &L, };

&

i
&
i
; &
acted] in §'

4:  message passing for entities e, € ’qu:

hgﬂ(ﬁ'q, rq‘) = 5(W f : 2(351 . Eﬂ]eggq Q{’(hgj(iﬁ‘q, rq)-; hf)):
5: end for
6: assign hé‘a(eq, rq) = 0forall e, ¢ “Vi‘};

veﬂq SOR— 5 W-Boys?

. L

Eyq =

7: return h; (eg, rg) foralle, € V.

£§q--
Vi, ———= identity

. ——= directed

5._34" ——— acted_in

- influences

Vg et — located_in

(c) Recursive encoding.



Advanced Technique

&> Chongqing ATAI
University of of Artificial

: £ £ Fo3 2
message passing hec.—fi(W 'Z(Es,r,%)eg_-cﬁ(hes vhr))’ (1)

— -~ ‘.{
gﬂq,fo |6 = U(Es,r, e,,)eaﬁq geq, es|6-1® {(Esa ¥iep) € (Seq } . (2)

attention mechanism k¢ (eq.rg) =4 (Wf-z T W ggfi,r,ea| rq(hﬁ;"l(eq,rq)ﬂ-hf )), (3)
al eolry =C ((wﬁ)TReLU (Wj (hE (eq, rq)ﬂahfﬂahfq))) , (@)
; - N T
scoring function f(eq.rg.ea) = w' hg (eq.rq), (5)
multi-class Z (—f(e o )+lug(Z ef(eq,rq,e)))_ (6)
(eg:Tq:€a)€ETira YR VeeV

log-loss
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Algorithm 3 Visualization.
(2793, brother, 2792) Require: entities V, triples ¥, query triple (eg, g, eq), depth L,
i e 2785 —identity 2785 fathe, parameters ©, threshold 0.
1793 ﬁ;, i 179 1: Run Algorithm 2 to obtain the attention weights cx:; i E=1sak
identity o . i
T ] 5 on the edges in each layer.
] agm . L i
2: imh;hze ’Veq‘eaw(ﬂ)g feqx}
: forf{=LIL-1...1do
S 4 collect the edges &f () = {{es. T, eo)le €
310 = Y gy, G 118 TRl .
£ at >0}.
eq.€a|ll’ “es.r.eorq
] ‘e =1 wire £
5. collect the entities ’Veq‘eﬂlL(B) = {es|(es, r, e5) € Beq‘ea |L(9)}.
(568, brother, 1163) % e
ide i _ ol 2 L
368 = My —— 34 e 1163 7: return. G, e, |L(0) = SEq.EEIL(9)® BEq.EaIL(H) o ®8€q.9a|L(9}‘

Figure 5: Visualization of the learned structure on Family.
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(1482, son, 1430)

1482

Figure 3(a) shows one triple that DRUM fails. As
shown, inferring id-1482 as the son of id-1480
requires the knowledge that id-1480 is the only
brother of the uncle id-1432 .

(Therapeutic_or_Preventive_Procedure, Prevents, Disease_or_Syndrome)

Mca;i:ms @D,

; %
Therapeutic_or %% .:925?3:*’?_::: Disease_or

.
oh_.-- 7 _Syndrome

_gevegnve
_Procedure oy 2 (e e
e COmplicates F;Eﬁ‘-‘

(Therapeutic_or_Preventive_Procedure, Complicates, Disease_or_Syndrome)

Therapeutic_or
_Preventive @
_Procedure

identity | Disease_or

_Syndrome

aomplicates Py Precedes

(by UMLS.

Figure 3: Visualization of the learned structures. Dashed
lines mean inverse relations. The query triples are indicated
by the red rectangles. Due to space limitation, entities in
UMILS dataset are shown as black circles (best viewed in
color).
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Experiments

Table 1: Inductive reasoning. Best performance is indicated by the bold face numbers.

