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Subset selection

Subset selection is to select a subset of size at most B from a
total set of n items for optimizing some objective function
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' Formally stated: given all items V = {vy, ..., v,}, an objective function |
' f 2 > R and a budget B, to find a subset X < V such that |
: maxycy f(X) s.t. |X|<B :
\ /

max f(X)
|1 X|<B

Ground set

o SubsetXCV
V ={vq, .., 0}

Subset selection has diverse applications, which have different
meanings on the item v; and the objective f
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Application - sensor placement

Sensor placement [Krause & Guestrin, IJCAI'09 Tutorial] - select a few places to
install sensors such that the information gathered is maximized

Water contamination detection Fire detection

Item v;: a place to install a sensor Objective f: entropy
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Application - document summarization

Document summarization [Lin & Bilmes, AcL/11] : Select a few
sentences to best summarize the documents

Document Summary

R ' T

[tem v;: a sentence

Objective f: summary quality

2 optimization

probal
L mO ? S robust

bayesian analysisstructured ™"

network algorithms stochastic

|earn|ng inference

()
=
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Application - influence maximization

Influence maximization [kempe et al, kDD03] : Select a subset of users
from a social network to maximize its influence spread
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Item v;: a social network user

Objective f: influence spread, measured by the expected
number of social network users activated by diffusion
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Application - sparse regression

Sparse regression [topp, TiT04] : Select a few observation variables
to best approximate the predictor variable by linear regression

a subset X of observation variables
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: : variance Mean squared
Item v;: an observation variable R erTor s

Var(z) — MSE, x
Var(z)

Objective f: squared multiple correlation RZy =
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Application - maximum coverage

Example: Vi < [, S; contains the same two elements, Vi > [, S;
contains one unique element; n = 2[, B = 2

Sl+1 Sl+2 SZl

[tem v;: a set of elements Objective f: size of the union
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. document surr M any appll cati ons, but | swmmary quality

Subset selection

Subset selection is to select a subset of size at most B from a
total set of n items for optimizing some objective function

— e o S EE e EEE B e EEm B SEn EEE SE SEm EEm e SEm EEm SEm SEm B SEm SEm B SEm SEm S SEm SEm B GEm SEm B SEe REm S Smm Emm e Emm E my,

' Formally stated: given all items V = {vy, ..., v,}, an objective function |
' A f 2 > R and a budget B, to find a subset X < V such that |
/
: maxycy f(X) s.t. |X|<B :
N e - ——_— e o ———em b b—b————b—b————b————— bt b o /
Application V; f
sensor placement a place to install a sensor entropy

influence ma> NP-hard in gener al! influence spread

sparse regression an observation variable squaredln}[gltiple
correlation

maximum coverage a set of elements size of the union
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Subset selection

Subset selection is to select a subset of size at most B from a
total set of n items for optimizing some objective function

— - s EES e EEE EE S EEm B SEm SEm B SEm SEm B SEm EEm B SEn SEm REm SEm SEm e MEm EEm e Smm EEm R SEm EEm e Smm R e e R

| Formally stated: given all items V = {v;, ..., v}, an objective function |
f: 2 > R and a budget B, to find a subset X < V such that |
: maxycy f(X) s.t. |X|<B :
\ /

George Nemhauser | [Mathematical Programming 1978]

John Von Neumann | f:monotone and submodular

‘ A Theory Prize Greedy algorithm: (1 — 1/e)-approximation
SHP

Application to Q ! ! Extension to %

influence maximization non-submodular ICMIL.&NIPS Best Paper

KDD Test of Time Award  ICML Best Paper [Iyer, et al., ICML/13]
[Kempe et al., KDD’03] [Das & Kempe, ICML'11] [Iyer & Bilmes, NIPS'13]
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Previous approaches

* Greedy algorithm

Process: iteratively select one item maximizing the increment on f

-

—— e o o o o o o o=l

________________________

N

— Iteration 1:

Run  _ : *
B iterations ° °

— Iteration j:

XJ: the subset obtained after j iterations
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Approximation guarantees
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[ Subset selection: given all items V = {v4, ..., 1%,}, an objective function |
' f: 2¥ > Rand a budget B, to find a subset X € V such that

! maxycy f(X) s.t. |X|<B

I
I
I
I
I
/
f: monotone and submodular

|_|_—> The approximation guarantee [Nemhauser et al, MP'78] :
1—1/e = 0.632 by the greedy algorithm

Il

The subset X output by the greedy algorithm satisfies

1
fX) = (1 - E) "OPT.___ the optimal

function value
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Monotone and submodular

A set function f: 2¥ — R requires a solution to be a subset of V

Monotone: the function value increases as a set extends, i.e.,
VXCYCV: f(X)<f()

Submodular [Nemhauser etal, MP'78] : Satisty the natural diminishing
returns property, 1.e.,

vVXeYcV,veY: f(Xulv}) —fX)=f(Yu{v}) —f(Y);
or equivalently,

VXS Y CV: f(¥) = FX) < Svenx fX U 1)) = £O0;
or equivalently,

VX,Y CV: FX) + F(Y) = fF(XNY) + FXUY)
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Submodular applications

Monotone: VX CY S V: f(X) < f(Y) f(Y) - f(X)

Submodular: VX Y cV,veY: f(Xu{v}) —f(X) = f(Yu{v} —f(Y)
7

<
/

/

X = {51}
v =253

http://www.lamda.nju.edu.cn/qgianc/ http://www.lamda.nju.edu.cn/yuy/



Submodular applications

More applications:

- Sensor placement

’—“_D_m_t_ ’—“_m_maw Their objective
o —_—— = | functions are all
-  Document summarization |—=—u== monotone and
o S submodular

- Influence maximization
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Approximation guarantees
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[ Subset selection: given all items V = {v4, ..., 1%,}, an objective function |
: f: 2V - Rand a budget B, to find a subset X < V such that

' maxycy f(X) s.t. |X|<B

I
I
I
I
I
/
f: monotone and submodular

|L> The approximation guarantee [Nemhauser et al, MP'78] :
1—1/e = 0.632 by the greedy algorithm

f: monotone

|L> The approximation guarantee [Das & Kempe, ICML'11] :
1 —1/eY by the greedy algorithm

Submodular ratio y: to what extent f satisfies the submodular property
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Submodular ratio

Submodular [Nemhauser et al., MP'78]
|I—==-- vXcYyclV,veY: fXu{v) —f(X)=fY u{v} —fI);
or VX €Y €V: f(¥) — f(X) < Toeru fX U} — FOX) - :
Submodular ratio [Das & Kempe, ICML'11; Zhang & Vorobeychi, AAAI'16] :

fX U ) - fX) i

U= B FY U W) = ()

e | DefGUGDoFO
xcu,vivlskxny=¢0  f(XUY)— f(X)

Characterize to what extent a set function f satisties the submodular property

For example, when f is monotone,
* VU, k:yyi(f) € [0,1], the larger, more close to submodular
« fissubmodular if and only if VU, k:yy x(f) = 1
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Non-submodular applications

Submodular ratio [Das & Kempe, ICML/11; Zhang & Vorobeychi, AAAI'16] : characterize
to what extent a general set function satisfies the submodular property
o fRUED - F()
I xeywey f(Y U {v)) — F(Y)

i Yverf X U{v}) — f(X)
xcu,vilYlskxny=0  f(XUY) — f(X)

Yui(f) =

Lower bounds on submodular ratio for some non-submodular applications

* Sparse regression: Yy x (f) = Apin(C, |U| + k) [Das & Kempe, ICML'11]
° Sparse support selection: Yu k (f) = m/M [Elenberg et al., Annals of Statistics'18]
* Bayesian experimental design [Bian et al., ICML'17]:

vux(F) = B2/(IIVIF(B* + a2 |IVIID)

 Determinantal function maximization [Qian et al.,, [JCAI'18]:

& = (An(8) — 1)/ (0 (&) = DI 4(A))
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Approximation guarantees

f: monotone and submodular Optimal [Nemhauser & Wolsey, MOR'78]

|_|_—> The approximation guarantee [Nemhauser et al, MP'78] :

1—1/e = 0.632 by the greedy algorithm

f: monotone Optimal [Harshaw et al., ICML/19]

|L> The approximation guarantee [Das & Kempe, ICML'11] :
1 —1/e? by the greedy algorithm

Good optimization performance:

* Good approximation guarantee, i.e., good performance in worst cases \/
* Practical performance is much better (e.g., close to optima) in most cases ?

