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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

| Formally stated: given all items V = {vy, ..., v}, an objective function
| f:2Y - Rand a budget B, to find a subset X C V such that

| maxxcy f(X) S.t. |X| <B

N\

1
|
I
I
|
]

max f (X)
|1 X| <B

Ground set

Subset X € V
V= {vl, ...,Un}

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, IJCAT'09 Tutorial] - select a few places to
install sensors such that the information gathered is maximized

Water contamination detection Fire detection

[tem 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
' ™ s ™

[tem v;: a sentence

Objective f: summary quality

3 &2 optimization

’ ory pr
machine .
= m0d$|S robust c
bayesian analysisstructured m°
network algorithms StOCh stic

Iearnlng inference
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Application - influence maximization

Influence maximization [kempe et al, kD003 : Select a subset of users
from a social network to maximize its influence spread

Influential users

cl ||ckflic;ca
KatieFelten
)

A N\
4

¥

iinnend 3

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 [tropp, TiT04] : S€lect a few observation variables
to best approximate the predictor variable by linear regression

observation variables predictor ~ asubset X of observation variables

: \_—" variable z A S—
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- mean squared
variance 9

[tem v;: an observation variable R eror

Var(z) — MSE, x
Var(z)

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

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

. Si41 Si42 521
Sl @ Q Q
Item v;: a set of elements Objective f: 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

[ Formally stated: given all items V = {v4, ..., v,}, an objective function
' f:2V - R and a budget B, to find a subset X € V such that

-~
/I
; |

___________________________________________ N

1
|
I
I
|
]

Application V; f
sensor placement a place to install a sensor entropy
document sumr M any appll cati ons, but | summary quality
influence ma> NP-hard in gener al! influence spr.ead
sparse regression an observation variable squaredlrr};llhple
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

{ Formally stated: given all items V = {vy, ..., v,}, an objective function |
'f: 2V > R and a budget B, to find a subset X < V such that !
|
|

I maxxcy f(X) S. t. |X| <B

N\

George Nemhauser = [Mathematical Programming 1978]

John Von Neumann | f :monotone and submodular

. Theory Prize Greedy algorithm: (1 — 1/e)-approximation

Application to Q Extension to %
influence maximization non-submodular  yn 11 & NeurIPS 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, NeurIPS'13]
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Previous approaches

* Greedy algorithm

Run
B iterations

—

_ -
-
-
-
-

————————————————————————

— Iteration 1:

— Iteration ;:

XJ: the subset obtained after j iterations
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Approximation guarantees

[ Subset selection: given all items V = {v4,...,v,}, an objective function :
' ' f: 2V - Rand a budget B, to find a subset X € V such that |
|
I

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

f: monotone and submodular

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

I

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: 2V — R requires a solution to be a subset of V

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

Submodular [Nemhauser et al, MP78] : satisfy the natural diminishing
returns property, i.e.,

vVXeYclV,veY: f(Xulv}) —f(X)=fYu{v}) —f();
or equivalently,

VXS Y EV: f(¥) ~ F(X) < Tyenx fX U )) — FOO;

or equivalently,

VX,Y CV: FOO)+fY) = FXNY)+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) = fYu{v} —f()
7

<
/

/

X = {51}
V= 53
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Submodular applications

More applications:

Sensor placement

Document summarization

Influence maximization

Document Summary . . .
(e | (= Their objective
—— — functions are all
——— monotone and
(— ) submodular
s n sttt
BB RS T TNt
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Approximation guarantees

N

|

f 2V 5 Rand a budget B, to find a subset X € V such that |
I

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

o = =

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/e” 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-=-—=- vXcYclV,veY: fXu{v) —fX)=fY u{v} —fI);
OrVX S Y SV f(¥) = f(X) < Sperx f(X Uv]) = FOX) -~~~ ;
Submodular ratio [Das & Kempe, ICMIL/11; Zhang & Vorobeychi, AAAI'16]

FXU{w) -

ap = Iy, fXu{v}) —f(Y)

i Yverf (X U{v}) — f(X)
xcu,vivlskxny=p f(XUY)— f(X)

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

Yur(f) =

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, ICMI11; Zhang & Vorobeychi, AAAI'16] : characterize
to what extent a general set function satisties the submodular property
_ g, JEUWDH ~ fX)

xcywey f(Y U {v}) — f(Y)

