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Knowledge Graph Reasoning

Applications
KGQA:
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Data structure for KG Reasoning

* Three classes of existing works
* triple-based
* (head, relation, tail)

* path-based

= p(eq,rq,ea) - [0,1]

Encoding the corresponding data structure, and
mapping the representation into the probability
of query triplets (eq, Ty ea).

The focus!



GNN for KG Reasoning

* Graph-based method for KG reasoning
* propagate the message with the graph structure

* update entity representation at each propagation step

forward

Graph / Subgraph inference
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Full propagation

3 kinds of models
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Problem formulation

* Query -dependent propagation path

g}%q,rq = {Veq o V(}q Ty VeLq,rq} as the sets of involved entities in each propagation step for query (eq, Ty ?)

Full ; Constrained ; Progressive
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* Problems when L is large

* large memory cost -+ extremely high 1 * exponentially
* over-smoothing inference cost increased nodes



Challenges

* Reduce the size of propagation path through sampling

~L 0 1 L
geq’rq - {(Veq’rq’ (veq”’q’ e (veq”’q }’
st. Vi = {eq} £=0 .
e \S(Very) t=1...L

* Two challenges of the sampling strategy S(-)

* the target answer e, is unknown given (e, 1, ? connection lost
a q’'q

v

* semantic dependency is complex . bad sampling signal

* Existing sampling approaches are not applicable

(i) no target preserving; (i) no relation consideration; (iii) no direct supervision



The proposed method

Challenges |. connection lost 2. bad sampling signal
Probosed connection-preserving learning-based sematic
P incremental sampling aware distribution
Key idea preserve the previous entities introduce a parameterized distribution
Y & sample from the newly visited ones & borrow knowledge from the GNN
0 1 L 4 —_ -1 . pf
(Veq,rq = (Veq,rq _S (Veq,rq (veq,rq - S((Veq,rq’ 0%)

adaptively sample semantically relevant entities during propagation



Incremental sampling
O /O /O entities covered in the 0/1/2-th steps Linear complexity!
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Semantic-aware distribution

* Parameterized sampling distribution:
* Sharing the knowledge in GNN representations h
« Adaptive based on the learnable parameters 6°*
p’(e) = exp (g(he; 6°) /7) / Doyt explglhg;69)/)
* Learning strategy:

* Gumbel-trick to enable backward propagation on hard samples.
* Sampling: get top-K based on gumbel-logits
G, == g(h%; 8") —log(—log U,) with U, ~ Uniform(0,1) for the candidate entities
* Enable backpropagation: straight-through estimation
ht = (1 — no_grad(p{)(e)) + p{)(e):) - h%, for the selected entities

Has no influence during forward propagation,
but provides gradient for 8¢ when backward.



Overall comparison

Full propagation Constrained propagation

Achieves smaller complexity, deeper steps and query-dependent.,
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Experiments | Quantitative Results

YAGO3-10

L Family UMLS WN18RR FB15k237 NELL-995
P MRR H@! H@10 | MRR H@! H@10 | MRR H@! H@10 | MRR H@! H@10 | MRR H@! H@10 | MRR H@1 H@10
ConvE |0912 837 98.2 [0937 922 967 |0427 392 498 0325 237 50.1 |0511 446 619 0520 450 66.0
QuatE |0.941 89.6 99.1 0944 905 993 |0480 440 551 |0350 256 538 [0.533 46.6 643 [0379 30.1 534
non-GNN  RotatE [0921 86.6 98.8 (0925 863 993 |0477 428 57.1 0337 241 533 |0508 448 60.8 |0495 402 67.0
MINERVA | 0.885 82.5 96.1 |0.825 72.8 968 |0448 413 513 |0.293 217 456 (0513 413 637 | - - -
DRUM |0934 881 99.6 |0813 67.4 97.6 |0486 425 586 [0343 255 516 |0.532 460 662 |0531 453 67.6
RNNLogic | 0.881 85.7 90.7 |0.842 77.2 965 |0483 446 558 |0.344 252 530 |0.416 363 47.8 |0.554 50.9 62.2
Rlogic | - - - - - - |047 443 537 | 031 203 501 | - - - |036 252 504
CompGCN| 0933 883 99.1 0927 867 99.4 |0479 443 546 |0.355 264 535 |0.463 383 59.6 |0.421 392 57.7
GNNs  NBENet | 0989 98.8 989 |0.948 920 99.5 | 0551 497 666 |0415 321 599 |0.525 451 639 |0.550 47.9 686
RED-GNN |0.992 98.8 99.7 |0.964 946 990 |0533 485 624 |0.374 283 558 |0.543 47.6 651 |0.559 48.3 68.9
AdaProp | 0.988 98.6 99.0 [0.969 95.6 99.5 |0.562 49.9 67.1 |0.417 33.1 585 |0.554 49.3 655 [0.573 510 68.5
Evaluation with transductive settings
L o WN18RR FB15k237 NELL-995

V1 \L \E V4 V1 \L \E V4 V1 V2 \E V4

RuleN 730 694 407 681 | 446 599 600 605 | 760 514 531 484

Neural LP | 772 749 476 706 | 468 586 571 593 | 871 564  57.6 539

DRUM 777 747 477 702 | 474 595 571 593 | 873 540 577 531

Hit@10 (%) GralL 760 776 409 687 | 429 424 424 389 | 565 496 518 506

CoMPILE | 747 743 406  67.0 | 439 457 449 358 | 575 446 515 421

NBFNet 827 799 563 702 | 517 639 588 559 | 795 635 606 591

RED-GNN | 799 780 524 721 | 483 629 603 621 | 866 601 594 556

AdaProp | 86.6 836 626 755 | 551 659 637 638 | 886 652 618 607

Evaluation with inductive settings

AdaProp achieves the
state-of-the-art
performance
in both
transductive and inductive
KG reasoning settings.



Experiments | Quantitative Results

Table 4: Comparison of different sampling methods.

WN18RR FB15k237-v1

learn  methods |\ ..}y 70R(L) MRR|ET(L) ToE(L) Hit@10

Node-wise | 4831 1.38E—4 .416 | 585 1.35E—-3 38.9

not Layer-wise | 5035 1.46E—4 .428 | 554 1.45E-3 37.2
learned Subgraph | 5098 1.57E—4 .461 | 578 1.50E—3 40.5
Incremental | 4954 1.61E—4 .472 | 559 1.52E-3 40.1

Node-wise | 4913 1.52E—4 .529 | 561 1.47E-3 50.4
learned Layer-wise | 4871 1.64E—4 .533 | 556 1.55E—-3 52.4
Incremental | 4749 1.78E—4 .562 | 564 1.57E—-3 55.1
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Figure 6: Ablation study with K on different L. Each line
represents the performance of a given K with different L.

The incremental sampling is better
than the other sampling strategies.

The performance gains by sampling more entities
would gradually become marginal or even worse.



Experiments | Qualitative Results
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Figure 3: Comparison of GNN-based methods w.r.t. L.
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Figure 4: Learning curves of different GNN-based methods.
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Figure 5: Comparison of learning strategies for the sampler.



Experiments | Qualitative Results
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(d) AdaProp on FB15k237
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Summary

Three major contributions:

* We propose an incremental sampling scheme
* only has linear complexity with regard to the propagation steps
* can preserve the layer-wise connections between sampled entities

* We design a semantic-aware Gumbel top-k distribution
* can adaptively select local neighborhoods relevant to the query relation
* learned by a straight through estimator

* We achieve the state-of-the-art performance
* in both transductive and inductive KG reasoning settings
* case study shows that the learned sampler is query-dependent and semantic-aware



Thanks for your listening
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