The greedy nature —
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Previous approaches (con’t)

* Relaxation method

Process: relax the original problem, and then find the optimal
solutions to the relaxed problem

Weakness: the optimal solution of the relaxed problem may be
distant to the true optimum

maxycy f(X) s.t. |X|<B

g

g maxyegn gw) s.t. |w|p =B non-convex

max,egn g(w) s.t. |wl; £B convex
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Variants of subset selection

e Subset selection 1—1/eY
maxycy f(X) s.t. |[X|<B [Das & Kempe, ICML'11]

» General constraints

(@/2) (1—1/e%)
[X|<B - c(X) <B [Zhang & Vorobeychik, AAAT'16]

e Multiset selection

(a/2) (1 —1/e%) 1—1/ef
[Alon et al., WWW’12] [Soma et al., ICML14]

X: a subset » a multiset

* k-subsets selection

1/2
X:asubset — k subsets [Ohsaka & Yoshida, NIPS'15]
* Sequence selection

X: a subset — a sequence 1= 6_1/(2A)
. q [Tschiatschek et al, AAAT'17]

* Ratio optimization X7

mingcy f(X)/g(X) (e [;ail )t(ll ;ﬁi?é]
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Motivation

Subset selection: maxycy f(X) s.t. |X|<B

Two conflicting objectives:
1. Optimize the objective f maxycy f(X)

2. Keep the size small minycy max{|X| — B, 0}

Previous theoretical studies have disclosed the advantage of

solving single-objective constrained optimization by MOEAs

[Neumann & Wegener, NC'06; Friedrich et al., EC]"10;
Neumann et al., Algorithmica’ll; Yu et al., AIJ'12]

Why not optimize the bi-objective formulation?
mingcy (—f(X), |X])
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Subset representation

A subset X € V can be naturally represented by a Boolean
vector x € {0,1}"

* the i-th bit x; = 1 if the item v; € X; x; = 0 otherwise
¢ X = {Ui | Xi = 1}

V = {v1,V,, V3,04, U5} asubsetX €V a Boolean vector x € {0,1}°
1) 00000
{v1} e 10000
{v2, V3, U5} 01101
{v1, V2, V3, V4, Vs} 11111
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Pareto optimization

The basic idea:

maxepay f0) st X <B
Emaxxe{o,l}n f(x) s.t. c(x)<B i
E MaXxero,. kyn f(x) s.t. x| < Bi

| Mingeon f(X)/9(%)

x dominates z :

f1(x) < f1(2) A f,(x) < f,(2)

x is incomparable with y :

i) > 1A (0 < fL,(p)

subset selection

v *
and some variants

Bi-objective optimization

min, (f1(x), f2(x))

" | a
\
\
\
A
\
\
\
Y better f;
\\ better f,
VRN
Cyj'@ x \\\\
0] f ~~~
40, TSNS e
D -
> f1
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Pareto optimization

The basic idea:
How to
Maxyeoyn f(x) s.t. |x|<B transform?
Maxyeroyn f(x) s.t. c(x) <B Bi-objective optimization
MAXyeo1,., 1,7 f(X) s.t. |x| <B min, (f1(x), f2(x))

Mingeoyn  f(x)/g(x)

|

Multi-objective
evolutionary algorithms

Output: select the best solution
w.r.t. the original problem —

\

Different from traditional multi-objective optimization
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Subset selection with monotone submodular f

[Friedrich & Neumann, ECJ'15] Exclude solutions with size larger than B

Maxyeroyn f(x) s.t. |x| <B  original
Transformation: 4
Minyegom (—f(x), [x]) bi-objective
A simple multi-objective evolutionary  Initialization: put a random solution

algorithm GSEMO [Laumanns et al., TEvC'04] from {0,1}" into the population P
reproduction Reproduction: pick a solution x randomly

/ \ from P, and flip each bit of x € {0,1}" with

prob. 1/n to generate a new solution

Updating: if the new solution is not
dominated by any solution in P, put it into

/ K / P and weed out bad solutions

initialization updating Output: select the best solution with size at most B

It can achieve the optimal approximation guarantee of (1 — 1/e)
in 0(n*(B + logn)) expected running time
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Subset selection with monotone f

. Exclude solutions with size at least 2B
The POSS algorithm [Qian, Yu and Zhou, NIPS'15]

maxyeponn f(x) s.t. |x| <B  original

Transformation: 1
MiNyero,1yn (—f (), %)) bi-objective
Algorithm 1 POSS
Input: all variables V' = {X;,..., X, }. a given objective f PR b . . . : n
and an integer parameter k € [1, n] ?nltlahzatlon° put the SpeCIal solution {0}
Parameter: the number of iterations T’ into the populatlon P
Output: a subset of V' with at most % variables
Process:
I Lets = {0}" and P = {s}. Reproduction: pick a solution x randomly
i L‘;‘_f =to( - from P, and flip each bit of x with prob.
3: while ¢ < o ]
4:  Select s from P uniformly at random. _ / 1/7’1 to produce a new solution
5. Generate ' by flipping each bit of s with prob. L.
6:  Evaluate f,(s8") and fo(s"). . . . .
1 if e e pf iﬁch)t,m: 52 o then Updating: if the new solution is not
gi g = f{é € 5} | U‘*{ é}z}- — dominated by any solution in P, put it
0: = (P s’} . .
ho:  endif into P and weed out bad solutions
11: t=t4+1.
12;_end while . . .
3 return arg mimee pyeien F1(5) > Output: select the best feasible solution
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Subset selection with monotone f

) Exclude solutions with size at least 2B
The POSS algorithm [Qian, Yu and Zhou, NIPS'15]

maxyeponn f(x) s.t. |x| <B  original

Transformation: .
Minyeoym (—f(X), [x]) bi-objective
Initialization: put the special solution {0}" * Selection: each solution in the population P
into the population P is selected with probability 1/|P|
: : : e.g., if P contains 10 solutions, each solution
Reproduction: pick a solution x randomly is selected with probability 1/10
from P, and flip each bit of x with prob.
1/n to produce a new solution  Bit-wise mutation:

Pr(flip i specific bits)= (1/n)*(1 — 1/n)"

e.g., the probability of flipping a specific bit
of a solution is (1/n)(1 — 1/n)"!

