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(Rt T | Questions?

Sorry if we (the authors) aren’t around — we have another poster on

* Existing methods suffer from the curse of dimensionality. “Implicit Maximum Likelihood Estimation” at this workshop and are

* Most existing methods rely on a divide-and-conquer probably at that poster. Feel free to come by our other poster (which
strategy known as space partitioning. is probably next to this poster) and ask us about this poster.

* We present a new algorithm that overcomes the curse of
dimensionality, which has: al Ll (COnt )

— Time complexity: linear in ambient dimensionality, sub-linear
in intrinsic dimensionality and size of the dataset.

— Space complexity: independent of ambient dimensionality and
linear in size of the dataset.
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Visit the point on the frontier with the shortest Points highlighted in dark orange have been
projected distance to the query. visited; visit the next point on the frontier.

The Case Against Space Partitioning

* Most existing methods rely on space partitioning:
k-d tree LSH RP tree
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— As dimensionality increases, volume of space grows

candidate set in the order of
maximum projected distance
to the query.

Spill Tree, RP
Tree

exponentially => either the number or the size of cells must
grow exponentially.

Query Time Complexity

Prioritized DCI

— “Field of view” is limited to the cell containing the query;

—Maximum projected distance

. . . . n ” . . ’ Intrinsic Dimensionality (d')
algorithm unaware of points in adjacent cells i< 3 lower bound on the true e —— T —
— As dimensionality increases, surface area grows faster than distance. Ok max(log(r /). (m/ ) I=77 14
. . . qQuery mk log m(max(log(n’/k), (n/k)l_l/d/)))
volume => points likely to be near cell boundaries. —As # of projection directions — 0o, O o
— Choosing good partitioning is non-trivial. Once chosen, cannot this — true distance. Deletior O(mlogn)
)

adapt to changes in data density. Space O(mm
P 5 Y * Lower Bound for Related Problem: where m > 1 is # of projection directions

Algorithm — For k-nearest neighbour search along a direction (Chazelle,

1989): Q(n'~ Y4 /logn)
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Algorithm 1 Data structure construction procedure S s 6000
Require: A dataset D of n points p*, . .., p™, the number of simple indices m that constitute a composite index g 400r E \
and the number of composite indices L g g 4000}
=2 =2

function CONSTRUCT(D, m, L)
{wji}jeim),iei) = mL random unit vectors in R? 500

Vg L
{Tj1}jeim),1eir) < mL empty binary search trees or skip lists 2000k
for j = 1tomdo

fo 1to L do —

rl =
fori =1tondo
Tj;l A <pz>ujl>
Insert (ﬁ; 1, 1) into T};; with ﬁé-l being the key and ¢ being the value

Memory Usage:

e
return { (75, uji)}jepm) (L)
end function 30.1€8 6000
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Tir,uji)bicim , the number of points to retrieve ko and the number of points to visit k; in each C C
{(T51, wjn) Yiemm)telny p 0 p 1 Prioritized DCI (m =25, L=2) 0 Prioritized DCI (m =15, L =3)

1 1 composite index
projected distance to the query. Fanction QUERY(4, {(Ty1, )10, ko, k1) Prioritized DCI (m =10, L=2) —  Prioritized DCI (m =10, L=2)
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Algorithm 2 k-nearest neighbour querying procedure

S 4000t

C < array of size n with entries initialized to 0 VI € [L] 2.0t
@0 < (g, uq) Vi € [m), 1 € [L]
S; OVl e [L]

P, < empty priority queue VI € [L] 2 2x
for! =1to L do

for ) =1tomdo
(ﬁﬁ), hﬁ)) < the node in T}; whose key is the closest to g,

ce Eva on

Memory Usage

1.0f

1.5} & 3000}
Insert (]35.}), hﬁ)) with priority —|ﬁ§.}) —qj;| into P,
end for

5 2000\\\
end for

fori =1tok; — 1do 0.5} 1000}
for[ =1to L do

if |.S;| < ko then ———
(ﬁg.;), hg.;)) < the node with the highest priority in P 0.0 ! | | t 0

Remove (]_)g.?, h%)) from P, and insert the node in Tj; whose key is the next closest to g, ' 1.16 1.18 1.20 1.22 1.24 1.26 1.28 1.30
Approximation Ratio

Number of Dist

which is denoted as (ﬁ%“), hg’ﬁl)), with priority — |ﬁ§.§+1) —qj;| into P
CilhG] + CiRSY] + 1

if Ci[h})) = m then approximation ratio = : .
i S U LR} distance to true nearest neighbours

Add the next closest point along the most Jadif

recently processed direction to the frontier. endef‘é‘iefr‘l’rf | S : :
S U5t el in Bl e Code available at https://people.eecs.berkeley.edu/~ke.li/

distance to retrieved nearest neighbours




