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Maximum coverage

Maximum coverage [reige, Jacvos) : select at most B sets from n
given sets to make the union maximal

N

| Formally stated: given a ground set U, a collection V = {S, ..., S,} of |
| subsets of U and a budget B, it is to find a subset X € V such that |
|
I

Si+1 Si+2 521
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Sparse regression

Sparse regression [topp, TiT04] : find a sparse approximation
solution to the linear regression problem

:/Formally stated: given all observation variables V = {v, ..
predictor variable z and a budget B, it is to find a subset X € V such |

I
: |
, that |
| Var(z) — MSE, x !
I R d <
maXyc = I
| X<V z,X V —
N ar\z !
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Influence maximization

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

[ Formally stated: given a directed graph G = (V,E) with V = {vy, ..., v},
' edge probabilities p,, ((u,v) € E) and a budget B, it is to find a subset |
| X € V such that

I
I
I
l maxycy f(X) =¥, pX > v) s.t. |X|<B. )
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Document summarization

Document summarization [Lin & Bilmes, AC’11] ;. Select a few
sentences to best summarize the documents

Document Summary

- R . -\.
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Sensor placement

Sensor placement [krause & Guestrin, ICAT09 Tutorial] - S€lect a few places to
install sensors such that the information gathered is maximized

$LET
S . ot

[ R | @] MMM AR

Water contamination detection Fire detection
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Subset selection

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

{ Formally stated: given all items V = {v, ..., ,}, an objective function
Af 2¥ - R and a budget B, it is to find a subset X € V such that

; |
|

__________________________________________ N

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

|
|
|
|
|
]

Application V; f
maximum coverage a set of elements size of the union
MSE of prediction

sparse reg Many applications, but

influence ma> NP-hard in gene ral! influence spread
document sumuiiarizauort d Sereree summary quality
sensor placement a place to install a sensor entropy
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Subset selection - submodular

( Subset selection: given all items V = {v, ..., v,}, an objective function \I
' f: 2¥ > Rand abudget B, it is to find a subset X € V such that |
I
I

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

Monotone: forany X €Y €V, f(X) < f(Y)

7

/" Submodular [Nemhauser et al, MP'78] : satisfy the natural diminishing returns
| property,ie, foranyX S Y SV, v &Y,  Discrete analogue of convexity!
I
.' fXU) - fX) =z fYuw)) - fT)

! Submodular ratio [Zhang & Vorobeychi, AAAT'16] :
!
1

. f&Xuiv) - fX)
I~ x&¥wer F(Y U (v)) — (V)

\
\

« The optimal approximation guarantee [Nemhauser & Wolsey, MOR'78] :
1—1/e = 0.632 by the greedy algorithm

http://staff.ustc.edu.cn/~chaoqgian/



Variants of subset selection

 Monotone set function maximization with size constraints 1—1/e"

maxycy f(X) s.t. |[X|<B [Das & Kempe, ICML'11]

* Monotone set function maximization with general constraints

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

e Monotone multiset function maximization with size constraints

(1-1/e)/2

X: a subset —» a multiset [Soma et al., ICML'14]

* Monotone k-submodular function maximization with size constraints 1/2
X: a subset — k subsets [Ohsaka & Yoshida, NIPS'15]
* Monotone sequence function maximization with size c:onstrain’cs1 _ 1/n)
X: a subset — a sequence [Tschiatschek et al, AAAT'17]

 Ratio optimization of monotone functions | X

mingey f(X)/g(X) (14X = DA = ey

[Bai et al., ICML'16]

http://staff.ustc.edu.cn/~chaoqgian/



Previous approaches

* Greedy algorithms

Process: iteratively select one item that makes some criterion

currently optimized

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

v*
Iteration 1: @

) =
arg max, e yi-1f (X771 U {v3) — F(X771)

N

Iteration j:

v\ X1

http://staff.ustc.edu.cn/~chaoqgian/



Previous approaches

* Greedy algorithms

Process: iteratively select one item that makes some criterion

currently optimized

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

v*
Iteration 1: @

vt =
fE ) - fETy
cXLU{v)) — (X D)