Updating: if the new solution is not
dominated by any solution in P, put it
into P and weed out bad solutions

Output: select the best feasible solution

http://www.lamda.nju.edu.cn/qgianc/ http://www.lamda.nju.edu.cn/yuy/



Subset selection with monotone f

) Exclude solutions with size at least 2B
The POSS algorithm [Qian, Yu and Zhou, NIPS'15]

maxyeponn f(x) s.t. |x| <B  original

Transformation: .
Minyeoym (—f(X), [x]) bi-objective
Initialization: put the special solution {0}" * Selection: each solution in the population P
into the population P is selected with probability 1/|P|
_ . _ e.g., if P contains 10 solutions, each solution
Reproduction: pick a solution x randomly is selected with probability 1/10
from P, and flip each bit of x with prob.
1/n to produce a new solution  Bit-wise mutation:

Pr(flip i specific bits)= (1/n)*(1 — 1/n)"

e.g., the probability of flipping a specific bit
of a solution is (1/n)(1 — 1/n)"!

Updating: if the new solution is not
dominated by any solution in P, put it
into P and weed out bad solutions

* The population P always contains non-

Output: select the best feasible solution : .
dominated solutions generated so-far

http://www.lamda.nju.edu.cn/qgianc/ http://www.lamda.nju.edu.cn/yuy/



Theoretical analysis

POSS can achieve the optimal approximation guarantee,
previously obtained by the greedy algorithm

Theorem 1. For subset selection with monotone objective function f, POSS using
E[T] < 2eB?nlfinds a solution x with |x| < B and|f(x) > (1 —e~") - OPT,

the expected number of iterations /

the optimal polynomial-time approximation ratio,
previously obtained by the greedy algorithm [Das & Kempe, ICML'11]
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Proof

Lemma 1. For any X € V, there exists one item ¥ € V \ X such that

A 4y
fX U} — f(X) 27 (OPT|— f (X))
/ B
submodularity ratio [Das & Kempe, ICML/11] the optimal function value

Roughly speaking, the improvement by adding a specific item
is proportional to the current distance to the optimum

http://www.lamda.nju.edu.cn/qgianc/ http://www.lamda.nju.edu.cn/yuy/



Proof

Lemma 1. For any(X)E V, there exists one item ¥ € V \ X such that
- Y
(XU} — f(X) 2 5 (OPT — 7 (X))

.. a subset
Main idea:

[
e consider a solution%with x| <iand f(x) = <1 — (1 — g) > - OPT

i =0 =5
initial solution 00 ... 0 1 1 A 1 L
initial solution 00 ... _( _B) B By
|000|=0 letm =B/y >1—e77
f(00..0)=0

(1-1/mm<1/e
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Proof

Lemma 1. For any(X)E V, there exists one item ¥ € V \ X such that
- Y
(XU} — f(X) 2 5 (OPT — 7 (X))

.. a subset
Main idea:

[
e consider a solution%with x| <iand f(x) = <1 — (1 — g) > - OPT
9

i =0 > [ =
| .
initial solution 00 ... 0 1-— (1 — E) 2

100..0] = 0

B

f(00..0) =0 the desired approximation guarantee
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Proof

Lemma 1. For any(X)E V, there exists one item ¥ € V \ X such that
- Y
(XU} — f(X) 2 5 (OPT — 7 (X)) —

o a subset
Main idea:

l
e consider a solutioné@with x| <iand f(x) = (1 — (1 — %) ) - OPT —
* in each iteration of POSS:

> select x from the population P

> flip one specific 0-bit of x to 1-bit

(i.e., add the specifi¢item ¥ in Lemma 1)

A

. , ]/i+1
x| = x| +1<i+1and|f(x) = 1—(1—5) . OPT
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Proof

Lemma 1. For any X € V, there exists one item ¥ € V \ X such that

fXU - f(X) =2 g(OPT — (X))

L FG G = L (0PT - £()
L fx) = (1 _ g) £l + g . OPT
Fx) = (1 _ (1 _ g)l) . OPT \ ‘

flx) = (1 — g) (1 — (1 — g)i) . OPT + g- OPT = <1 — (1 — g)m) . OPT
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Proof

Lemma 1. For any(X)E V, there exists one item ¥ € V \ X such that
- Y
(XU} — f(X) 2 5 (OPT — 7 (X)) —

o a subset
Main idea:

l
e consider a solutioné@with x| <iand f(x) = (1 — (1 — %) ) - OPT —
* in each iteration of POSS:

> select x from the population P, the probability: ﬁ
-1
» {lip one specific 0-bit of x to 1-bit, the probability: % (1 — l)n >~

n en
(i.e., add the specific item ¥ in Lemma 1)

]/i+1
IX| = x| +1<i+1and f(x') = 1—(1—5) .OPT  «

I —— i+ 1 the probability: — .2

|P| en
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Proof

Lemma 1. For any(X)E V, there exists one item ¥ € V \ X such that

XUpy —fX) = g(OPT — (X))

o a subset
Main idea:

l
e consider a solutioné@with x| <iand f(x) = (1 — (1 — %) ) - OPT

e in each iteration of POSS:

[ —— i+ 1 the probability:[— -

P|<2B 1

»

» Exclude solutions with size at least 2B

> The solutions in P are always incomparable

" 2eBn

For each size in

» {0,1,...,2B — 1},
there exists at most
one solution in P

http://www.lamda.nju.edu.cn/qgianc/
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Proof

Lemma 1. For any(X)E V, there exists one item ¥ € V \ X such that
o~ Y
(XU} — f(X) 2 5 (OPT — 7 (X))

o a subset
Main idea:

l
e consider a solutioné@with x| <iand f(x) = (1 — (1 — %) ) - OPT

e in each iteration of POSS:

. : .. [T 1] IPI<2B 1
[ —— i+1 the probablhty:ﬁ-; "5op
eBn

i —— i+ 1 the expected number of iterations: 2eBn

i =0 ——B the expected number of iterations: B - 2eBn

http://www.lamda.nju.edu.cn/qgianc/ http://www.lamda.nju.edu.cn/yuy/



Theoretical analysis

POSS can achieve the optimal approximation guarantee,
previously obtained by the greedy algorithm

Theorem 1. For subset selection with monotone objective function f, POSS using
E[T] < 2eB?n finds a solution x with |x| < B and|f(x) = (1 —e”Y) - OPT

—

the optimal polynomial-time approximation ratio,
previously obtained by the greedy algorithm [Das & Kempe, ICML'11]

POSS can do better than the greedy algorithm in cases
/[Das & Kempe, STOC'08]
Theorem 2. For the Exponential Decay subclass|of sparse regression, POSS using
E[T] = O(B?(n — B)nlogn) [finds an optimal solution} while the greedy algorithm
cannot.
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Experiments on sparse regression

/ Sparse regression: given all observation variables V = {vy,...,v,}, a*,
| predictor variable z and a budget B, to find a subset X < V such that |
, |
! Var(z) — MSE, » :
! max R:y = : X|<B

: X<V z,X Var(z) | | :
| |
: Var(z): variance of z MSE, x: mean squared error of predicting z |
' by using observation variablesin X

a subset X of observation variables

N

observation variables predictor

%1
xZ
%3
%4
%5
%6
X7
*B
)
*10
%11
®12
®13
%14

028
031
0.11
0.1
002
036
0.2
0.1
0.3z
0.24
01z
0.36
0.2
0.24

Dis.
046
Q.59
0.0z
01
.15
Q.02
02
Q.03
01
a
0.45
0.58
Q02
0492

LR
1
0.54
053
0,54
033
0.0
0.21
0.3z
02
002
0.44
012
0.24
033

AlC.
0.22
0.58
043
073
0.56
0.3z
0.21
033
0.06
0.8

064
073
034
.24

BIC| RF.}
oa3l 11
psel 11
0018 1

092 1

0.36]0.78)
00z10.221
oozloail
0510044l
086) 0

0.03]033)
pasl 1)
oselas7l
00230891
0931056

1 .
: \.— variable z

Corr,

>

%1
e
#3
Ex|
*5
i3]
7
Eis]
%10
%11
12
%13
%14

Corr.' Dis. |-lE-i
1028 0480 1 1
oga b .