Yur(f) = min Yverf(X U {v}) — f(X)
) XCU,Y:|Y|<Sk,XNY=0 f(X U Y) _ f(X)

i

Lower bounds on submodular ratio for some non-submodular applications

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

vur(f) = B2/(IIVIF(B% + a~2|IVII?))
 Determinantal function maximization [Qian et al., JCAI'18]:

& = (Mn(8) = 1/ (4 () — DIT 4:(A))
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Approximation guarantees

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

|L> 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 algorithm:

* 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 max,egn g(w) s.t. |wlp < B non-convex

maxyegn g(w) s.t. |w|; =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, [(CML'11]

 (General constraints

(a/2) (1 —1/e%)
|X | <B - C(X ) <B [Zhang & Vorobeychik, AAAI'16]

e  Multiset selection

_ — B
X: a subset » a multiset (®/2) (1 —1/e%) 1—-1/e
[Alon et al., WWW’12] [Soma et al.,, ICML’14]

 k-subsets selection
1/2

. -
X:a SUbSQt k SUbS ets [Ohsaka & Yoshida, NeurIPS'15]

* Sequence selection

X: a subset - L—e VD
- 4 SUbse a Sequence [Tschiatschek et al, AAAI'17]

* Ratio optimization X"
mingcy f(X)/g9(X) A+ X1 = DA =Ky

[Bai et al., ICML'16]
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Motivation

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

Two contlicting 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., ECJ'10;
Neumann et al., Algorithmica’ll; Yu et al., AlJ'12; Qian et al., IJCAI'15]

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={vlx;=1}

V = {v1,V,, V3,04, U5} asubsetX €V a Boolean vector x € {0,1}°
0 00000
{v1} < 10000
{v2,v3, s} 01101
{V1, V2, V3, V4, Vs} 11111
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Pareto optimization

The basic idea: subset selection
_.-7" and some variants

———————————————————————————————

imaxxe{o,1}" f(x) s.t. |x|<B
Bi-objective optimization

= iy (@), L)

imaxxe{o,1}" f(x) s.t. c(x)<B |
| maxxe{m n f(x) s.t. |x| < BE

1mwwnnf@VM@

| )
x dominates z : \
fikx) < fi(2) N\ f(x) < f,(2) ‘\‘
\ better f;
x is incomparable with y : » \\\ better f;
Uy M
) > AOA L) < HB) e
{0y, TS=m——eee..
e
> f1
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Pareto optimization

The basic idea:
How to
Mmaxyeoyn f(x) s.t. |x|<B transform?
Maxyeoyr f(x) s.t. c(x)<B Bi-objective optimization

Maxxeqoa,. kyn f(x) s.t. [x| <B :> min, (f1(x), f2(x))
MiNlyeo1yn | (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

Maxgeroy f(x) s.t. |x|<B original
Transformation: {0
Mingego,1yn (—f (%), [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, NeurIPS'15]

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

Transformation: {0
Mingego,1yn (—f (%), [x]) bi-objective
Algorithm 1 POSS
Input: all variables V' = {X,...,. X, }. a given objective f TRy . . : : n
and an integer parameter k & [1,71] ymtlahzatlon. put the special solution {0}
Parameter: the number of iterations 7° 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
= from P, and flip each bit of x with prob.
3: while 0 )
4:  Select s from P uniformly at random. v / 1 / n to produce a new solution
5. Generate 8’ by flipping each bit of s with prob. L.
6:  Evaluate f(s") and f5(s’). . . . .
7. if 32 € P such that = < s’ then Updating: if the new solution is not
¥ 8= ({Igf QP) IUQ; é}z}- _— dominated by any solution in P, put it
O: = . s’} . .
lo:  endif into P and weed out bad solutions
1 t=t4+1.
. “' 1 . . .
13 return arg mityeporen /1(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, NeurIPS'15]

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

Transformation: {0
Minyeoyn (—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 probablhty 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)* 1

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
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Subset selection with monotone f

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

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

Transformation: {0
Minyeoyn (—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 probablhty 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)* 1

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
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Theoretical analysis

PPOSS 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; Harshaw et al., ICML'19]
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Proof

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

Y

(OPT

FAXUE) — FO0) 25

submodularity ratio [Das & Kempe, ICML'11]

— (X))

the optimal function value

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

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

o a subset
Main idea:

i
e consider a solutiongwith x| <iand f(x) = (1 — (1 — g) ) - OPT

i =0 t=5
I l (B/v)y
8% ( )
L . —(1-L%) =1—-(1——
initial solution 00 ... 0 1 (1 B) B/y
|00...0| =0 letm = B/y
£(00...0) = 0 —— 2l

