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Knowledge Graph

The Linked Open Data Cloud

Knowledge Graph (KG): a labeled and
directed multi-graph of statements (called

triples) about the world

Problem: incompleteness and sparsity
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Knowledge Graph Embedding

Knowledge Graph Embedding (KGE): project entities and relations in a KG onto
a continuous vector space while preserving the inherent structure of the KG

A A A A

h h 4, h 4 _—Mr“‘\\hL
\\ SR ol = ‘/7
r e R /
t 2 tw / t
/ ] X / NV r
// 3 ! // R ~
A Tty
Entity and Relation Space Entity and Relation Space Entity Space Relation Space of r
(a) TransE. (b) TransH. (c) TransR.

(a) RESCAL. (b) DistMult. (c) HolE.

lllustrations for several well-known knowledge graph embedding models (Wang et al., 2017)



Problems of Knowledge Graph Embedding

e Incompleteness and sparsity problems affect the performance of downstream
tasks such as question answering (QA) since missing triples result in certain
questions becoming unanswerable

e Neglected spatial aspects, e.g., the spatial footprints of geographic entities

despite the fact that they are important for many KG downstream tasks:
o Geographic knowledge graph completion (Qiu et al., 2019)

Geographic ontology alignment (Zhu et al., 2016)

Geographic entity alignment (Trisedya et al., 2019)

Geographic question answering (Mai et al., 2019b)

Geographic knowledge graph summarization (Yan et al., 2019)
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SE-KGE: A Location-Aware KG Embedding Model

A novel KGE model which directly encodes spatial footprints, namely point
coordinates and bounding boxes, thereby making them available while learning
knowledge graph embeddings.

Encoding spatial footprints of geographic entities:

e Location encoder (Mai et al., 2020): the neural network models which
encode a pair of coordinates into a high dimensional embedding which can be
used in multi downstream tasks
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Challenges of SE-KGE

1. Location encoding can handle point-wise metric relations (e.g.,
dbo:nearestCity) and directional relations (e.g., dbp:north) in KGs, but it is

not easy to encode containment relations (e.g., dbo:isPartOf).
o Represent geographic entities as regions instead of points in the embedding space

2. How to seamlessly handle geographic and non-geographic entities?
3. How to capture the spatial and other semantic aspects at the same time?

4. Spatial Semantic Lifting: How to design a KGE model so that it can be used
to infer new relations between entities in a KG and any arbitrary location in
the study area?



Method: GeoKG Definition

Given a geographic knowledge graph G = (), £)

V : the set of entities/nodes

E : the set of directed edges

V,: < V: the geographic entity set

PT(-):entity e eV, => PT(e) = x where X € A< R?

Vin € Vpt: the set of large-scale geographic entity |

PN (-): entity e € Vpn => PN(e) = [X"m”;xma:i] c R4 where X", xM e A C R?



Method: CQG Definition

Definition 2 (Conjunctive Graph Query (CGQ)). A query q € Q(G) that can be written as follows:

q=Ve. AV, Vo, ...V, : by Aba A ... A by,
where bL - fri(eka ‘/l)7 I/l € {V’ Vl: ‘/27 L% ‘/'m}v €k € vvr eR
or bi - TL(W% ‘/l)- ‘/ka Vl € {‘/?u ‘/17 ‘/27 ey ‘/;n}v k 7 l,'f' ek

Q(9) : a set of all conjunctive graph queries that can be asked over G
V5 : the target variable of query q (target node)

Vi, Va, .., Vin: existentially quantified bound variables (bound nodes)
b; : a basic graph pattern in this CGQ

€k : the entity node appeared in the question (anchor node)

The dependency graph of Query q is a directed acyclic graph (DAG)

Geographic CGQ: the answer entity is a geographic entity



Method: CQG Example

Which city in Alameda County, California is the assembly place of Chevrolet Eagle
and the nearest city to San Francisco Bay?
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Method: Three Components for GeoQA

There major components of SE-KGE:

e Entity encoder FEnc()
e Projection operator P()
e Intersection operator 7 ()
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Method: Space Semantic Lifting

Use entity encoder Enc() and projection operator P() for spatial semantic
lifting:
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Note that location encoder is one component of entity encoder



Method: Location-Aware Entity Encoder

e Semantic Aspect:

Definition 4 (Entity Feature Encoder: Enc'®)()). Given any entity e; € V with type ¢; = I'(e;) € C

from G, entity feature encoder Enc'®) () computes the feature embedding ez(-c) e R which captures
the type information of entity e; by using an embedding lookup approach:

Z.h'
) = Enc9(e;) = e (5)
| Zeh® ||

e Space Aspect:

Definition 7 (Entity Space Encoder: Enc®)()). Given any entity e; € V from G, Enc®)() computes
the space embedding e = Enc®(e;) € R4 by

( LocEnc®(x;) ,where x; = 73'7'( i) s if €; € Vpr\Vpn
z) LocEnc®) (xgt)) where X ~(xI gy PN(e) = K xP] . if e.eV,

: 3 7.1
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Method: Location-Aware Entity Encoder
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Method: Location-Aware Projection Operator

Definition 8 (Projection Operator P()). Given a geographic knowledge graph G, a projection op-
erator P() : V U A x R — R maps a pair of (e;,r), (Vi,r), or (x,,;, r), to an embedding €.
According to the input, P() can be treated as: (1) link prediction P (e;,r): given a triple’s head
entity e; and relation r, predicting the tail; (2) link prediction P'°)(V;,r): given a basic graph pat-
tern b = r(Vi,V;) and v; which is the computed embedding for the existentially quannﬁed bound
variable V;, predicting the embedding for Variable V;; (2) spatial semantic lifting P& (x;,r):

given an arbitrary location X; and relation r, predicting the most probable linked entity. Formally,

P() is defined as:

PO(e;,r) = diag(Ri? | R:") Enc(e;) = diag(Ry” Ry)e;  if input = (e;,r)
e = { POV, r) = diag(R, Ry, if input = (V;,r)

P& (x;,r) = dia.g(R,fvc),Rffaw))[L()(;:En(:(g”)(xi); LocEnc®(x;)] if input = (x;,7)



Method: Location-Aware Projection Operator

Chevrolet Eagle
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Method: GeoQA and Spatial Semantic Lifting
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Experiment

Evaluate SE-KGE using the DBGeo dataset which is built based on a subgraph of

DBpedia

Table 1: Statistics for our dataset in DBGeo (Section 7.1). “XXXX/QT” indicates the number of
QA pairs per query type.

DBGeo
Training  Validation  Testing
[T] 214,064 2,378 21,406
|R| 318 - -
Knowledge Graph V| 25,980 - -
[Vt 18,323 - -
[Von| 14,769 - -
Q@ (G)] | 1,000,000 - -
3) = =
Geographic Question Answering |Q(2) (G)] | 1,000,000
|Q42n(G)| | 1,000,000 1000/QT  10000/QT
10%,(9)| | 1,000,000 1000/QT  10000/QT
. o |Ts 0 T,| | 138,193 1,884 17,152
Spatial Semantic Lifting Rl 297 71 135

§ . “Washington %

North Dakota "\ 1. -, "%

Arizona




Geographic Question Answering

Table 3: The evaluation of geographic logic query answering on DBGeo (using AUC (%) and APR (%) as evaluation metric)

