Question: Is all the information necessary for reasoning on knowledge graphs?

Less is More: One-shot Subgraph Reasoning
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Problem: Link Prediction on KG Experiments

KG reasoning with query:
(LeBron, lives_in, ?)

Applications: QA / RecSys

What is the nationality of Katherine Corri Harris 's couple 's children?

Table 1: Empirical results of WN18RR, NELL-995, YAGO3-10 datasets. Best performance is
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indicated by the bold face numbers, and the underline means the second best. means unavailable
results. “H@1” and “H@10” are short for Hit@1 and Hit@10 (in percentage), respectively.
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efinition 1 (One-shot-subgraph Link Prediction on Knowledge Graphs). Instead of directly predict- onc-shot.subgraph | 0.567 514 666 | 0547 485 651 | 0.606 540 721

ing on the original graph G, the prediction procedure is decoupled to two-fold: (1) one-shot sampling
of a query-dependent subgraph and (2) prediction on this subgraph. The prediction pipeline becomes

Table 2: Empirical results of two OGB datasets (Hu et al., 2020) with regard to official leaderboards.
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1. generate the sampling distribution

semantic models (computation-efficient but parameter-expensive) Non-parametric indicator: p**Y«a.-s+(1-a)-D7'A-p"), A : R

* p(u,q,v) is measured by a scoring function with representations h,, h,, h, 2. extract a subgraph with top entities and edges == %ﬁﬂz cog —aaaThte

structural models (parameter-efficient but computation-expensive) Entity Sampling: V, < To pK(V, p, K=r9 XIVI), S L . o

* learn the structures by leveraging the relational paths between u and v A AN ' NZ==

* or use the graph structure for reasoning, capturing more complex semantics Edge Sampling: & < TOPK(E’ Pz Po:@,0€Vs,(z,7,0)€E}, K —T8X|5|)'

> foacts on G to obtain Y of all entities 3. inference on the subgraph and get the final prediction e oo

= The whole graph (G), model (fy), and prediction (Y) are coupled 0 oy e il
g P ’ 0 s P P Indi Cating: ho (_ 1(0 — U), Degree of sampled entities Distance to the query entity Degree of sampled entities Distance to the query entity

Figure 5: Exemplar subgraphs sampled from WN18RR (left) and YAGO3-10 (right). The red and
green nodes indicate the query entity and answer entity. The colors of the edges indicate relation types.
The bottom distributions of degree and distance show the statistical properties of each subgraph.

How to efficiently and effectively conduct subgraph reasoning on KG? &)  propagation: h't!' < DROPOUT (ACT(AGG{MEss(h;,hi,hg) : (z,7,0) € 88}))