(1-1/m)™m<1/e
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Proof

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

o a subset
Main idea:

i
e consider a solutiongwith x| <iand f(x) = (1 — (1 — g) ) - OPT

i - O > l —
T .
initial solution 00 ... 0 1-— (1 — E) 2

100..0] =0
£(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 ir}) — f(X) = 5 (OPT — (X)) —

o a subset
Main idea:

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

> select x from the populdtion P

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

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

A

. , ]/i+1
|x’|=|x|+1SL+1andf(x)2(1—(1—5) )-OPT
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Proof

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

fXUD}) - f(X) =2 g(OPT — (X))

|—|—_> f(x')—f(x)>Z (OPT — f(x))
&> fa) 2 (1- 1) fa) + L 0pT
f(x)>( (1—§)> OPT H

fF(x') = (1 —;7) (1 - (1 —g)l) : OPT+£-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 ir}) — f(X) = 5 (OPT — (X)) —

o a subset
Main idea:

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

¢ in each iteration of POSS:

» select x from the population P, the probability: I%I
-1
> {flip 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)

_ , y i+1
|x’|=|x|+1Sl+1andf(x)2(1—(1—5) )-OPT :
I —— i+1 the probabili’cy:i-L

|P| en
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Proof

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

o a subset
Main idea:

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

¢ in each iteration of POSS:

| | [ 1| lIPI<2B 1
i —— i+ 1 the probablhty:ﬁ°g =2 Bn
e

For each size in

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

> Exclude solutions with size at least 2B

> The solutions in P are always incomparable

http://www.lamda.nju.edu.cn/gianc/



Proof

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

o a subset
Main idea:

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

¢ in each iteration of POSS:

- : [T 1] IPI<2B 1
i —— i+ 1 the probability: Pl on > 2B
ebn

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

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

PPOSS 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™?) - 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)
cannot.

finds an optimal solution} while the greedy algorithm
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Experiments on sparse regression

- E— . O EE EE EE EE EE B EE EE B EE EE B S S e S EEe B S S B S S B S B B e e e e e e e e e

~

// . . . . N
 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

p2. _ Var(z) — MSE,
ZX Var(z)

maxycy | X|<B

Var(z): variance of z MSE, x: mean squared error of predicting z

by using observation variables in X
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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 | OPT | POSS | FR FoBa OMP RFE | 1CP |

housing T437+£.0297 | J7437+£.0297 | .74294+.0300e  .74234+.0301le .74154+.0300e .7388+.0304e | .73544.0297e
eunite2001 .84844+.0132 | .84824+.0132 | .8348+.0143e¢ .84424.0144e .83494.0150e .84244.0153e | .83204.0150e
svmguide3 2705+.0255 | 2701£.0257 | .2615+.0260e  .26014.0279e  .2557+.0270e  .2136+.0325e | .2397+.0237 e
ionosphere .5995+.0326 | .59904.0329 | .5920+.0352e .59294.0346e .59214.0353e¢ .5832+.0415e | .57404.0348e
sonar - 53650410 | 5171x.0440e 51384+.0432e¢  .51124.0425e¢ . 43211+.0636e | .44961+.0482e
triazines - A4301£.0603 | .41504.0592¢ . 4107+.0600e .40734.0591e .3615+.0712e | .37934.0584e
coil2000 - 0627+.0076 | .06244-.0076e .06194.0075¢ .06194+.0075e¢ .0363+.0141e | .0570£.0075e
mushrooms - 991240020 | .9909+.0021e .99094.0022¢ .99094.0022e¢ .68[13+.1294e | .8652+.0474e
cleanl - 436840300 | .41691+.0299e¢  .41454+.0309e¢ 413240315 .1596£.0562e | .356314.0364e
wSa - .3376+£.0267 | .33194.0247e  .33414.0258e¢ .33134.0246e .33424.0276e | .2694+.0385e
gisette — .72654+.0098 | .7001+.0116e .6747+.0145¢ .6731+.0134e .5360+.0318e | .5709+.0123e
farm-ads - A217+.0100 | .4196+.010le .41704+.0113¢ .41704.0113e = 3771x£.0110e

POSS: win/tie/loss - 12/0/0 12/0/0 12//0 11/0/0 12/0/0

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
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Experimental results - R* values

different size constraints: B = 3 — 8

O oPT @\ FR = = = FoBa = = m OMP RFE = = = MGP SGAD X Lasso

(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® /BB greedy algorithms (FR): Bn POSS: 2eB*n

