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Introduction

C
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Motivation

➢ Gap tolerant classifiers [B988]

➢ Tuning Support Vector Machines [CVBM0210]

➢ Support Vector Clustering [CVBM025,BJKS033]

➢ Fast farthest neighbor query approximation
[GIV0117]
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Motivation

➢ k-center clustering [BHI025]

➢ Testing of radius clustering for k = 1
[ADPR002]

➢ Approximate 1-cylinder problem [BHI025]

➢ Sphere trees [H9619]

➢ Other applications [EH7213]
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Core Sets

C

X is a core set for
S = {p1, p2, ...pn} if

➢ X ⊆ S
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Core Sets

C

X is a core set for
S = {p1, p2, ...pn} if

➢ X ⊆ S

➢ Bc′,r = MEB(X)
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Core Sets

C

1

C’

1.13

X is a core set for
S = {p1, p2, ...pn} if

➢ X ⊆ S

➢ Bc′,r = MEB(X)

➢ Bc′,(1+ε)r ⊃ S for
ε > 0
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Related Work

➢ LP-type problem, O(cf(d)n) solution
[MSW9222, Gärtner15; CGALa]

➢ O(d3n log 1
ε
) solution, [GLS8818]

➢ Fast Implementations in high dimensions :

➣ Simplex based [Gärtner and Schönherr16]
➣ SOCP based [ZST0234]

ahttp://www.cgal.org
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Related Work

➢ Core Set Sizes :
➣ O( 1

ε2
) [BHI025]

➣ O(1
ε
) [Bădoiu and Clarkson6, KMY03]

➢ Quadratic Programming for MEBs :

➣ O(d3n log 1
ε
) solution, [GLS8818]

➣ O(
√

nd2(n + d) log(1/ε)) [KMY03]
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Results

➢ Worst Case Run Times:
➣ O

(

dn
ε2

+ 1
ε10

log 1
ε

)

[BHI025]

➣ O
(

nd
ε

+ 1
ε5

)

[BC036]

➣ O
(

nd
ε

+ 1
ε4.5 log 1

ε

)

[KMY03]

➣ O
(

nd
ε

+ 1
ε4

log2 1
ε

)

[S0328,KMY03]

➢ k-center clustering, (2O(k log k

ε
)dn) [BC036, KMY03]
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Results

➢ In Practice :
➣ Core Set Sizes:

➭ Dependent on dimension!
➭ Very Weak dependence on ε!
➭ ≤ min{d + 1, 1

ε
}!
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Results

➢ In Practice :
➣ Core Set Sizes:

➭ Dependent on dimension!
➭ Very Weak dependence on ε!
➭ ≤ min{d + 1, 1

ε
}!

➣ Run Times:
➭ Much smaller than Worst Case.
➭ Weakly dependent on epsilon.
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SOCP Formulation

Second Order Cone Program is of the form

maximize cTx

subject to ||Aix + bi||2 ≤ cT
i + di, i = 1..n

Fx = g

➢ x ∈ R
d

➢ LP is a special case

➢ new IP methods can solve (almost) as fast as
LPs
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SOCP Formulation

MEB as SOCP

min
c,r

r, s.t. ‖c− pi‖ ≤ r

i = 1, . . . , n

➢ Number of iterations = O(
√

n log(1/ε)) , In
Practice ≤ 20, very weak dependence on n.

➢ IP solves it in O(
√

nd2(n + d) log(1/ε))
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Why Core Sets?

➢ IP solves it in O(
√

nd2(n + d) log(1/ε)) .

➢ To make a practical algorithm, we need a way
to reduce either d or n.

➢ We reduce n to O(1
ε
) using core sets.

➢ n = O(1
ε
)⇒ d = O(1

ε
) .
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The Core Set Algorithm: O( 1
ε2)

Require: Input: S ∈ R
d, ε > 0, X0 ⊂ S

1: X ← X0

2: loop
3: Compute Bc,r = MEB(X) using SOCP
4: if S ⊂ Bc,(1+ε)r then
5: Return Bc,r, X

6: else
7: p← point q ∈ S maximizing ||cq||
8: end if
9: X ← X ∪ {p}

10: end loop
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The Core Set Algorithm

➢ Use SDPT3a to solve SOCP. [TTT9930]

➢ Implementation Uses random sampling in
Step 7.