1031] 059 :

10111 002 § 053 |

lo1l o1 1064y
00z; 015 o3z | -
Foon I -

1036y 062 i -
102 02 j021
o1l o003 o3z I

Ipazl o1 102 §
pa; o loozp -
04a 1
o1z I .

1012 025 |
1036] 038 |

1021 002024

1 1
foz¢] 032 Loz )

o | A NBIC | RF. |
o 102z loszl 11
. D osglossl 11

0.43 ICI.D1 1

g 073 092y 1

| 0.56 |'U.35|CI.T"|'3|
- 1 03z lnozlozel
w1 p21 bopzloa1l

033 j0.51)044)

| 006 056} 0
~ | 06 10031033
w1 0a4 loasl 11
~ 1 p73 hselosrl

034 ooz oas!

" LR241093 10,35
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Experimental results - R* values

the size constraint: B = 8

the number of iterations of POSS: 2eB%n

exhaustive search greedy algorithms relaxation methods
\ %

Data set [OFT ] POSS TR ToBa OMP RIE ] TCT |

housing 4370297 | JT437L.0297 | 742910300 742340301 7415103000 7IBEL.0304e | V735430297 @
eunite200 | LB4E40132 | JB4BR2E.0132 | L B3481.0143e B4424 0144e 834910150 842440153« | B320L£.0150e
svimguide 3 270540255 | L2T01x.0257 | 2615+.0260e 2601+.0279« 25570270 21364+.0325e | 239710237 e
ionosphere 599540326 | L59904£.0329 | 592040352 592040346 5921.0353e 583240415« | 57400348
sonar - 53650410 | 51710440 513840432 511240425« 4321406036 | 4496+ 04820
triazines — A301+.0603 | 415040592 41070600  _4073L.059le 3615+.0712¢ | 3793+ .0584e
coll 2000 — 062740076 | 062440070 061940075 0619+.0075e 0363 1+0141le | 053700075«
mushrooms - L9124.0020 | 99091+.002]1e 990940022« 990940022« 68[34.1294e | B8652+.0474e
clean| — A368L.0300 | 4169+.0299e 414540309 41324+ 0315«  _15396+.0562e | 3563 +.0364e
w3a - A3T764.0267 | L33194.024Te 334140258« 331340246 334240276 | 26944 0385e
gisette — 26540008 | CTOOL+E011l6e 674740145 6731+.0134e 53604+.0318« | 570940123«
farm-ads - A217+.0100 | . 4196.0101le 41704+.0113« 417030113 = A771x.0110e

POSS: winftie/loss — 12// 0y 12/0/0 12/v0 1 1/O/0 12/v0

e denotes that POSS is significantly better by

the t-test with confidence level 0.05

&

POSS is significantly better than all the
compared algorithms on all data sets

http://www.lamda.nju.edu.cn/qgianc/
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Experimental results - R* values

different size constraints: B = 3 - 8

O oPT RFE = = = [ CFP scAaD % Lasso

0.261
0.24}
RS 022t

0.2f

(a) on svmguide3 (b) on sonar

POSS tightly follows OPT, and has a
clear advantage over the rest algorithms
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Experimental results — running time

OPT: n®/B5 greedy algorithms (FR): Bn POSS: 2eB?*n

0.42 _
0.72f
07[ fmmm - - 041! : -
: ’—-~\ é - é ,’—-~\ é .
N% 0.687 é ,/"-\\ II \\é 1 N% ;,z""\\ II 5 \\ ; theC.)retlc.al
[ \ [ 2eB%n | 7 \ { 2eB“n | : | running time
0661 :\0Bn)/ \=43Bn/: - 0.4} 2 10Bn | \=43Bn/
E \s~_,’ \\\_— s : é\ _.’ Se X :
0.64 / —POSS = = FF{\§ - ]— POSS === FF){\
10 20 30 40 0-397770 20 30 40
Running time in Bn Running time in Bn
(a) on gisette (b) on farm-ads

POSS can be much more efficient in practice
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Pareto optimization vs. Greedy algorithm

Greedy algorithm:
* Generate a new solution by adding a single item

(i.e., single-bit forward search: 0 — 1)
* Keep only one solution

Pareto optimization:

* Generate a new solution by flipping each bit with prob. 1/n
> single-bit forward search: 0 - 1
» backward search:1 - 0
> multi-bit search : 00 - 11

* Keep a set of non-dominated solutions due to bi-objective optimization

Pareto optimization may have a better ability of
escaping from local optima

http://www.lamda.nju.edu.cn/qgianc/ http://www.lamda.nju.edu.cn/yuy/



Variants of subset selection

* Subset selection Maxyeo1yn f(x)  s.t. |x| <B
* General constraints MaXyego 1y f(X)  s.t. c(x) <B
* Multiset selection Maxyezn f(X) s.t. |x| =B
N
x;: the number of times that the item v; appears
* k-subsets selection MaXyefo 1, k3 f(X) s.t. [x| <B
4

x;: the subset where the item v; appears
* Sequence selection max,es f(x) s.t. |x|<B
N

x: a sequence where the order of items influences f

* Ratio optimization MiNyego 13 f(x)/g(x)

http://www.lamda.nju.edu.cn/qgianc/ http://www.lamda.nju.edu.cn/yuy/



Variants of subset selection

 Subset selection

e Multiset selection

 k-subsets selection

* Sequence selection

* Ratio optimization

[Friedrich & Neumann,

Mmaxxepayr f(xX) st X < B 1ops Qianet al, Nips15]

Maxyepon f(x)  s.t. ¢(x) < B [Qianetal, JCAT'17a]

maxyezn f(x) s.t. |x| < B [Qianectal, AAAI'18]
MAXyefo,1,. k3" | (x) s.t. |x|] £ B [Qianetal, TEvC'18]

Maxyes f(x) s.t. |x| < B [Qianetal, IJCAI'l8]

MiNyeo1ym f(x)/g(x) [Qian et al., JCATI'17b]

Pareto optimization can achieve the best-known polynomial-time
approximation guarantee, and perform well in practice
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Ratio optimization

The PORM algorithm [Qian, Shi, Yu, Tang and Zhou, [JCAI'17]

Minyeo1yn f(x)/g(x) original
Transformation: .
Mingeoyn (f (X), —g(x)) bi-objective
Algorithm 2 PORM algorithm Initialization: put a random solution from
. . - £ s . T + . .

st s ol T [ 01 R (0,1)" into the population P
Parameter: the number T of iterations . . .
I())utput: a solution z € {0, 1} Reproduction: pick a solution x randomly

rocess: . . .