N

arg Mmax, ey yj-1

Iteration j:

v\ X1
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Previous approaches

* Greedy algorithms

Process: iteratively select one item that makes some criterion

currently optimized

minycy f(X)/g(X)

. v* V =
Iteration 1: (U1, V3, o, Uy}

N

v ==
. C O ) R e G N .
WM e o X T U ) — (XY :

Iteration j:

v* .
v\x/1
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Previous approaches

* Greedy algorithms

Process: iteratively select one item that makes some criterion

currently optimized

maxy, x, . x.cv f X1, Xz, 0, Xi) st |Upcic Xil < B

Iteration 1: <

(v',i%) = arg Mmaxyey\U;x;, i€{1,2, ... k} J
fXq, .o, X; u{v}, . X)) — Xy, o, Xy o, X)) :

Iteration j: ! V\ UrciseX;
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Previous approaches

* Greedy algorithms

Process: iteratively select one item that makes some criterion

currently optimized

Weakness: get stuck in local optima due to the greedy behavior

Py
~

Iteration 1:

Iteration j:

v\ X1
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Previous approaches (con’t)

 Relaxation methods

Process: relax the original problem, 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 maxy,egn g(w) s.t. |w|p =B non-convex

maxy,egn gw) s.t. |w|; =B convex
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Motivation

Subset selection: Maxyeponyr f(x) s.t. |x| <B

~

Two conflicting objectives: a subset X €V

1. Optimize the criterion Maxyeqo,yn f(X)

2. Keep the size small MiNyeo 130 max{|x| — B, 0}

Why not directly optimize the bi-objective formulation?

minxe{o,l}n (—f(X), |X|)
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Pareto optimization

The basic idea:
Maxyeo1yn f(x) s.t. |x| <B
maxyepyn f(x) s.t. c(x) <B

MaXxefo,1,.., K} f(x) s.t. |x|<B

MiNyefo1)n f(x)/g(x)
x dominates z :
filx) < fi(@) A f,(x) < f2(2)

x is incomparable with y :

i) > A A f2(x) < ()

bi-objective optimization

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

£, 4
\
\
\
\
\
\
\
\\ better f;
\ better f
\\\
QI,@(‘O \\s\
G e
QF ="
> fi
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Pareto optimization

The basic idea:
How to
Maxyeo1yn f(x) s.t. |x| <B transform?
Mmaxyepyn f(x) s.t. c(x) <B bi-objective optimization
Maxxeqoa,., k0 f(x) s.t. |x|<B min, (f1(x), f2(x))

minxe{0,1}" f(x)/g (X) /

A Slmple multl_Ob]eCtlve eVOlutlonary Initialization: put a random or special

algorithm [Laumanns et al., TEvC'04] solution into the population P
reproduction Reproduction: pick a solution randomly
/ \ from P, and randomly change it (e.g., flip
each bit of x € {0,1}" with prob. 1/n)

Evaluation & Updating: if the new
solution is not dominated, put it into P

/ & / and weed out bad solutions

initialization evaluation & updating ~ Output: select the best solution w.r.t. the original problem
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Pareto optimization vs Greedy algorithms

Greedy algorithms:

* Produce a new solution by adding a single item (single-bit
forward search: 0 — 1)

* Maintain only one solution

Pareto optimization:

* Produce a new solution by flipping each bit of a solution
with prob. 1/n (single-bit forward search, backward search,
multi-bit search)

e Maintain several non-dominated solutions due to bi-
objective optimization

Pareto optimization may have a better ability of avoiding local optima!
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Monotone set function maximization with size constraints

The POSS approach [Qian, Yu and Zhou, NIPS'15]

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

Transformation:

Vs

MiNyeroyn (—f (%), |x]) bi-objective

Algorithm 1 POSS

Input: all variables V' = {Xj....,

and an integer parameter k € [1, n]
Parameter: the number of iterations T’
Qutput: a subset of V' with at most k variables

X, }. a given objective f

Initialization: put the special solution {0}"
into the population P

Reproduction: pick a solution x randomly

/ from P, and flip each bit of x with prob.