WN18RR FB15k-237 NELL-995
Vi V2 V3 V4 Vi V2 V3 V4 Vi V2 V3 V4
RuleN 668 645 368 624 | 363 433 439 429 | 615 385 381 333
Neural LP | .649 .635 .361 .628 | .325 .389 .400 .396 | .610 .361 .367 .261
MRR DRUM 666 .646 380 .627 | 333 395 402 410 | .628 365 375 273
GrallL B27 6% 323 553 | 279 21 Al 227 | A8l 28T 324 252

RED-GNN | .701 .690 .427 .651 | .369 .469 .445 442 | 637 .419 .436 .363

RuleN | 635 611 347 592 | 309 347 345 338 | 545 304 303 2438

Neural LP | 59.2 575 304 583 | 243 286 309 289|500 249 267 137

Hit@1(%)  DRUM | 613 595 330 586 | 247 284 308 309|500 271 262 163
GralL 554 542 278 443 | 205 202 165 143 | 425 199 224 153

RED-GNN | 65.3 63.3 368 60.6 | 30.2 38.1 351 34.0| 525 319 345 259

RuleN | 73.0 694 407 681 | 446 599 600 605 | 760 514 53.1 484

Neural LP | 77.2 749 476 706 | 468 586 57.1 593 | 87.1 564 57.6 539

Hit@10(%) DRUM | 777 747 477 702 | 474 595 57.1 593 | 873 540 577 53.1
GralL 760 776 409 687 | 429 424 424 389 | 565 496 518 506

RED-GNN | 79.9 78.0 524 72.1|483 629 603 62.1]| 8.6 60.1 594 556
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Table 2: Transductive reasoning. Best performance is indicated by the bold face numbers. ‘-’ means unavailable results and
results for methods with “’ are copied from the original papers.

N Family UMLS WN18RR FB15k-237 NELL-995
typ MRR Hit@1 Hit@10| MRR Hit@1 Hit@10 |MRR Hit@1 Hit@10 |[MRR Hit@1 Hit@10 [ MRR Hit@1 Hit@10
ConvE* | - - ~ |94 9. 9. |43 39. 49. |325 237 501 | - - .

triple| RotatE |.921 86.6 988 [.925 86.3 99.3 |.477 428 57.1 |.337 241 533 |.508 448 608
QuatE |[.941 896 991 |.944 905 993 |.480 44.0 551 |.350 25.6 53.8 |.533 46.6 643

MINERVA | 885 825 %.1 |[.825 728 968 |.448 413 513 |.293 21.7 456 |.513 413 637

Neural LP | 924 871 994 |.745 627 918 |.435 371 566 |.252 189 375 out of memory

paih DRUM |.934 881 996 |.813 674 976 |.486 425 586 |.343 255 516 out of memory
RNNLogic*| - = = 842 772 965 | 483 446 558 |34 252  53.0 = = =
pLogicNet™| - - = 842 772 965 |.441 398 537 |.332 237 528 = = =

CompGCN | .933 883 991 |.927 86.7 99.4 |.479 443 546 |.355 264 535 out of memory
DPMPN |.981 974 981 |.930 899 98.2 |.482 444 558 |.369 28.6 530 |.513 452 615
RED-GNN|.992 98.8 99.7 [.964 946 99.0 |.533 485 624 |.374 283 558 |.543 47.6 65.1

GNN
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Table 3: Statistics of transductive reasoning datasets. Note
that NELL-995" is different as the version in [9] since the
training triples contains valid and test triples there.

VI IRE 07T (Fal st
Family | 3,007 12 23483 2038 2835
UMLS 135 46 5327 569 633

WN18RR | 40,943 11 86,835 3,034 3,134

FB15k-237 | 14,541 237 272,115 17,535 20,466

NELL-995* | 74,536 200 149,678 543 2,818
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(a) Running time.

Figure 2: Running time analysis and learning curve. Left:
inductive setting; Right: transductive setting,.
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(b) Learning curve.

Figure 2: Running time analysis and learning curve. Left:
inductive setting; Right: transductive setting,.
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Figure 2: Running time analysis and learning curve. Left:
inductive setting; Right: transductive setting,.
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Table 4: Comparison of different variants of RED-GNN.

WN18RR (V1) | FB15k-237 (V1) | NELL (V1)

methods |MRR H@10 | MRR H@10 | MRR H@10
Attn-w.n.-rq .659 783 .268 37.6 o217 734
RED-Simp 683 79.6 311 45.3 563 75.8
RED-GNN 701 79.9 369 48.3 637 86.6
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Figure 4: The MRR performance with different L and
coverage of triples within L steps.
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Table 5: The per-distance evaluation for MRR on WN18RR
v.s. the length of shortest path.

distance 1 2 3 4 5 >5
ratios (%) 349 93 215 7.5 89 179
CompGCN | .993 327 337 .062 061 .016
DPMPN 982 381 333 102 057 .001
RED-GNN | 993 563 536 .186 .089 .005
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