042 E
0.727
07 mo ; ------------------ é-_l 041+ :
L 068 : //"'\\E % g 2N .| theoretical
1 2eB2n I y \ I 2eBn ) : running time
066} : ‘\f43B?'IE _ 0.4+ E\\IOBH,/ \\\:\431??}’ ; i
0.64 / —POSS ==~ FR\§ - /— POSS = =~ FR\§
10 ' 20 ' 3(} 40 0.39 10 ' 20 ' 3(} 40
Running time in Bn Running time in Bn
(a) on gisette (b) on farm-ads

POSS can be 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: better ability of escaping from local optima
* 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 (diverse) solutions due to bi-objective
optimization
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Variants of subset selection

* Subset selection Mmaxyeoyr f(x)  s.t. |x| <B
* General constraints maxyepoyn 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 MaXxeqo,. ki f(x) s.t. [x| <B
N
x;: the subset where the item v; appears
* Sequence selection maxyes f(x) s.t. |x|]<B
N

x: a sequence where the order of items influences f

* Ratio optimization MiNyero 1 f (x)/g(x)
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Variants of subset selection

. [Friedrich & Neumann, ECJ’15;
* Subsetselection  maxyeroiyr f(X)  s.t 1XI S B G el Newnpsis)

e Multiset selection ~ MAXyxezn f(X) s.t. |x|] < B [Qianetal, AAAI'I8]
* k-subsets selection maxyego 1, kn f(x) s.t. |x| < B [Qianetal, TEvC'18]

* Sequence selection max,cs f(x) s.t. |x| < B I[Qianetal, TCS23]

* Ratio optimization ~ Mminyego13n f(x)/g(x) [Qian et al., JCAI'17b]

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

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
W Pareto optimization for noisy subset selection

A Pareto optimization for dynamic subset selection

J Conclusion and Discussion
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Pareto optimization for subset selection

Bi-objective transformation:

Maxygeroym f(X) .t

U

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

U

”
s

”

MOEA -~

Sequential

solution
{03"

x| < B

”
 d

-

——— e = b -

iteration 1

A

-
\
\
randomly ) 1
pick a I
l solution I
I
population flip each bit :
P with prob. 1/nI
A ré I
I
a new
i I
t;:'ﬁ;gt if not dominated, | Selution :
feasible put it into P and I
solution delete dominated solutions from P /
______________________ ”’ ’
iteration 2
AN
N\ I

{

pick a
solution

1

a new
solution

[ population P }\

pick a a new
solution solution

[ population P }
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Parallel Pareto optimization for subset selection

solution
{03"
Parallelizable

solution
{03"

iteration 1

N

iteration 2

N

a4 N\
' R
= A
(= (=
) : 9o -
= pick a a new = pick a a new
— solution solution = solution solution
Q Q
(@] o
(@1 (@}
\ ey Ny
R '
a new | a new
solution solution
a new | a new
3 solution 3 solution
= (=
i) : i) .
= pick a a new o pick a a new
= solution solution = solution solution
o Q
o o
(oL (@l
a new | a new
solution solution
a new R a new
solution solution
\ ey \ iy

~

J-
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Parallel Pareto optimization for subset selection

#iterations: T
AL

~
pick a a new
solution solution

#iterations: T/N
AN

~

pick a a new
solution solution

#cores

POSS 1 <

[Qian et al., NeurIPS'15]

A,
=
8
-y
o)
=
o
(=]
Q

population P

' '
/ a new a new
solution solution
S
a new a new
#COl‘eS o solution o solution
= =
- o ) o )
PPOSS N solution = pick a a new = pick a a new
{oy" = solution solution = solution solution
8‘ . v 8‘ 7
. S
[Qian et al., IJCAI'16] c A ew o A new
solution solution
a new a new
K solution solution
\ ey J

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

R R
A, A
#eores '5 pick a a new v 'E 1
= = — Success
POSS 1 % -’[ solution I I solution I % en
) , Q Q
[Qian et al., NeurIPS'15] 9] 9
\ ey \ ey
. 1
Linear speedup 4 a new 8: —  success
solution en
8 1 .
a new . _
feores 3 solution 1. 1 en failure
(= (=
o : 9 N
PPOSS N< | & [of poxa anew |8) 21 1 .
= solution solution S all failures
[Qian et al., [JCAI'16] a a en
o7 le) (@]
T a new VIS N
solution g 1 — (1 _ i) ~ E
en en
a new 8=
\_ solution at least one success
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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
|lx] < Band|f(x) = (1—e7Y)-OPTl[is