1: Select @ from {0, 1}™ uniformly at random. fI'OI'I'l Pl and ﬂlp eaCh blt Of x Wlth prOb'

2: Let P={x}andt = 0. 1

2 Lol l =iz 1/n to produce a new solution

4:  Select & from P uniformly at random. . . . )

5: -Generare &' by flipping each bit of z with prob. 1/n. Updatlng: if the new solution is not

6: if 4z € P suchthat z < =" then . . . o

7. P=(P\{zeP|a <z})Ua'}. dominated by any solution in P, put it into

y any p

2 Sl ::{ffg iiLL?Q:fg;'__}'zQ — argmax.co g(2). _—" P and weed out bad solutions; keep at
- (Fj;g\g‘)l@e??{ (2/ %)' most three solutions for each subset size
H—end tif+ - ' (smallest f, largest g, smallest ratio f/g)
‘]:i. En[] !!rhilﬁ . . s
14: return arg mingep f(z)/g(x) — QOutput: the solution with the smallest ratio
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Ratio optimization

The PORM algorithm [Qian, Shi, Yu, Tang and Zhou, [JCAI'17]

Minyeo1yn f(x)/g(x) original
Transformation: @
Minyeroyn (f (x), —g(x)) bi-objective

Theory: PORM achieves the best-known approximation guarantee
X7
(A+(x* -1 A=Ky

, previously obtained by GreedRatio [Bai et al, ICML'16]

.
*

. . o “e-1dc100 | e
Appllcatlon: ey -x-1de1000 “s.. 1
":.; b -e-syn100 ‘nﬂ et
T B | oo [osyntoon] e [ —--
F-measure maximization ¢ S I Sl I
. e . . LT R :___'_', I P
in information retrieval E Pi---- - o =- %
:l%:u.z I:I.IB Ef4 0.5 DG 0.y 0.8
Always better ?

Improvement ratio over GreedRatio
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Pareto optimization for subset selection

achieve excellent performance on diverse variants of
subset selection both theoretically and empirically

The running time (e.g., 2eB*n) for achieving a good solution

unsatisfactory when the problem size (e.g., B and n) is large

can be reduced to linear time but with performance loss
[Crawford & Kuhnle, 2019]

A sequential algorithm that cannot be readily parallelized

How can Pareto optimization be applied to
large-scale subset selection problems?
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Outline

dIntroduction

dPareto optimization for subset selection

JPareto optimization for large-scale subset selection
dPareto optimization for noisy subset selection
dPareto optimization for dynamic subset selection

J Conclusion
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Pareto optimization for subset selection

randomly )
J| picka
l solution

\
[
|
|
|
population flip each bit
} with prob. 1/n |

|

|

[

|

|

I

Bi-objective transformation:

Maxyeoyn f(x) s.t. |x|<B

b

minxe{o,l}n (_f(x); |x|) ///

Pad I a new
select

-’

A

/ -
- i i solution
MOEA -~ nebest | o s
/ -
OEA fea5|p|e delete dominated solutions from P
solution ,
4

iteration 1 iteration 2
Sequential N A
a N\ I
- -
A, A
S S
solution = pick a a hew = pick a a new
{o}" = solution solution = solution solution
o o
(@ o
\el \
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Parallel Pareto optimization for subset selection

iteration 1 iteration 2
- -
A A
= =
. o . o .
solution = pick a a new = pick a a new
n © . . m© . .
{0} 5 solution solution S solution solution
Q Q
o o
(@ o
\___ N
' R
sf)lnte'\:)vn ( szlnte'\c,)\,n
. uti uti
Parallelizable
alnte_w R aInEw
3 solution 3 solution
(= =
. o o
solution = a new y = a new
{o* S solution 5 solution
Q (el
o o
o (al
a new | a new
solution solution
a new | a new
solution solution
N D
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Parallel Pareto optimization for subset selection

#iterations: T
AL

\
#cores A E
solution S pick a a new = pick a a new
POSS 1 {o}* r—é solution solution % solution solution
5] Q
[Qian et al., NIPS'15] i i

#iterations: T /N
A

S Y '
/ a new a new
solution solution
EEE—
a new a new
#Cores o solution ol solution
= =
) o - o -
PPOSS N solution = pick a a new = pick a a new
{oy" = solution solution = solution solution
=, 7 a " v
. o (o]
)
[Qian et al., IJCATI'16] o o new e A new
R . —»
solution solution
a new a new
k solution solution
(S

Q: the same solution quality? Yes!
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Parallel Pareto optimization for subset selection

#cores

POSS 1

[Qian et al., NIPS'15]

Linear speedup

#cores

PPOSS 1v<

[Qian et al., JCAI'16]

N

{

} [ population P }

population P

{

'
a9
(=
. o
pick a a new v =
solution solution S
Qo
o
(@
(G
'
anew |8
solution
anew |8
solution n
(=
. (@)
pick a a new 8‘ =
solution solution =B
o
(@)
v 2
a new |
solution
anew |8
solution
(G

1
— success
en

1
— success
en

1 — i failure
en

AN
(1 ——> all failures
en

1\M
1-(1-5)
en

at least one success

N

en

~
~
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Theoretical analysis

Theorem 3. For subset selection with monotone objective function f,
the expected number of iterations until PPOSS finds a solution x with
x| < Band|f(x) > (1 —e77)-0PTiis

(1) if@z o@), then@S Keep the optimal

(2) if N = Q(ni) for 1 <i < B, then E[T] = 0(B?/i); approximation guarantee
(3) if N = Q(n™nBE-11}) then E[T] = 0(1).

* When the number N of cores is asymptotically less than the number n
of items, the expected number E[T] of iterations can be reduced linearly
w.r.t. the number of cores
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Theoretical analysis

Theorem 3. For subset selection with monotone objective function f,
the expected number of iterations until PPOSS finds a solution x with
x| < Band|f(x) > (1 —e77)-0PTiis

(1) if@z o@), then@S Keep the optimal

(2) if N = Q(ni) for 1 <i < B, then E[T] = 0(B?/i); approximation guarantee
(3) if N = Q(nmnBE-11}) then E[T] = 0(1).

* When the number N of cores is asymptotically less than the number n
of items, the expected number E[T] of iterations can be reduced linearly
w.r.t. the number of cores

» With increasing number N of cores, the expected number E[T] of
iterations can be continuously reduced, eventually to a constant
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Experiments on sparse