DAG Type GQFE ging GQF CGA SE-KGE jire.ct SE-KGE SE-KGEspace | SE-KGEj,u

AUC APR | AUC APR | AUC APR || AUC APR | AUC APR | AUC APR | AUC APR

2-chain 63.37 6489 | 8423 88.68 | 8456 868 || 83.12 8479 | 85.97 849 [ 76.81 67.07 [ 8526 87.25
2-inter 97.23 9786 | 9600 97.02 | 98.87 9858 (| 9898 O828 | 98.95 9852 ( 8551 87.13 ( 99.04 98.95
Hard-2-inter 7099 7355|6604 7383 | 7343 7998 (| 7327 7636 | 74.38 8216 | 63.15 6291 | 73.42 82.52
3-chain 6142 6794 | 7965 7945|7911 B093 || 7792 7926 | 79.38 8397|7009 608 [ 809 8502
3-inter 98.01 99.21 | 9624 98.17 | 99.18 99.62 || 99.28 9941 | 99.1 9956 | 87.62 89 [ 9927 99.59
Valid | Hard-3-inter 7829 85 | 6826 7755|7959 8606 795 8428|8048 874 | 6337 67.17 | 7886 852
3-inter_chain 90.56 94.08 | 9339 91.52 | 9459 90.71 || 9599 95.11 | 9586 9441 | 81.16 83.01 [ 96.7 96.79
Hard-3-inter_chain | 74.19 83.79 | 70.64 7454 | 7397 7628 || 7481 789 | 76.45 7595 [ 65.54 68.21 | 76.33 83.7
3-chain_inter 98.01 9745|9269 9331 | 9672 9761 | 9731 9867 | 97.79 9876 | 83.7 8442 977 98.65
Hard-3-chain_inter | 83.59 88.12 | 66.86 74.06 | 72,12 7753 || 7323 79.24 | 7474 8047 [ 65.13 69.29 | 7472 78.11
Full Valid 81,57 85.19 | 814 8481 | 8521 8741 | 8534 8743 | 8631 8861 | 7421 739 | 86.22 89.58
2-chain 64.88 65.61 85 8741 | 8491 8674 || 83.61 8597 | 86.08 8808 | 7546 73.38 [ 86.35 88.12
2-inter 9698 9799 | 9586 97.18 | 98.79 9871 (| 9898 9894 | 98.98 99.08 | 87.01 85.78 [ 98.93 99.01
Hard-2-inter 7039 76.19 | 645 T71.86 | 7215 7926 | 7204 79.11 | 73.72 8L78 | 61.22 6297 | 72.62 81.04
3-chain 623 6229 | 79.19 80.19 | 7893 B0.17 || 7753 7886 | 79.43 8128 [ 70.55 68.04 [ 80.49 80.63
3-inter 98.09 99.12 | 9654 97.94 | 9933 9956 || 9945 9947 | 99.41 99.63 | 88.05 87.63 [ 99.39 99.59
Test | Hard-3-inter T7.27 8392 | 6869 7542 | 7893 8352 | 7858 8414 [ 80.11 8487 | 6444 6453 | 78.76 84.89
3-inter.chain 90.39 91.96 | 9254 93.13 | 9346 9436 || 9523 9592|9502 9578 | 81.52 79.61 | 95.92 96.51
Hard-3-inter_chain | 72.89 79.12 | 70.67 75.55 | 7347 7961 || 7393 8021 | 74.88 7936 [ 6499 65.52 | 7536 80.72
3-chain_inter 97.35 98.27 | 9222 9408 | 9655 96.67 || 97.29 9839 | 97.79 98.68 [ 8528 B4.08 [ 97.64 98.75
Hard-3-chain.inter | 83.33 86.24 | 66.77 721 | 7231 7789 || 7355 7708 | 75.19 7742 | 65.07 6541 | 7462 77.31
Full Test 81,39 8407 | 812 8449 | B488 8765 || 8502 8781 | 8606 882 (7436 737 | 86.01 8896




(a) Clustering result of location embeddings produced
by the location encoder in SE-KGE

space

North Dakota

South Dakota

(b) CensugmBureau:aesignatéd regior’ims of United States

(c) The community detection (Shuffled
Louvain) results of KG




Spatial Semantic Lifting

Table 5: The evaluation of spatial semantic lifting on DBGeo over all validation/testing triples

SE-KGE gpce SE-KGE;, | SE-KGE, - SE-KGE sy

AUC APR | AUC APR | AAUC AAPR
Valid | 72.85 75.49 | 82.74 85.51 | 9.89 10.02
Test | 73.41 75.77 | 83.27 85.36 | 9.86 9.59

Table 6: The evaluation of SE-KGE,,, and SE-KGE'

(using APR (%) as evaluation metric).

space

on DBGeo for a few selected relation r

Query Type SE-KGE;pace SE-KGE,,; | AAPR
state(x, 7e) 92.00 99.94 7.94
nearestCity(x, 7e) 84.00 94.00 10.00
broadcast Area™*(x, ?e) 91.60 95.60 4.00
Valid | isPartO f(x, 7€) 88.56 98.88 10.32
locationC'ity(x, ?e) 83.50 99.00 15.50
residence™*(x, 7e) 90.50 93.50 3.00
hometown ™ (x, 7e) 61.14 74.86 1371
state(x, 7e) 89.06 99.97 10.91
nearestCity(x, 7e) 87.60 99.80 12.20
broadcast Area™(x, 7€) 90.81 96.63 5.82
Test | isPartOf(x,?e) 87.66 98.87 11:21
locationC'ity(x, ?e) 84.80 99.10 14.30
residence™'(x, 7e) 61.21 77.68 16.47
hometown™(x, ?e) 61.44 76.83 15.39




Conclusion

e We develop a spatially-explicit knowledge graph embedding model, SE-KGE,
which applies a location encoder to incorporate spatial information
(coordinates and spatial extents) of geographic entities.

e SE-KGE is extended as end-to-end models for two tasks: geographic
question answering and spatial semantic lifting (a new task).

e Evaluation results show that SE-KGE can outperform multiple baselines on
two tasks.

e Visualization shows that SE-KGE can successfully capture the spatial
proximity information as well as the semantics of relations.

Future work:

e \We want to explore a more concise way to encode the spatial footprints of
geographic entities in a KG
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