1/n to produce a new solution

Evaluation & Updating: if the new
_— solution is not dominated, put it into P
and weed out bad solutions

Process:
I: Let s = {0}" and P = {s}.
2 Lett =0.
3. while ¢t <1 do
4 Select s trom P uniformly at random.
5. Generate 8’ by flipping each bit of s with prob. L
6:  Evaluate f,(s8") and fg(s’].
7. if 3z € Psuchth 1t z —< s’ then
8: Q = {A, e P |
0: (P\Q)U {ce”}
fLo: end 1f
11: t=t4+1.

|]_2-_g~_|.u;] while
13: 5

3: return arg mingep |s|<k fi(s)

___— Output: select the best feasible solution
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Theoretical analysis

POSS can achieve the same general approximation guarantee
as the greedy algorithm

Theorem 1. For monotone set function maximization with cardinality constraints,
POSS using|E[T] < 2eB?n|finds a solution x with |x| < B and|f(x) = (1 —e~") - OPT

the expected number of iterations /

the best known 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

fXUDY) - f(X) =

submodularity ratio [Das & Kempe, ICML'11]

Y

,E

(OPT

— (X))

~N

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@g V, there exists one item ¥ € V \ X such that
A Y
\((X Uit} — f(X) = 5 (0PT — f(X))

0,11
Main idea: 0.1

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

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

the desired approximation bound

http://staff.ustc.edu.cn/~chaoqgian/



Proof

Lemma 1. For any@g V, there exists one item ¥ € V \ X such that
A Y
\((XU{V})—f(X) 2 £ (OPT — 7 (X)) —

0,11
Main idea: o1

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

® in each iteration of POSS:

> select x from the population P, the probability: 1/|P]

n-—1
e

> ftlip one specific 0-bit of x to 1-bit, the probability: % (1 — % —

A

_ , yi+1
|x'|=|x|+1sl+1andf(x)z(1—(1—5) )-OPT

i — i+1 the probability: — - —

|P| en
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Proof

Lemma 1. For any@g V, there exists one item ¥ € V \ X such that
- Y
\((X Uit} — f(X) = 5 (0PT — f(X))

0,11
Main idea: 013

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

® in each iteration of POSS:

. . [ 1) lPl=s2B 1
I — i+1 the probablhty:ﬁ-; S
epn

I — i+ 1 theexpected number of iterations: 2eBn

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

POSS can achieve the same general approximation guarantee
as the greedy algorithm

Theorem 1. For monotone set function maximization with cardinality constraints,

POSS using E[T] < 2eB?n finds a solution x with |x| < B and|f(x) = (1 —e~") - OPT

the best known 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. Forthe Exponential Decay subclass|of sparse regression, POSS using
E[T] = 0(B%*(n — B)nlogn)|finds an optimal solution, while the greedy algorithm
cannot.
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Sparse regression

Sparse regression [tropp, TiT04] : find a sparse approximation
solution to the linear regression problem

:/Formally stated: given all observation variables V = {v, ..
predictor variable z and a budget B, it is to find a subset X € V such |

I
: |
, that |
| Var(z) — MSE, x !
I R d <
maXyc = I
| X<V z,X V —
N ar\z !
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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
S~ %