(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™MM3E-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
|lx] < Band|f(x) = (1—e7Y)-OPTl[is

(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(nmM3EE-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

10 > 0.058
I —Linear | —Greedy
I s --PPOSS e ~PPOSS
-s-PPOSS-If M | 0.057 1l.s pPOSS-If
I 5! & o
A 'g | =<o.0s6 :
A 4 | —
V4 [ I 0.055 *"T
/ 2 |
| 0.054
V4 2 4 6 8 1) 2 4 6 8
\ Number of cores Number of cores

/ (a) coil2000 (9000 #inst, 86 #feat)

\ . | 044 .
—Linear —Greedy
8 --PPOSS | ,,«” *PPOSS
S d -8-PPOSS-If 042115 ppOsSS-If
peedup . allp
= 6 I =
B A & 04;
L
=3
74 1=
038t
oL
. . 0.36
2 4 6 8 10 2 4 6 8

Number of cores Number of cores

(c) cleanl (476 #inst, 166 #feat)

10 0.78

—Linear —Greedy
--PPOSS ol 0.76 | [*PPOSS
-=-PPOSS-If d "7 = PPOSSHIf
=
6 ~ 074
3 &
g <.
n 4 0.727
2 0.7F
2 4 6 8 10 2 4 6 8

Number of cores Number of cores

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

10 5 I 0.995 \
—Linear —Greed!
olrroses Zel o zreoss h
= PPOSS-If |
Sl | ., oo 1
Z < |
&4l ' >
| =" N\
2! I [ \
2 4 6 8 10 099, 4 6 8 19 N\
Number of cores \ — Nﬂnbe_rof&)res_ - \
. \
(b) mushrooms (8124 #inst, 112 #feat) .
10 0.36 v

—Linear
sl ~-PPOSS
-8-PPOSS-If

Solution
= | quality

032+

4 I I 11
) 111
2 8 10 2 4 6 8 10

4 6
Number of cores Number of cores

(d) wba (9888 #inst, 300 #feat)

10 045 u
—Linear 4 —Greedy
87+PPOSS 0.44 ||*PPOSS
-8-PPOSS-If = PPOSS-If
E‘ 6l ., 043
3 =
042 —F
&4l 1
0.41 J' I'
2L
04
2 4 6 8 10 2 4 6 8 10

Number of cores Number of cores

(f) farm-ads (4143 #inst, 54877 #feat)
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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 s /
—Linear PEN —Greedy
g |[PEEQSS . ' .44 [*PPOSS
'E'PPOSS'lf s - -= PPOSS-lf
S 6l | | 043}
5 <
2 0.42
Y e - S e I G T
0.41F
2_
| | ' | 04— ‘ ‘ -
2 4 6 8 10 2 4 6 8 10
Number of cores Number of cores

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

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

http://www.lamda.nju.edu.cn/gianc/



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 i tem with some probability

7Y

-

a, a,

S S
solution E= pick a a new = pick a a new
POSS 1 {o}" S solution solution S solution solution

2 g

[Qian et al., NIeurPS'15] -
' '

/ a new a new
solution solution
a new a new
- solution 5 solution

S 5
PPOSS N solution = pick a a new = pick a a new
{oy = solution solution = solution solution

o / Q

. 7 o o
[Qian et al., JCAI'16] s — = —
solution solution
a new a new
K solution solution

Ny 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., NeurIPS'15] a
5
Data > solution B pick a a new >
{oy" S solution solution
o
o
\ ey
DPOSS
[Qian et al., [JCAT'18] stage 1 5%2
A
4 e I
Single machine
uniformly _ % _ S,
random p data1 jif s b 2 o S P St |
p artition <3 Single machine
E ° J ° ] ??)1 solution % pick a a new Sm+1
Data Q. ® ® Q ‘ {0y = solution solution —
n . . = g
Single machine
data m opton | »f & - Pl e Output the subset satisfying
8 S, argmaxs {f(S)|1<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

0.025

0.9 .
0.84 ", . 11

R 0.88F .