regression

Compare the speedup as well as the solution quality measured by R* values

with different number of cores

”~ N\ ”~
10 0.058 10 T 0.995
l —Linear —Greedy —Linear l —Greedy ‘
~-PPOSS L *PPOSS ~=PPOSS a7 0.994 | *+PPOSS
I -=-PPOSS-If | I 0.057 |5 pposs-If -s-PPOSS-If ‘ I -« PPOSS-f I
& = 0.993 |
| ‘E 8 | %0086 3 6 | A |
4%, I - Fa | o M
/ 0.055 RS RO S 2 B e v i IO
/ I, | 2 | |
V4 | 2 4 5 8 10l 005 4 6 8 10 2 4 6 8 10‘ 089 2 4 [ 8 10)
/ N o Eurﬁero_fco_res_ P Number of cores Number of cores N o - _Nuiber_of(ﬂ'es_ 2
/ (a) coil2000 (9000 #inst, 86 #feat) (b) mushrooms (8124 #inst, 112 #feat)
l 10 0.44 10— T 0.36
—Linear —Greedy —Linear —Greedy
—=PPOSS +PPOSS | |-PPOSS “a- +PPOSS
Speedup A 042 /la pPOSSHIf -e-PPOSS-If 0.34 = PPOSS-If
o o
=) . S -
_?3 ’ % 04) —?» ’ r\-:032-
&4 —t= & ' 11 11
038t ¥ T ]
2 ) DR § .
2 4 5 5 w0 " 2 4 e 8 w0 2 2 6 5 10 2 4 5 &8 10
Number of cores Number of cores Number of cores Number of cores
(c) cleanl (476 #inst, 166 #feat) (d) wbha (9888 #inst, 300 #feat)
10 10—
—Linear ore —Greedy —Linear 049 —Greedy
~-PPOSS o076/ *PPOSS s ~-PPOSS 0.44 *+PPOSS
[=-PPOSS-If " |l=PPOSSHIf [=-PPOSS-If = PPOSS-If
o | =y 0.43
?; 6 | ».xo‘m _:3)) 6 o |
o4 or2t F & a 042 I
041 Il
2 07} ! 2
2 4 6 8 10 2 4 6 8 10 2 4 6 8 o M 4 6 8 10
Number of cores

Number of cores

Number of cores

(e) gisette (7000 #inst, 5000 #feat)

Number of cores

(f) farm-ads (4143 #inst, 54877 #feat)

N\

\

N\

N\

Solution
quality
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Experiments on sparse regression

the lock-free version of PPOSS  the best previous algorithm [Das & Kempe, ICML'11]

10 —— 7\ , ! 0.45 [ /
—Linear | | ’,’_ —Greedv
o |2=PPOSS ZE LY 44| [PPOSS
-a-PPOSS-If s /\’--' = PPOSS-If
_%* 6 7 . 043}
O / o
2 0.42 _
4 - i T T
| 0.41}
2
| 04— ‘ : ‘
2 4 6 8 10 2 4 6 8 10
Number of cores Number of cores

(f) farm-ads (4143 #inst, 54877 #teat)

PPOSS (blue line): achieve speedup around 8 when the number of cores
is 10; the R? values are stable, and better than the greedy algorithm

PPOSS-If (red line): achieve better speedup as expected; the R* values
are slightly worse
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Pareto optimization for subset selection

achieve excellent performance on diverse variants of
subset selection both theoretically and empirically

Parallel Pareto optimization for subset selection

achieve nearly linear runtime speedup while keeping the
solution quality

Require centralized access to the whole data set

restrict the application to large-scale real-world problems

Can we make Pareto optimization distributable?
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(Parallel) Pareto optimization for subset selection

flip each bit ~ The new solution contains any
With prob- 1/n jtem with some probability

Ny

Fa
A, a,
; :
1 solution = pick a a new 2 pick a a new
POSS {o}* S solution solution = solution solution
g 2
[Qian et al., NIPS’15] —
- -
/ a new . a new
solution solution
—
a new a new
5 solution e solution
5 Y 5 r
PPOSS N solution = pick a a new = pick a a new
{o" = solution solution = solution L solution
(= s o s
. , o o
[Qian et al., JCAI'16] & A a o ew )
R B —>
solution solution
a new a new
K solution solution
N J

Require centralized access to the whole data set at each machine

Large-scale data is too large to be stored at one single machine
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Distributed Pareto optimization for subset selection

POSS Single machine v
[Qian et al., NIPS'15] a.
_ S _
Data > solution = pick a a new
{o}" S solution solution
o
a
(W
DPOSS
[Qian et al., JCAI'18] stage 1
A
4 N
Single machine
- S
data 1 »i | solution % pick a a new [
{0} ] solution solution
§ Single machine
) -
= ° * o Iuti 2
pata J1a| - : ] S e
= -
Single machine
data m solution % pick a a new
. {0} E] solution solution
uniformly g H
random partition i Sm

S%Z

pick a
solution

a new
solution

Output the subset satisfying

v

argmaxs {f(S)|I1<i<m+1}
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Experiments on sparse regression

Compare DPOSS with the state-of-the-art distributed greedy algorithm
RandGreeD1i [Mirzasoleiman et al.,, IMLR’16] under different number of machines

On regular-scale data sets

0.86

@ bPoss |
% RANDGREEDI
0.84

I 0.92 ‘ ' '
0.9 {1 % q”% 0
o2, o~ Lo Lf
SRy '_‘;%.—.—:ﬂ:::%::- I::} 0.86 %—--%
08 08 @ DPOSS
0.82 r|¢ RANDGREEDI

2 4 6 8 10 2 4 6 8 10

m 1

(a) MicroMass (n=1,300)

0.78

(b) colon-cancer (n=2,000)

[ 0995 ; ; :
T o T ]
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(e) GHG-Network (n=>5,232) (f) leukemia (n=7,129)
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(c) SVHN (n=3,072)
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(d) gisette (n=>5,000)

-3 DPOSS
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(g) Arcene (n=10,000)
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(h) Dexter (n=20,000)

DPOSS is always better than RandGreeDi
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Experiments on sparse regression

—

On regular-scale data sets o
5 2 0.99 0'9940 g9 0992 0992  0.092
. . ©099 T : Gosd Cosd 0.989
. the solution quality by DPOSS < - -
ratio = : _ S
the solution quality by POSS £0.98
. Eoar|
DPOSS is very close to =
the centralized POSS 30-96*
0.95
2 3 4 5 6 7 8 9 10
m
On large-scale data sets Data set DPOSS TR ANDGREEDI
Gas-sensor-flow (n=120, 432) B18+.005 ( .7104.017
DPOSS is better than Twin-gas-sensor (n=480, 000) .601+.014 | .470+.025
. Gas-sensor-sample (n=1,950, 000) [ .289+.029 | .2454.018
RandGreeD1i
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Experiments on maximum coverage

On regular-scale data sets

2
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6

Frpbaptty o
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517%

frb53-24-mis (n=1,272) (d) frb56-25-mis (n=1,400)

‘@ DPOSS 1420 3 DPOSS 1
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1410

2) ca-HepPh (n=12,008)

On large-scale data sets

3 DPOSS
¢ RANDGREED!
516

6 8 10 2 4 6 8 10 2
m

() frb100-40-mis (n=4,000)

4 6 8 10
m

(h) retail (n=88,162)

Data set

DPOSS | RANDGREEDI

accident (n =340, 183)
kosarak (n=2990, 002)

175+1
9263+0

170.611.34
92630

DPOSS is very close to the centralized
POSS, and is better than RandGreeD1
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Pareto optimization for subset selection

achieve excellent performance on diverse variants of
subset selection both theoretically and empirically

- Parallel Pareto optimization for subset selection

achieve nearly linear runtime speedup while keeping the
solution quality

Distributed Pareto optimization for subset selection

achieve very close performance to the centralized algorithm

large-scale subset selection
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Noise

Previous analyses often assume that the exact value of the
objective function can be accessed

However, in many applications of subset selection, only a
noisy value of the objective function can be obtained

- T mEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE - ~
’ \
| “i%a Influence Influential users e objective function f(X): |
I s & et . e . | 3 ¢ | the expected number of '
: 2e%% . o maximization > . l
P R et n"® 5 o users activated by :
afar a2 “gmn = = 7 .
[ g gy | ) | @ [P | propagating from X |
e EJL 154 B am o I
I = u'a sty
| ‘ |
, |
\ !
e il lttthhhndn'b8 . _7
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1st diffusion: 15