Data set [OPT ] POSS TR Toba OMP RIE ] TTT ]

housing 43710297 | JT43TE.0297 | 742940300 742340301 T41530300e 73R8 E.0304e | 735440297 e
eunite200] B484.0132 | LB4R2E0132 | L83481.0143e  B44240144e 83491 0150e B4244.0153e | (832020150
svmguide3 270540255 | L2T01X£.0257 | 261520260 2601£.0279e 255720270 21361.0325e | 239710237 e
ionosphere 99540326 | 399040320 | 592040352« 59294 0346e 53920353 5E32+.0415e | 5T740L£.0345e
sonar - S365.0410 | 51710440 513840432 511220425 43240636 | 449604820
triazines - A301+.0603 | 415040592 41070600 40733059 361510712« | 3793+ 0584
coll 2000 — 06270076 | 0624400760 0619+.0075e 0619+.0075e (0363 L.0141le | 05700075
mushrooms — 01240020 | 99094+L0021e 900940022« 99004+ .0022«e 6813412904 | B6524+0474e
cleanl - A3IGRL0300 | 416910299 414540300 e 41324035« 159640562« | 3563 L.0364e
w3a - 33760267 | L33194+.024Te 334140258« 33130246 33424+ 0276 | 2694+ 0385e
risette — 26540098 | JTOOL+E0116e  6747+.0145¢ 6731 +.0134e 5360+.0318« | 57094+0123e
farm-ads - A21T7E0100 | L 4196.0101le  41704£.0113e 417030113 = AT771x.0110e

POSS: winftie/loss - 12// 0 12/0/0 12/¥0 1 17O/ 12//0

U

POSS is significantly better than all
the compared methods on all data sets
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Experimental results - R* values

different size constraints: B =3 — 8

O oPT PD& FA = = =m[pEn = m m Op P RFE = = = PGP SCAD X Lasso

(a) on svmguide3 (b) on sonar

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

OPT: n8/BB greedy methods (FR): Bn POSS: 2eB?*n

0.42 _
0.72f
i 2 0.41}
- A N _ Ramnb N ; .
3 o8| [ ° s 2 \‘; _ NQ: s N thec.)retlc?al
: I 2eB°n I E \ | 2eB-n | : | running time
066f : \=43Bn/: | 0.4 3,10Bn » \=43Bm : 1
- N Mon Sy SeoX
0.64 ;/—POSS---FF{\é ;/—Poss---FR\g
10 20 30 40 O 0 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 than
in theoretical analysis
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Monotone set function maximization with general constraints

The POMC approach [Qian, Shi, Yu and Tang, [JCAT'17]
Mmaxyeroqyn f(x) s.t. ¢(x) <B original
Transformation: .
MiNyeroyn (—f (%), c(x)) bi-objective

Theory: POMC can achieve the same approximation guarantee
(¥/2)(1 — e™7) as the greedy algorithm [Zhang & Vorobeychik, AAAI'16]

180

80 :
-% -POMC _ =% -POMC .
- -& Greedy X -

160 | ~B -Greedy %7

~
o
1=

\
;]
=

Influence Spread
X
b
g
Influence Spread
X
o]

Application:

-
N
o

Y
LA
\\

—
o
o
[&)]
(=]

influence maximization

(o]
o
K
AN
NN

S
o
=}

5 10 15 20 25 30 5 6 7 8 9 10
Budget B Budget B

(a) (Digg, cardinality) (b) (Synthetic, routing)
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Monotone multiset function maximization with size constraints

The POMS approach [Qian, Zhang, Tang and Yao, AAAI'18]

Mmaxyezn f(x) s.t. |x|<B original
Transformation: @
Minyezn (—f (%), [x]) bi-objective

Theory: POMS can achieve the same approximation guarantee
(1 —1/e)/2 as the greedy algorithm [Soma et al,, ICML'14]

130

-& POMS

3200 T T T T a
_z FOMS o--"" 8 120 =B Greedy ’
3100 :x_ Greedy - I O Grend /0, 7
A 1. . . > Cee T o . -
pplication: o > o2 o 1
g . » - Tooa g 100 -
22900 o TR -t 1 2l o i o
o , - (] e
1. d I fl 2 2800 e 2 o’ e2778
genera 1z€d 1INnriuence = _ Sw B
. . . a0d,” .* ol o BT
maximization s B £ -
5 7 8 9 10 5 7 8 9 10
The budget & The budget £
(a) ego-Facebook (b) Weibo
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Monotone k-submodular function maximization with size constraints

