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Introduction

O

Objects with multiple instances are widely used
- Uncertainobject (instances are exclusive)g., uncertain spatialbjects.
Multi-valuedobject (instances are eoccurrence)e.g., NBA player records.
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Introduction
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Nearest Neighbour (NNMgarch:
- Givena query object), returnthe nearestobject to the query

Easy for objects with single instance when distance mestric

given.

A I ObjectA
@® ObjectB
% Query
® L2 distance

vV B

o
>




Introduction

O

Nearest Neighbour (NNMgarch:
- Givena query object), returnthe nearestobject to the query

Easy for objects with single instance when distance mestric

given.
A [ ObjectA A [ ObjectA
@® ObjectB N @® ObjectB
% Query [] ® *  Query
® L2 distance o ® L2 distance
V B O
.l'l * . * .
~~~~~~~~~~ O O
> >




Introduction

O

Nearest Neighbour (NNMgarch:
- Givena query object), returnthe nearestobject to the query

Easy for objects with single instance when distance mestric

given.
A [ ObjectA A I ObjectA
@® ObjectB N @® ObjectB
% Query [] ® % Query
® L2 distance o ® L2 distance
vV R mx
* 4% @
— *
~~~~~~~~ O N
> >




Introduction
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Nearest Neighbour (NNMgarch:
- Givena query object), returnthe nearestobject to thequery.

- Thereare a lot of NN ranking functions for objects with multiple
Instances.

t Min/Max, Expected distanc&uantile
NN probabilityExpectedank
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Introduction

Nearest Neighbour (NNMgarch:
Givena query object, returnthe nearestobject to the query

Thereare a lot of NN ranking functions for objects with multiple
Instances.

N;: all pairs based NN for multalued or uncertaimbject
E.g., Min/Max Expected distanc€uantile

N,: possible world based Nfgr uncertainobject
E.g., NN probabiliffxpectedank

N,: selected pairs based Nibr multi-valuedor uncertainobject
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O

Nearest Neighbour (NN) search:
- Given a guery object Q, return the nearest object to the query.

There are a lot of NN ranking functions for objects with multiple

Instances.
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Nearest Neighbour (NNMgarch:
- Givena query object Q, returthe nearestobject to the query

Thereare a lot of NN ranking functions for objects with multiple

Instances.
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- Thereare a lot of NN ranking functions for objects with multiple
Instances

- The parameters in NN function can be set to infinite value, e.g.
guantiledistance.
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Instances

guantiledistance.

. Motivation

her with a set of NN candidates.

- Thereare a lot of NN ranking functions for objects with multiple

- The parameters in NN function can be set to infinite value, e.g.

+ Auser may not have a specific NN function in mind, it is desirable to provid
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Introduction

- A spatial dominatéSD) operator is used to define the partial
order between objects regarding a quegyi.e.,SDA, B, Q
meansA dominatesB, otherwise SDA, B, (.

- Glvena SDoperator,the NNcandidateset consists of the objects
that arenot dominatedby any other objects

- OptimalSD operator w.r.t a familyof NN functions

Correctness:SDA, B, Qt | "O¥ "0, that f (A) XX (BF
Completeness:SDA, B, @+ m"Qx "Qthatf (A) > f(B)
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Related Work

O

Full dominanceperator (FSD)

. We have FSB(B,Q, ifand only if A~ OH A@hy) [ EbBMm
(SIGMOD10, SIGMOD14)

\
/ ChengLong, etal, The Hong Kong University of Science and Technology

TobiasEmrich et. al, Institute for Informatics, LudwilglaximiliansUniversitatMinchen
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SzeMan Yuen, etal, Chinese
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+ NN candidates : Minimal set of objects, each of which baays
objectnot in the NN candidates.
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Related Work

O

Stochastiorder hasbeenwidely usedn various domains to compare the
a 3 2 2 RY tva mrdonmafiablesdistributions.

Stochastic OrderGiventwo independent random variablesandY, we sayXis
smaller thanYin usual stochastic order, denoted byO ; 4o, if0 1 @

Liw _ forevery_nN Y.
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Problem Definition

Objects with multiplanstances

An objectU consists of a sdtu;} of instancesand a discrete probability
mass function assigreach instanc®.q probability value, denoted by
N O0g, whereBn(o.d p.

The multivalued objects are treated as discrete randeamniable iftheir
weight can be normalized

Problemstatement

Devise spatial dominance (SD) operatoysarefully considering various
NN functionfamilies.
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Classify NN Functions

N,: all pairs basetiiN

Aggregatiorover pairwise distances g(), e.g., Min/Max, Expected
distance,Quantile

N,: possible world based NN

Aggregatiorover score on each possible worldd\gJ, e.g., NN probability,
Expected rank.

N,: selected pairs baseldN

Aggregatiorover selected pairs g(&0 0 = S®I DT 9| NUK a
Netflow distance.
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. StochastieSD §S0 opt. w.r.tN, )

- Given two object&J andV, and the quen®Q, wehaveSSIU,V,Q If
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SD Operator

O

PeerSD P-SD opt. W.r.tN, , 5)

- Given two objectdJ andV, and the quen@Q, we havePSIU,V,Q if
there is amapping betweerl andV, for eachpair <u,v>,uis always
closer toQthan v with same weight
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P-SD Check

O
. P-SDcheck

- Naively have to check all the mapping.

+ The RPSD check betweed andV can be reduced tcompute the
network flow problem PSRQU,V,Q) iff the network flow is 1
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SD Operator Properties

O

. SD operator containment

6 L’) (!)L') Ff) HYY,O FSD based NN

P 60 60AY-O
- NN candidatesearch

P00 6HD-YO
+ Basedon branch and bound framework like skyline search

N1,2,3

P OO OOMRGYO




Experiments

O

CompareAlgorithm

+ SSD, SSSD, PSD, FSatl
Datasets:

+  real dataset: NBAGowalla

+ semtreal dataset: House, CA, USA;
+synthetic dataset

Evaluation parameter Values

dimensionality d 2,3,4,5

# of objects n 100k , 200k, 400k, 600k, 1M
# of object instancesmg 20, 40, 60, 80, 100

edge length of objecthy 100, 200, 300, 400 , 500
object center distribution anti (A) ,indep (E)

# of query instances m, 10, 20, 30, 40, 50

edge length of queryh, 100, 200 , 300, 400, 500
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Conclusion

. Formalize three families of NN functions that cover popdlalr
rankingmechanisms

. Advocate three SD operator that are optimal to differéamnily
of NN functions.

- Proposeefficient NN candidate search algorithm for thrig®
operators
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