® _® : :
4 2nd diffusion: 16
‘ - / v/ @ ’@ !
Na~d— To achieve an
( accurate estimation,
o) i .
| 10,000 independent
@ . .
| diffusion processes

are required
Very expensive [Kempe et al., KDD’03]
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Noise

Previous analyses often assume that the exact value of the
objective function can be accessed

However, in many applications of subset selection, only a
noisy value of the objective function can be obtained

o TEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE ~
’ \
! shaa The objective function f(X): |
I 8 et ® . . Influence Influential users € opjeclive runcton f(X): I
| R . KT g the expected number of |
s®g @ 9 I .
I 6l e nnn maximization e o=¢ users activated by '
2 e LR Y E—) e Y | propagating from X |
I [4ag ‘1’1 1 . x“;".u s KatizFalten finner 3 |
I OR° g ES ufﬁ ' I
I : . noise '
i The average number of users activated by a limited number l
\ _ of independent diffusion processes [Kempe et al., KDD'03] !
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Noise

Previous analyses often assume that the exact value of the
objective function can be accessed

However, in many applications of subset selection, only a
noisy value of the objective function can be obtained
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How about the performance for noisy subset selection?
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Outline

dIntroduction

dPareto optimization for subset selection

dPareto optimization for large-scale subset selection
JPareto optimization for noisy subset selection
dPareto optimization for dynamic subset selection

J Conclusion
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Noisy subset selection

- EE o e S S B DS D BEE S B G SEE e B G GEe e B G Sae e G G Sae e G G Sae e S G Ga e Ean G Sae e B S mmw o Eay

' Subset selection: given V = {v, ..., v,}, an objective function
' f:2¥ > Rand a budget B, to find a subset X € V such that
I |

______________________________________________

exact objective value noisy objective value

' Multiplicative: (1—€)-f(X) < FX)<(Q+¢€)-f(X)
Noise <

'_Additive: f(X) —e<FX)<f(X)+e¢€

Applications: influence maximization, sparse regression
maximizing information gain in graphical models [chenetal, cors)

crowdsourced image collection summarization (singla et al, AAAT16]
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Theoretical analysis

Greedy algorithm & POSS [qian et a1, NiPs'17:

¢ < 1/B for a constant
approximation ratio

1 1—¢€\" Y\5B
f(X)21+ SR (1—<1+6> (1—§)>-OPT ‘

Multiplicative noise: e: the noise strength

1 —
Additive noise: (1=

fx) = (1 _ (1 B g)3> . OPT — (E _ ﬁe_y> . constant y

The noiseless approximation guarantee [pas &« Kempe, ICML11; \
Qian, Yu and Zhou, NIPS'15]

Y\B a constant
fX) = <1 — (1 — E) ) +OPT=(1—e77)-OPT approximation ratio

The performance degrades largely in noisy environments
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PONSS

In our previous work, threshold selection has been
theoretically shown to be robust against noise [Qian et al, ECJ'18]

———————————————————————————————

.f(X) > f(Y) ) f(X)>f(Y)+6 . Exponentially

. decrease the

: A solution is better if its objective value is larger |

' by least a threshold ! running time
“dominate”
X)=f(Y
POSS [Qianetal, NIPS'15] X XY © f&X) =7 ) Reduce the risk
| X] < |Y] .
of deleting a

ood solution
PONSS [Qian et al.,, NIPS'17] l >

Multiplicative noise: X Y & < fX) =z _ gf (¥)
\ | X| < |Y]
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PONSS

In our previous work, threshold selection has been
theoretically shown to be robust against noise [Qian et al, ECJ'18]

———————————————————————————————

.f(X) > f(Y) ) f(X)>f(Y)+6 . Exponentially

: A solution is better if its objective value is larger : decrease the

by least a threshold i running time

fX) = f(¥)

Reduce the risk
1 X| < |Y]

of deleting a
good solution

f&X) =z f(¥Y) +26
X < Y]

“dominate”
POSS [Qianetal, NIPs'15] X XY & {

PONSS [Qian et al., NIPS'17] l
Additive noise: X<Y& {
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Theoretical analysis

Multiplicative noise:

PONSS  f(X) 2{— E(1 - (1- g)B)

1+e€
(6 =€)
POSS & Greedy f(X) = 123 (1—(1_6>B(1—Z)B>-OPT
1_|_(1_€ ) 1+e€ B
g Sy e S (5e0-0)
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Theoretical analysis

Multiplicative noise:

PONSS f(X) = ; (1 _ (1 _ Z)B> opy  Significantly
te B better
(6 =¢€)

1 1-€\’ B
POSS & Greedy f(X)21+ 5-H (1—<1+§> (1—%) )-OPT
(1—-¢€)y

Y = 1 (submodular), € is a constant

PONSS a constant approximation ratio

POSS & Greedy  O(1/B) approximation ratio
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Theoretical analysis

Multiplicative noise: .
Significantly

PONSS fX) = 1—;2 <1 - (1 — %)B> - OPT better

1 1—€\"/  7\B
POSS&Greedy f(X)21+( 263) (1—<1+E> (1—5) )-OPT
1—¢€)y

Additive noise:
PONSS [0 = <1 -(1-%) ) .OPT—2¢  better

POSS & Greedy /00> (1-(1-7
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Experimental results - influence maximization

PONSS (red line) vs POSS (blue line) vs Greedy (black line):

* Noisy evaluation: the average of 10 independent Monte
Carlo simulations

* The output solution: the average of 10,000 independent
Monte Carlo simulations

ﬁ:l:l T
~F B d]
?ﬁﬁzﬂ - B - o7
Fu| '
- -
s TIO| O -8l
¥ 2 2 e
E ﬁ* -a-POMNSE]
Influence spread ©-POSS
under different 00 . R
5 T B
budgets Budget £

g

:

:

' . 2t 4
m%mﬂ L 'R
o
r——————————

Influence Spread

:

—#-POMSS
—FO55

—Gready

I .
Running time in in

(b) Weibo (10,000 #nodes, 162,371 #edges)

Performance
over runtime
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Experimental results - sparse regression

PONSS (red line) vs POSS (blue line) vs Greedy (black line):
* Noisy evaluation: a random sample of 1,000 instances

* The output solution: the whole data set

R? value under
different budgets

0.1E
0.14 - -8B - g
. o o ]
o - =
0120 -
xS -
- o
o o ==
gr e
0.DE [ -
e
T —E-POMNSS
0.0er -e-POSS
- Greedy
0.04 :
10 12 14 15 18 0
Budget k

H:’

015

0.05n

[&

0

1~
-#-POMNSS \
—P0ss b}
- - _E-:FEE“ Performance
Running time in kn over runtime

(a) protein (24,387 #inst, 357 #feat)
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Experimental results — sensitivity to 6

PONSS (red line) vs POSS (blue line) vs Greedy (black line):

“dominate”
X<Ye f(X)——f(Y)
1X| < IYI

E.noJk - |

"% *‘"ﬁ-*—-"x*r__‘,__—-*——r"‘

= 400}

v

)

= 300

Al

=

S 200} —#-PONSS|

POSS

100 — Greedy

0.1 []2 [13 []ri D5 UE'- |]',r 08 09 1
7

(b) Weibo

The performance of PONSS
is not very sensitive to 6
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Outline

dIntroduction

dPareto optimization for subset selection

dPareto optimization for large-scale subset selection
dPareto optimization for noisy subset selection
JPareto optimization for dynamic subset selection