The MOMS approach [Qian, Shi, Tang and Zhou, TEvC in press]

MaXyeqo,. 0 f(x) s.t. |[x| <B original
Transformation: @
MiNyefo,1,... k3" (—f o), 1x]) bi-objective

Theory: MOMS can achieve the same approximation guarantee
1/2 as the greedy algorithm [Ohsaka & Yoshida, NIPS'15]

105 . . : . 10.5 :
—% -Greedy - -%-Greedy - =i
« _||-=-moms oot o ||-=-Moms PP
1 . > 10 Lo 1= 4l it
Application:
3 93 -1 E a5} 2
sensor placement 30 g S
g 8.5¢

10 10

o

6 T g 9 5 T 3 g
The budget b The budget b
(c) k=3 (d)y k=4
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Monotone sequence function maximization with size constraints

The POSeqSel approach [Qian, Feng and Tang, IJCAI'18]
maxyes f(x) s.t. |x| <B original
Transformation: .
minges (—f(x), |x|) bi-objective

Theory: POSeqSel can achieve the approximation guarantee
1 — e~1/2 better than the greedy algorithm [Tschiatschek et al, AAAI17]

10

Pe==@mm =GB m = O =@ = O m =
LA S S S +

L
+5

A Sl RELRLED b SLbr SELD LRS!
ot ¥

o

o
©
o
©

Application:

o

~

o

o
T

movie recommendation

Approximation ratio
&
x
x
1 x ]
X
Approximation ratio
o
@

o
o
L] X
(9]

EEEEE
!

o

o
L]
©

EEEEE

2 3 7 8 9 10 2 3 7 8 9 10

4 5 6
Outdegree d
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Ratio optimization of monotone functions

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

Minyero1yn f(x)/g(x) original
Transformation: @
MiNyeo,1n (f (x), —g(x)) bi-objective

Theory: PORM can achieve the same approximation guarantee
X"
(1+(xX* =D (A-K)y

as the greedy algorithm [Bai et al, 1ICM116]

Apphcatlon: S ii::lggu e S “ :‘

2 sl e o
F-measure maximization E"§ =" e onnr SRR
in information I‘etrieval r 03 04 ; D5 07 0s

Figure 1: Ratio of improvement of PORM to GreedRatio.
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Pareto optimization for subset selection

achieve superior 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

restrict the application to large-scale real-world problems

Can we make the Pareto optimization method parallelizable?
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dIntroduction

dPareto optimization for subset selection

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

JConclusion
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Pareto optimization

1. randomly generate a solution,
Random randomly d put it into th lation P;
solution  pick a and put it into the population P;
| solution 2. loop
initial | 2.1 pick a solution randomly from P;
population flip each bit | 2.2 randomly change it to make a new one;
P with prob. 1/n | 2.3 if the new one is not strictly worse
1 rgv | | 2.3.1 putitinto P;
-~ a new | | 2.3.2 remove worse solutions from P;
selec i . .
the best put it into P and solution 3. wher} terminates, select the best feasible
feasible remove worse solutions solution from P.
solution
iteration 1 iteration 2
AN AN
4 N\ I
' '
o o
5 :
Random = pick a a new = pick a a new
. © . . © . .
solution = solution solution 5 solution solution
o o
o o
N N
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Parallel Pareto optimization

iteration 1 iteration 2
4 N\ I
R R
s a
fa a
o ) o .
Random = pick a a new = pick a a new
solution — solution solution = solution solution
(X Q.
(@) (@)
Q. Q.
N |
C O _ 1 e 1 a YW _ 1 e 1
pick a a new R pick a a new
solution solution solution solution
\ J \ J \ J \ J
4 . N ( N 4 . N ( N
| pick a | anew | pick a a new
solution solution solution solution
o \_ y \_ y L \_ y \_ y
g 4 . N ( N g 4 . N ( N
Random = pick a a new , B pick a a new
solution = solution solution = solution solution
ol \ J \ J o \ J \ J
o (@]
(@l 4 . N ( N o 4 . N ( N
pick a a new R pick a a new
solution solution solution solution
\ J \ J \ J \ J
f N f N f N f N
| pick a | anew ] pick a a new
solution solution solution solution
\_ / \ ) \ ) \ J \ J \ J
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Parallel Pareto optimization