~ \ - 1

0.82 1 & I LA

.. _—‘!:::. o ::%:::ﬂ;;:%_.- h 3 0.86 % %
08 0.84 bors

% R0 -3 DPOSS 066
0.82 r|=¢ RANDGREEDI o e .

w w w w : : : : 0.03 : 6
0.86 -3 DPOSS 0.92 ’I’ 072E -
-% RANDGREEDI \'il + I s RN B L SRR N, TN ¥ :

HEESEaE

| [= DPOSS
> RANDGREEDI

0.78 L L : . 0.01 s L
2 4 6 8 10 2 4 6 8 10 2 4 6 8 10 2 4 6 8 10
m m m m
(a) MicroMass (n=1,300) (b) colon-cancer (n=2,000) (c) SVHN (n=3,072) (d) gisette (n=>5,000)
éﬂ T 0.995 T T T T 0.64 - 0.55
A T R R R AT T 05458 %,-H\ % B---8---
I A9~ AL 0.62 ] | . .
| 0.96 } ? ______ i S SN % %, . 0.54 ‘ .
\095‘[{‘% ------- {‘ } e % = 06 %{‘ %‘I % . \0.535 LT DU L i it
0,941 = 098 T _ =
093 2 4 6 8 10 0975 2 4 6 8 10 2 4 6 8 10 0529 2 4 6 8 10
m m m m
(e) GHG-Network (n=5,232) (f) leukemia (n="7,129) (g) Arcene (n=10,000) (h) Dexter (n=20,000)

DPOSS is always better than RandGreeDi
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Experiments on sparse regression

_—

On regular-scale data sets 0994

2 0.99 099 0:992 0992  0.992
. ; 80.99 P : </9?> (/58\) 0.989 |
_ the solution quality by DPOSS = - -
ratio = - - k= I
the solution quality by POSS =0.98
. Eoor|
DPOSS is very close to 9
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 TRANDGREEDI
Gas-sensor-flow (n=120, 432) 818+.005 | .7104+.017
DPOSS is better than Twin-gas-sensor (n =480, 000) .601+.014 | .4704+.025
. Gas-sensor-sample (n=1,950, 000) [ .289+.029 | .245+.018
RandGreeD1i

The number m of cores is set to 300
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Experiments on maximum coverage

On regular-scale data sets

970 845 890 . - . : 935

::Z %Xi%%¥¥ 820 e 915
ok ]| ™ el S]] ™
(a) hamming (n=1,024) (b) frb50-23-mis (n=1,150) (c) frb53-24-mis (n=1,272) (d) frb56-25-mis (n=1,400)
o S T S 14~ Stn] | SRangen i
(e) frb59-26-mis (n=1,534) (f) frb100-40-mis (n=4,000) (g) ca-HepPh (n=12,008) (h) retail (n=88,162)
O 1 oo o8 99800070 9950.9980 6070 908 On large-scale data sets (m = 300)
2 . _ 997 007
=099/ ] Data set DPOSS | RANDGREEDI
Fose, accident (n=340, 183) | 175+1 170.6£1.34
Zoor: kosarak (n=990,002) | 92630 9263+0
<C&O.QG*
0os DPOSS is very close to the centralized

m POSS, and is better than RandGreeDi
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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

\
I PLY- LA . : .
: °58% Influence Influential users The objective function f(X): :
! s & et ey m .| the expected number of |
, 2e%°%.* e maximization B i - ,
o Y ,éilg.,y. 2 870 % % — users activated by |
I -m:g,@smu ' T i == e m propagating from X :
| YRt age 2% " ' |
' |
l\ '
N R4

m s s S S S S S S S S S S S B B B B B B B B B S B B S S S S B S S B S S S S B B e e e e .
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1st diffusion: 15
2nd diffusion: 16

[
[ —F @@O To achieve an
|/ e accurate estimation,
- / 10,000 independent
;e 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
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| = \,ES‘”’ ﬁ“‘ 1 np  .., 1] - - & — - . I
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| OR° <g® e “!lvi : I
. . . noise !
i The average number of users activated by a limited number |
‘' _ of independent diffusion processes [Kempe et al., KDD'03] /
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http://www.lamda.nju.edu.cn/gianc/



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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Noisy subset selection

Subset selection: given V = {v4, ..., v}, an objective function
f:2Y - Rand a budget B, to find a subset X < V such that

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

_____________________________________________

exact objective value noisy objective value

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

_ Additive: f(X)—e <F(X) < f(X) + ¢

-—ee em mm == =

Applications: influence maximization, sparse regression
maximizing information gain in graphical models (chenetal, corris)

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

Greedy algorithm & POSS [qian et al, NeurtPs'17]:

1. . : . : ¢ < 1/B for a constant
Multiplicative noise: €: the nOlseBStfengthB approximation ratio
1 1—¢€ y
> — — .
fOO 2 T <1 (1+e> (1-%) ) OPT
.. . (1-e)y
Additive noise:

Y\? 2B 2B _ constant y
X 2(1— 1—— )-OPT—(———e V)e
£ (1-%) v

The noiseless approximation guarantee [pas & Kempe, ICML/11; \
Qian et al., NeurIPS15]

f(X) = (1 _ (1 B %)B) OPT > (1— e-7)- OPT a constant

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

\
I
|
l A solution is better if its objective value is larger | decrgase t.he
\ _by atleast a threshold ,  Trunning time

Exponentially

“dominate”

>
POSS [Qianetal, NeurlPs'15] X < Y & {f (|))(()| ; { Y(|Y) Reduce the risk

- of deleting a
PONSS [Qian et al., NeurIPS'17] l ( 1 9 gOOd solution

_I_
Multiplicative noise:  y <y « | fX) = Té’f (¥)
B
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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

\

I

|
l A solution is better if its objective value is larger | decrgase t.he
\ _by atleast a threshold ,  Trunning time

Exponentially

“dominate”
X)>f(Y
POSS [Qianetal, NeurlPs'15] X < Y & {f (| X)| ; { Y(| ) Reduce the risk
- of deleting a
It
PONSS [Qian et al., NeurIPS'17] l good solution
.. : f(X)=f()+26
Additive noise: XYoo
{ |X| < |Y]
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Theoretical analysis

Multiplicative noise:

1—er (1. Sionificantl]
PONSS f(X)21+e(1 (1 E)) OPT 8 y

6 =€) better

1 1 —e\? B
POSS & Greedy f(X)21+ 5<% (1—(“_3 (1—1) )-OPT
(1—-¢e)y

Y = 1 (submodular), € is a constant
PONSS a constant approximation ratio

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

Multiplicative noise:

1
PONSS  f(x) =2 1—+§(1 ~(1-

POSS & Greedy  f(X) 2

1+(

Additive noise:

PONSs  f00=(1-(

POSS & Greedy  f(X) 2 (1 ~(

Significantly

)B) - OPT better

1 1—e\” Y\B
2€B (1_(1+e> (1_5) >°OPT

1-¢€)y

)B> - OPT — 2¢ better
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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

600 —— 50 : ~
- LR A
/D \ h
~ 500 . - < *ﬂ‘“"""“‘ ¥
§ g--"0 5400 s
2 - #
G0l _-° o e
3 - B0} # =
, o W - -G "R 2 , \
,° Sao} o= c —_ N
¥ o= | X = X
Infl q Sodf” -o-PONSS|| =201 ~+-PONSS] Perf
nfluence sprea 0-POSS Bl erformance
under different 100 X Greedyl] —Greedy over runtime
5 10 0 10 20 30

s & 7 8 ,
budgets Budget & Running time in &z

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

http://www.lamda.nju.edu.cn/gianc/



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

0.16
0.14 - B -
e- o
0.12 = -7
O --0
& o1f _ O =
¢~ ORI L
0.08} -
- = ’“
T -0-PONSS
0.081 LO-POSS
—x-Greedy
0.04 : : :
10 12 14 16 18 20
Budget k

0.15

—+-PONSS
—POSS

—Greedy

0

20 40 €0

Running time in in

(a) protein (24,387 #inst, 357 #feat)

Performance
over runtime
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Experimental results — sensitivity to 8

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

“dominate”

1+0 The performance of PONSS
X)z——f p
X<y e[ =77570) is not very sensitive to 6

. K= IYI
. T T 0.1(3L~
5001\\* | 014_\*\* . |
-~ - "»\ - . - ‘*\ //
?2 * = \*’*4—* -
o400} 012}
7 N
54 01}
& 300
5) 0.08}
=
=200 —*-PONSS} 006l —~+-PONSS]
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0
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Dynamic sensor placement

Sensor placement [Krause & Guestrin, ICAT09 Tutorial] ¢ S€lect 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

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

maxycy f(X) s.t. ¢c(X)<B

om = mm mm = = ———

Dynamic Subset Selection [Roostapour, Neumann, Neumann and Friedrich, AAAI'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, AAAI'16; Qian et al., IJCAI'17]
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Theoretical analysis

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

The greedy algorithm may 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 0(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
cnPy,qB/6 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 (a/2)(1 — e~ %) for any
budget b € [0, B*] after cnP,,q,(B* — B) /6 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