J Conclusion
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Dynamic sensor placement

Sensor placement [Krause & Guestrin, IJCAI'09 Tutorial] - select a few places to
install sensors such that the information gathered is maximized

10 sensors

4

15 sensors
(more investment)

4

12 sensors
(sensor failure)

Fire detection

How about the performance for dynamic subset selection?
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Dynamic subset selection

- E— EE B S S B B S B B S S B S S B B S S B S S e S B S EEe S S S B B S S B B S Sae Bae e B mee By,

Subset selection with general constraints: given V = {v4, ..., v,}, an
objective function f:2V — R, a cost function c: 2V - R and a budget B,
to find a subset X € V such that

maxycy f(X) s.t. ¢(X)<B

om m mmm o
— e o = o o -

Dynamic subset selection [Roostapour, Neumann, Neumann and Friedrich, AAAT'19]

The available resources : The budget B may
may change over time change over time

To examine: Can an algorithm find a good solution quickly for the new
problem, when starting from the solutions obtained for the old problem?
Compare Pareto optimization with the greedy algorithm

Both of them achieve the best-known approximation guarantee for the
static problem [Zhang & Vorobeychik, AAAT'16; Qian et al., JCAI'17]
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Greedy algorithm

maxycy f(X) s.t. c(X)<B

Approximation ratio: (a/2)(1 — e™%) [Zhang & Vorobeychik, AAAI'16]

Process: iteratively select one item making the ratio of the increment

on f and ¢ maximzied

CfTtu ) - FOTh
eI (X1 U () — c(XT7D)

v* = arg max

XJ: the subset obtained after j iterations

Iteration j: v\ X/1
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Pareto optimization - POMC

Approximation ratio: (a/2)(1 — e™%) [Qianetal, ICAT'17]

Maxyeoyn f(x) s.t. c(x) <B original

Transformation: 4
MiNyeqo,1yr (—f(x), c(x)) bi-objective

Algorithm 2 POMC Algorithm o . ' _ n

Input: a monotone objective function f, a monotone approx- Initialization: put the special solution {0}

imate cost function ¢, and a budget B into the population P

Parameter: the number 7" of iterations

Output: a solution « € {0,1}" with é¢(x) < B ) ) )

Process: Reproduction: pick a solution x randomly
I: Letw = {0}" and P = {x}. from P, and flip each bit of x with prob.
25 kitifeio' T 1/n to produce a new solution
4. Select  from P uniformly at random.

5. Generate o’ by flipping each bit of & with prob. 1/n. Updating; if the new solution is not
6: if Az € P suchthat z > z’ then . . . .
7 P—(P\{zeP |2 =2} Ul > Flommated by any solution in P, put it
8. endif into P and weed out bad solutions

9. t=t+1.

10:_end while . . .

1 return arg mavac o s 1@ ___» Output: select the best feasible solution
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Theoretical analysis

[Roostapour, Neumann, Neumann and Friedrich, AAATI'19]

The greedy algorithm can achieve arbitrarily bad approximation
ratios during a sequence of dynamic changes

Theorem 1. For dynamic subset selection, there exist instances of dynamically
increasing B and decreasing B such that the approximation ratios of the greedy
algorithm are O(1/n) and 0(1/+/n), respectively.

POMC can maintain good approximation ratios efficiently

Theorem 2. For dynamic subset selection, with a constant probability, POMC
achieves an approximation ratio of (a/2)(1 — e™%) for any budget b € [0, B] after
cnP, B /0 iterations. (Already good for decreasing B)

Theorem 3. For dynamic subset selection with B increasing to B*, with a constant
probability, POMC achieves an approximation ratio of («/2)(1 — e™%) for any
budget b € [0, B*] after cnP,,4,(B* — B)/§ iterations.
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Experimental results - influence maximization

GGA: the greedy algorithm starting from Change of the budget B:
scratch for each new budget %
AGGA: the greedy algorithm 25
. . . E 201
POMC;: POMC running 7 iterations for g
each new budget "
10
POMCYP: POMC, with a warm-up phase
3 . 3 3 . . 5 l ‘ J ) : : :
(running 10,000 iterations for the initial B) 0% S0 T5 100 1B 10 175 200
Changes GGA AGGA POMC 1000 POMC5(’]('] 0 POMC] 0000 POMC\?}EJ() POMC?—?};’UU POMC\]V[E’U 00
mean St mean st mean St mean St mean st mean st mean St mean St

1-25 85.0349 12.88 81.5734 14.07 66.3992 1795 77.8569 18.76 86.1057 17.22 86.3846 10.76 86.9270 12.86 85.8794 14.69
26-50 100.7344 22,16 96.1386 23.99 104.9102 15.50 117.6439 16.71 122.5604 15.54 110.4279 11.08 115.6766 14.21 120.8651 14.97
51-75 118.1568 30.82 110.4893 29.50 141.8249 5.64 155.2126 5.08 158.7228 5.20 140.7838 5.02 149.7658 549 157.6169 5.54
76-100 127.3422 31.14 115.2978 27.66 149.0259 3.36 1599100 3.28 162.7353 3.65 148.3012 3.47 155.1943 4.04 163.1958 3.74
101-125 132.3502 29.62 1169768 25.45 150.3415 3.17 160.1367 2.81 161.2852 2.68 148.5254 2.67 155.1104 3.05 162.3770 2.81
126-150 134.5256 27.69 118.6962 24.19 147.8998 7.36 154.7319 8.77 154.1470 7.43 143.4908 7.96 150.7567 7.82 156.0363 8.12
I51-175 135.7651 25.89 119.4982 22.85 147.2478 4.68 153.1417 5.32 151.2966 3.17 143.2959 479 149.5447 487 153.2526 3.85
176-200 135.5133 2441 119.1491 22.04 139.5072 8.08 143.6928 9.16 1439832 8.67 1347968 8.72 140.5930 &.61 144.4088 8.08

POMC; achieves better performance than GGA and AGGA after 25
changes, and POMC'? can bring improvement in the first 25 changes
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Conclusion

s
/
|

Single-objective : Bi-objective

optimization optimization

— A

—>

Multi-objective

|

I
evolutionary algorithms |
|
|
I
]

. . S O S S B B S B B B B B B S B B S S S B S S S B S S S S S S S S S e S ESe S e S B S s .

 Pareto optimization for subset selection
— Show excellent performance theoretically and empirically

 Pareto optimization for large-scale subset selection

— Introduce parallel and distributed strategies

Pareto optimization for noisy subset selection

— Introduce noise-aware domination relationship

Pareto optimization for dynamic subset selection

— Show robustness against dynamic changes
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Future work

* Problem issues
— Non-monotone objective functions [Qian etal, A1/19; Do & Neumann, PPSN'20]
— Continuous submodular objective functions
— More Complex constraints [Neumann & Neumann, PPSN'20; Do & Neumann, PPSN’20]
— More uncertain environments

—_ Other than SUbset SeleCtion [Neumann & Wegener, NC’06; Friedrich et al., ECJ'10;
Neumann et al., Algorithmica’ll; Qian et al., [JCAI'15;

. . Crawford, [JCAI'19; Assimi et al., ECAI'20]
* Algorithm issues

— More complicated MOEAs

* Theory issues
— Beat the best-known approximation guarantee

* Application issues
— Attempts on more real-world applications
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