~

~

pick a a new
solution solution

Random
solution

pick a a hew
solution solution

population P

POSsS 1
[Qian et al., NIPS'15]

population P

- A\

© ™ s ! s % © ™ r “ © B
/ | plck_a | | anew ) L pu:l-c_a | | anew
solution solution solution solution
.\ " L% " \ r L% .
' N F' N ' ' ' N
N plck_a | | anew | L pu:k_a | | anew
solution solution solution solution
n‘ L. " L " n" . r L. A
= — N 7 “ = — N 7 “
PPOSS Random = || vpicka |} anew J = || picka | ) anew
solution 5 solution solution 5 solution solution
Q. . " L " Q. L o L A
5] =]
M J [ f ™ i N (=S ' " r ™
Qian et al., [JCAI'16] i i
[ ’ | plck_a | | anew | L) p|c|-<_a | | anew
solution solution solution solution
.\ " L. " \, r .\ .
i " i N ' N i ™
. plck_a | | anew | L p|c|-<_a | | anew
\ solution solution solution solution
Y\ J ‘. 4 ‘e A LN A \ " L. r

. . 1 1\" N
Q: the same solution quality? — o 1-(1-—) ~—
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Theoretical analysis

Theorem 1. For monotone set function maximization with size constraints,
the expected number of iterations until PPOSS finds a solution x with |x| < B

and[f(x) = (1—¢e77)- OPT\

(1) 1f®= 0@), then E@ _ the same

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

* When the number N of processors is less than the number n of items,
the number T of iterations can be reduced linearly w.r.t. the number
of processors
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Theoretical analysis

Theorem 1. For monotone function maximization with cardinality constraints,
the expected number of iterations until PPOSS finds a solution x with |x| < B

and[f(x) = (1—¢e77)- OPT\
(1) if N = o(n), then E[T] < 2eB*n/N; the same

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

* When the number N of processors is less than the number n of items,
the number T of iterations can be reduced linearly w.r.t. the number of
Processors

« With increasing number N of processors, the number 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

Speedup

Specdup
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Experiments on sparse regression

Speedup

the asynchronous version of PPOSS the best previous algorithm [Das & Kempe, ICML'11]
10— : A ; ; 0.45 —— 7
= inear g : il — Greedy
: : 7N
g=X=PPOSS I/ S T () 0.44}|-=-PPOSS
~B-PPOSS-asy Pt e ¢ -E8-PPOSS-asy
: : : _x”
P A SO S o e 1 04
X i x
A S . AN A ] 042 = - B - H-~H - -8 - e o Y- = 4 - -
A 0.41}
2 ....... SR I ................ I.._I .............. -
2 4 6 8 10 0475 4 6 8 10
Number of Cores Number of Cores

(f) on farm-ads (4143 instances, 54877 features)

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

PPOSS-&SY (red liI‘IE): achieve better speedup (avoid the synchronous cost);
the R? values are Sllghtly WOYSe (the noise from asynchronization)
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Pareto optimization for subset selection

achieve superior 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 the Pareto optimization method distributable?
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Distributed Pareto optimization

POSS Single machine v
[Qian et al., NIPS'15]
Data > Random pick a a new >
solution solution solution