➢ I/O Efficient under mild assumptions.

➢ Works for Balls,Points

ahttp://www.math.nus.edu.sg/˜mattohkc/sdpt3.html

Kumar & Mitchell & Yıldırım, http://www.compgeom.com/meb/ – p.19/39

http://www.math.nus.edu.sg/~mattohkc/sdpt3.html


Better Core Set Algorithm: O(1
ε)

Require: Input: S ∈ R
d, ε = 2−m, X0 ⊂ S

1: for i = 1 to m do
2: Call Algorithm 1 with input S, ε = 2−i, Xi−1

3: Xi ← the output core-set
4: end for
5: Return MEB(Xm), Xm
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Better Core Set Algorithm: O(1
ε)

Lemma: The number of points added to X in round i + 1 is at
most 2i+6.

Theorem: The core-set output by Algorithm 2 has size O(1/ε) .

Proof: |Xm| =
∑m

i=1 2i+6 = O(2m) = O(1/ε) .
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Better Core Set Algorithm: O(1
ε)

Theorem: A (1 + ε)-approximation to the MEB of a set of n balls
in d dimensions can be computed in time
O

(

nd
ε

+ 1
ε4.5 log 1

ε

)

.

Proof: SOCP⇒ O
(

d2

√

ε

(

1
ε
+ d

)

log 1
ε

)

We parse thru the input O(1
ε
) times

⇒ O
(

nd

ε
+ d2

ε3/2

(

1
ε
+ d

)

log 1
ε

)

.

Now put d = O(1/ε) to get a total bound of
O

(

nd

ε
+ 1

ε4.5 log 1
ε

)

.
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O(dn
ε2 ) Algorithm [BC03

6]

Require: A point set S = {p[1], p[2], ..., p[n]} ∈ R
d

1: i← random(1, n)

2: Choose p[j] ∈ S farthest from p[i]

3: Choose p[k] ∈ S farthest from p[j]

4: c3 = 1
2
(p[j] + p[k])

5: for i = 3..iter do
6: Find farthest point p ∈ S from ci

7: ci+1 ← (1− 1
i+2

)ci + 1
i+2

p

8: end for
9: Return citer+1
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Implementation and Experiments

Running time of algorithm 1

ε = 0.001, µ = 0, σ = 1.
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Implementation and Experiments

Core Set Sizes

ε = 0.001, µ = 0, σ = 1
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Implementation and Experiments

Different Distributions n = 10000
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Implementation and Experiments

Different Distributions n = 10000
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Implementation and Experiments

Timing Comparison (Algorithm 1,2)

n = 1000, ε = 2−10, µ = 0, σ = 1
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Implementation and Experiments

Radius Comparison

n = 1000, ε = 2−10, µ = 0, σ = 1
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Implementation and Experiments

Radius Difference

n = 1000, ε = 2−10, µ = 0, σ = 1
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Implementation and Experiments

Core Set Size Comparison

n = 1000, ε = 2−10, µ = 0, σ = 1
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Implementation and Experiments

USPS vs. Normal Data

n = 7291, µ = 0, σ = 1, d = 256
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Implementation and Experiments

USPS vs. Normal Data

n = 7291, µ = 0, σ = 1, d = 256
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Implementation and Experiments

Experiments in R
2

µ = 0, σ = 1
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Implementation and Experiments

Experiments in R
3

µ = 0, σ = 1
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Shameless Promotion ,

Timing Comparison

n = 1000, ε = 10−6, µ = 0, σ = 1
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Shameless Promotion ,

Algorithm Comparison µ = 0, σ = 1, n = 1000
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Open Problems

➢ In Practice :
➭ Outliers?
➭ 1-cylinder? k-center?
➭ Minimum Volume Ellipsoids?
➭ Warm Start?
➭ O

(

nd
ε

+ 1
ε4

log2 1
ε

)

Algorithm?
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Open Problems

➢ In Theory :
➭ Optimal Core Set Size?
➭ Dimension independent core sets for other

LP-Type problems?
➭ Tight Core Sets for various Distributions?
➭ MVEs: Core Sets smaller than Θ(d2)?
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