POMC;: POMC running t iterations for
each new budget

POMCWP: POMC, with a warm-up phase

Budget B

(running 10,000 iterations for the initial B) 0% 80 T5 100 15 150 175 200
Changes GGA AGGA POMC1000 POMCs000  POMCi0000 POMC)}o0 POMCYj,,  POMCY (000
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 17.95 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 5.49 157.6169 5.54
76-100 127.3422 31.14 115.2978 27.66 149.0259 3.36 159.9100 3.28 162.7353 3.65 148.3012 3.47 155.1943 4.04 163.1958 3.74
101-125 132.3502 29.62 116.9768 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
151-175 135.7651 25.89 119.4982 22.85 147.2478 4.68 153.1417 5.32 151.2966 3.17 143.2959 4.79 149.5447 4.87 153.2526 3.85

176-200 135.5133 24.41 119.1491 22.04 139.5072 8.08 143.6928 9.16 143.9832 8.67 134.7968 8.72 140.5930 8.61 144.4088 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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Biased Pareto optimization for dynamic subset selection

e EEm S S S S S S S S e e e e e e e e

[ POMC [Qian et al., TJCAT'17]
|

Uniform parent selection

Select a solution x randomly
. from P for mutation

- e e o e e e o e e e e e e o e .

— o o o o o,

\

"BPODC [Liu and Qian, PPSN’24]

Biased parent selection

Select a solution x with prob. inversely |

proportional to |c(x) — B|

_— . E— . ES e B e e S S S B S B B B e e e e e

Experimental results on influence maximization

Objective value
-
-

401

J
389/
0 20 a0 60 80

—— BPODC POMC

—— FPOMC

Time

(a) graphl100,t = 0.25T¢

100

Objective value
8 & & & &

W
=

— EAMC

GGA — AGGA

20 40 60 80 100
Time

(b) graphl100,t = 0.5T¢
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Conclusion

Bi-objective Multi-objective
optimization :D evolutionary algorithms

{ \
I Subset selection |::> |
| l
|
| I
|

 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
— Non-monotone objective functions
— Continuous submodular objective functions
— More complex constraints
— More uncertain environments

* Algorithm
— More complicated MOEAs

* Theory

— Beat the best-known approximation guarantee

Application

— Attempts on more real-world applications
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Some recent progress

Apply Pareto optimization to more variants of subset selection

* Objective functions

— Non-monotone submodular functions
[Qian et al., AIJ’19; Do & Neumann, PPSN’"20]

— Monotone approximately submodular minus modular
functions [Qian, ECJ'21]

— Monotone submodular plus diversity functions [Qian et al., AlJ"22]

* (Constraints
— Partition matroid constraints [Do & Neumann, PPSN'20; AAAI'21]

— Chance constraints
[Neumann & Neumann, PPSN’20; Yan et al., GECCO’24]
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Some recent progress

Employ/develop complicated MOEAs in Pareto optimization

* 3-objective Pareto optimization [Neumann & Witt, GECCO'23]

* Advanced operators
— Heavy-tailed mutation [Wuetal, ICIC"18]
— One-point/uniform Crossover [Qian etal., AAAI'20]
— Biased parent selection [Crawford, IJCAI'21]
— Sliding window parent selection [Neumann & Witt, ECAI'23; PPSN’24]
— Sparsity-preserved crossover/mutation [Zhang et al., TEC'24]

— Targeted mutation [Shang et al., TEC'24]

* Employ practical MOEAs  [Dengetal, PPSN'24]
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Some recent progress

More real-world applications of subset selection

* Human Assisted Learning [Liu et al., AAAT'23]: select at most k instances
for human decisions to minimize the sum of human and model errors

minz erthuman (1) + Z ertmoder (1) s.t. |S|<k

SEV
i€s i€V/s

* DPeptide Vaccine Design [Liu & Qian, [JCAI'24]: select at most k peptides
to maximize the expected number of peptide-MHC bindings

min{z H(pv,m),N} s.t. |S|<k

- E
max Z w(m) £y &‘v’vi,vj €S, (vi;vj) ¢ E

SCV
meM

* Migrant Resettlement [Liu et al., TAI'24]: select a subset of migrant-locality
pairs to maximize the expected number of employed migrants

Vix . i
rglga‘g(zlEL Znel’[ E lZLll | I (]Obll,ru pvlin'l)] s.t.S € r]{'(=1:7:'i

* Subset selection in MOEASs [Gu et al.,, TEC’24]: environmental selection,
final selection for decision making
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