[ population P

DPOSS

[Qian et al., JCAI'18] stjg\e 1 staﬁz
4 N7 I

Single machine

AL
5
data 1 —p Random = pick a a new
solution = solution solution
(ol
2 Single machine
a
= ° ° o Rand S ick >
= o andom b=} pick a a new [
Data (%— : : (0] solution = solution solution
= 2
Single machine
A
5
data m Random = pick a a new
solution S solution solution
&
a
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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
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(c) SVHN (n=3,072)
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062 R
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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 S
5 3= 0.99 0'9940_99 0992 0992 0992
£0997 Q.os6) (0.988) | |
-§ O 98 L
DPOSS is very close to &
the centralized POSS 2097
—
8096
<
0.95
2 3 4 5 6 7 8 9 10
m
On large-scale data sets  [Data set DPOSS RANDGREEDI
Gas-sensor-flow (n =120, 432) B18+.005 | .710£.017
DPOSS is better than Twin-gas-sensor (n=480, 000) 601+.014 | .4704.025
. Gas-sensor-sample (n=1,950, 000) [.289-+£.029 | .2454+.018
RandGreeDi
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Experiments on maximum coverage

On regular-scale data sets
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Pareto optimization for subset selection

achieve superior 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
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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

/ \

The objective function:

f " : !
I ; % .y Influence Influential users o, rod b I
: & 203 maximization KT g e expected number |
P S i e o=e of nodes activated by 1
| [e3egle" et e e > ® Yy propagating from X !
1 1&!% IP ,1‘? n . uﬂuﬂl KatieFelten iinnenl3 I
: et 458 B . :
| : : g s noise |
,  The average number of active nodes of independent diffusion ]
\ processes [Kempe et al., KDD,O?)] _ /
N o o o o o e e e e e o e mmm e e e mmm e e mmm e e mmm mmm e mmm mmm e e mmm e e mmm e e e e e e mmm
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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

~
/ \
’ Cor.| Dis. | LR | = | = | AIC. BIC RF. 1core ) Dis. :-L?'i F;:Slc RF. |
#1 028 046 1 02z 083 1 x*1 JO.2B 0 Q46 1 1 022 883 1 M M : .
| 2 Tosom oe| 1~ Tassoss| 2 Jonl omlosi |- - lamhss 1 1he objective function: |
x3 011 002 053 - - 043 001 1 T e el
I Sparse e b ermiih et ik Ex. o Tk o I
% 01 01 084 - | o 073 097 1 . 1 101, o1 Tosa g~ | - lozalaz 11 the mean Square error
| 6 002 015 03 - - 0503078 pagpaggiOn o 109 0150033 | -~ loss bas o7sl L. [
X6 036 007 001 - = 037 007 027 g 16 lossy oozloon g~ - oz Loz 022l of predlctlon by X
I X7 0.2 0.2 021 021 002 011 I w7 I{J.QI 0.2 I{J.?.'] 1 I{J.?.'l I{J.O? {J.'l'll I
: B 01 003 032 -~ - 033 051 0.44 — Ie Noigooslos - - loas bsi pasl I
® 032 01 02 -~ -~ 006 086 O Ia lozzy 01002 1 - Toos bes ol
I €10 024 0 002 - - 06 003 033 Lﬂ.n.l.{w‘..ﬂ .ﬂ-QaJ.;_;_P-ﬁ.}i.fﬂ.ﬂ.ﬂﬁ! |
€l 017 045 044 -~ o 084 045 1 1 D012y 0458 044 |~ | Yog4 a5 1 noise
| | %2 036 058 01z = = 073 058 087 xi2 losy 0581012 1~ | - 1073 058 067 I
¥13 02 002 024 - = 031 002 089 x13 Loz y o023 024 1~ | - L034 Doz 089
| *14 024 0 082 033 0.24 083 056 ®14 I{J.En"l {J.Q?I 0.33 I .- 0.24 |0-93 0.56 '
N o e e e e e e o e o o o o o o o e o -

How about the performance for noisy subset selection?
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JConclusion
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Noisy subset selection

’ Subset selection: given all items V = {vy, ..., v,}, an objective
function f:2¥ —» R and a budget B, it is to find a subset

X € V such that

om T mm mm E— — —

' Multiplicative: (1—-€)f(X) < FX) <1 +e)fX)
Noise ~

-~ Additive: f(X) —e<FX)<f(X)+e¢€

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

crowdsourced image collection summarization [singlaetal, AAAT16]
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Theoretical analysis for greedy algorithms

S TIT : ¢ < 1/B for a constant
Multiplicative noise: /B tor .
approximation ratio

1 1—¢€\° Y\B
f(x) = >R (1—(“6) (1—§)>-OPT

1+

(1-¢€)y — submodularity ratio [Das & Kempe, ICML'11]

Additive noise:
y\B 2B 2B
f(X)Z(l—(l—E) >-0PT—(V — » e V)e

The noiseless approximation guarantee [Das & Kempe, ICML/11]

Y\B a constant
fX)=|1- (1 - E) +OPT =z (1—¢€77)-OPT approximation ratio

The performance largely degrades in noisy environments
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Theoretical analysis for POSS

* POSS can generally achieve the same approximation
guarantee in both multiplicative and additive noises

« PPOSS has a better ability of avoiding the misleading search
direction led by noise

Maximum coverage

Greedy: very bad approximation
[Hassidim & Singer, COLT"17]

POSS: find the optimal solution
through multi-bit search

- -~ POSS: find the optimal

swo((o Qo] (o])(Jo] (o) (8])5 solution through

backward search
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PONSS

In our previous work, threshold selection was theoretically

shown to be tolerant to noise [Qian et al., ECJ'18] _
Exponentially

f(x) = f(y) ey f(x)>f(y)+e decreasethe

running time

Ilb tt 144
POSS x;e;@{f(x)zf(y)
x| < |y
PONSS [Qian et al., NIPS'17] l
Multiplicative: Additive:
( 1+
>
x<y®<f(x)21_ef(y) c<y o {f(x)I /;(y)+26
x| < |yl
X x| < |y
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Theoretical analysis

Multiplicative noise: Y = 1 (submodular), € is a constant

— B
PONSS [f(X) = :(1 _ (1 _ Z) ) .opp & constant

“14+¢ B approximation ratio

IV significantly better

1 1 — B B
POSS & Greedy /()25 (1—<1+§) (1—g)>.opT
(1-¢€)y

®(1/B) approximation ratio
Additive noise:

1% B
IV significantly better

Y\? 2B 2B _
POSS & Greedy f(X)2<1—(1—§) >-0PT—<V — ¢ V>e
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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

A50 I . . .
-&-PONSE J; 300+ S
— *00f-=-poss e " oep L4 I,m**“m—mﬂ*“
5 asp ({7 -Greedy a-- 5
] ; =] — e
= . 200 T
ey - ¥ ] 7
., 300+ & o=
T4 r & [ ] 15|] -
EE :l' d -':E__ = 7 Eil
:32 2ok < fﬂf#“ | = m“i — % -PONSS]|
= S = & —P035 |
130 ] —Gready
L L L L 04
3 4 5 8 7 2 0 5 10 15 20 25
Budget & Running time m in

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

0.12

-B POMNSS ) .-"I:I:| . |5FH#WH-L
-2 -POES LT P
0.1F =+ —
0.1 —% -Greedy a- 0.06 ' L
] -'_"" _f,_,_ﬂ""_'_
= * T
= D08} . -="q :
o N L xn:m-/’
- 1
posf @ & @ - !
.J:!_-' m- - Dj:f —# -POKNSS
" a - e R
o e
0.0 ;3 M Greedy
M :I*
3 4 3 i E i ] 10 15 20 25
Budget & Running time in &»

(a) protein (24,387 #inst, 357 #leal)
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Conclusion

 Pareto optimization for subset selection
 Pareto optimization for large-scale subset selection

 Pareto optimization for noisy subset selection
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Future work

Problem issues
— Non-monotone objective functions
— Continuous submodular objective functions
— Multiple objective functions

* Algorithm issues
— More complicated MOEAs

* Theory issues
— Beat the best known approximation guarantee

Application issues
— Attempts on more large-scale real-world applications
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