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Abstract

Information-theoretic quantities like entropy and mutual information have found numerous uses in
machine learning. It is well known that there is a strong connection between these entropic quantities
and submodularity since entropy over a set of random variables is submodular. In this paper, we study
combinatorial information measures defined over sets of (not necessarily random) variables. These
measures strictly generalize the corresponding entropic measures since they are all parameterized
via submodular functions that themselves strictly generalize entropy. Critically, we show that, unlike
entropic mutual information in general, the submodular mutual information is actually submodular
in one argument, holding the other fixed, for a large class of submodular functions whose third-
order partial derivatives satisfy a non-negativity property (also called second-order supermodular
functions). We study specific instantiations of the submodular information measures, and see that
they all have mathematically intuitive and practically useful expressions. Regarding applications,
we connect the maximization of submodular (conditional) mutual information to problems such as
mutual-information-based, query-based, and privacy preserving summarization — and we connect
optimizing the multi-set submodular mutual information to clustering and robust partitioning.
Keywords: Submodular Optimization, Information Theory, Combinatorial Information Measures

1. Introduction

Submodular functions generalize a number of combinatorial and information theoretic functions such
as entropy, set cover, facility location, graph cut, and provide a general class of expressive models.
They model aspects like diversity, coverage, information (Lin and Bilmes, 2011; Tschiatschek
et al., 2014), attractive potentials (Iyer and Bilmes, 2019) and cooperation (Jegelka and Bilmes,
2011). They are closely related to convexity and concavity (Lovasz, 1983; Iyer and Bilmes, 2015)
and enable efficient optimization algorithms with guarantees both in the minimization (Fujishige,
2005) and maximization settings (Krause and Golovin, 2013; Lee et al., 2009; Buchbinder et al.,
2015). Submodular Functions also occur naturally in several machine learning applications such as
sensor placement (Krause et al., 2008; Krause and Guestrin, 2005; Guestrin et al., 2005), structured
learning of graphical models (Narasimhan and Bilmes, 2004), social networks (Kempe et al., 2003),
summarization (Lin and Bilmes, 2011; Tschiatschek et al., 2014; Xu et al., 2015), and data subset
selection (Wei et al., 2015a), to name only a few.
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Denote Q as a ground-set of n data points Q = {xy, x2, x3, ..., z,, } and a set function f : 29 — R.
We say that f is normalized if f() = 0 and f is subadditive if f(S) + f(T) > f(SUT), holds
for all S, T C (. Define the first-order partial derivative (equivalently, gain) of an element j ¢ S
in the context S as f(j]5) = f(S U j) — f(S). The function f is submodular (Fujishige, 2005)
if for all S, 7" C Q, it holds that f(S) + f(T) > f(SUT) + f(SNT). An identical characteri-
zation of submodularity is the diminishing marginal returns property, namely f(j|S) > f(j|T)
forall S C T,5 ¢ T. Also, define the second-order partial derivatives in the context of S as
@G, k;S) = f(jISUE) — f(j]5). Another equivalent definition of submodularity is that the
second-order partial derivatives in the context of any set S are always non-positive: f(?)(j,k;S) < 0.
Next, f is supermodular if —f is submodular, and f is said to be monotone if f(X) < f(Y),
VX CY C Q (equivalently, f(j].S) > Oforall j ¢ S and S C Q). Throughout the paper we assume
that f is a normalized, monotone and submodular function unless specified otherwise.

Information theoretic concepts (Cover and Thomas, 1991; Yeung, 2008; Polyanskiy and Wu,
2014) such as entropy, mutual information, conditional mutual information and independence have
also been extensively analyzed and used in machine learning settings. The connection between sub-
modular optimization and information theory is even more evident when seen from the perspective of
information measures over a set of random variables. Given a set of random variables { X1, ..., X, },
we denote X 4 as the set of random variables indexed by the set A C (2. Then the entropy (Cover
and Thomas, 1991) function H (X 4), and the mutual information between a set of variables and the
complement set /(X a4; Xo\ 4), are both submodular functions (Fujishige, 2005). These have been
widely used in applications such as sensor placement (Guestrin et al., 2005; Krause et al., 2008),
feature selection (Krause and Guestrin, 2005; Balagani and Phoha, 2010; Hanchuan Peng et al., 2005;
Liu et al., 2013), observation selection, and causal modeling (Zhou and Spanos, 2016; Steudel et al.,
2010).

In this paper, we generalize concepts like conditional gain, (conditional) mutual information,
total correlation, and the variation-of-information metric to general submodular functions. Many of
the properties, results, and inequalities that hold for entropy, (conditional) mutual information etc.
are closely associated with the underlying submodularity of the entropy function. Note that while
we draw inspiration from the information theoretic quantities, there is however one fundamental
difference. Entropic quantities such as entropy and mutual information are defined on sets of random
variables and hence have well-defined statistical interpretations. The generalizations discussed in
this paper, however, assume that the submodular functions are defined on subsets of a not-necessarily
stochastic set of elements {x1,...,x,} and hence the generalizations do not necessarily have
immediate stochastic implications, although they do always have combinatorial implications. We use
the constructs defined in this paper in a number of optimization problems and applications related to
data summarization, data selection, clustering and partitioning.

The submodular information measures we study in this work have been investigated before in
special cases. (Steudel et al., 2010) generalizes an information measure to elements of any ground
set, primarily in order to introduce a causal Markov condition not over random variables. Also, in
(Guillory and Bilmes, 2011), an objective that corresponds to our submodular mutual information
was used to show error bounds and hardness for general batch active semi-supervised learning.
(Cunningham, 1983) introduce the symmetric submodular mutual information (what they call the
connectivity function) and use it in studying the decomposition of submodular functions. (McGill,
1954; Shannon, 1948) were the first to show the submodular inequalities of the entropy function,
and (Zhang and Yeung, 1997) showed that the class of polymatroid functions (i.e., those that are
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normalized, monotone, non-negative, and submodular) are strictly more general than entropy (since
entropy must satisfy certain inequalities not required by a polymatroid function), thereby ensuring
that the combinatorial information measures studied herein are also strictly more general. Finally,
(Bilmes and Bai, 2017) uses the concept of the multi-set total correlation (Watanabe, 1960) to study
properties of families of deep submodular functions. Finally, Gupta and Levin (2020) also study
the submodular mutual information (which they call the Mutual Coverage). They study a few of its
properties and use it in characterizing an LP relaxation to the online submodular cover problem.

This paper provides a complete picture of the combinatorial information measures defined via
general submodular functions, by studying various properties, examples, optimization problems, and
applications. A road-map of this paper is as follows. Section 2 introduces the information measures.
Section 3 takes a closer look at their properties. Section 4 then instantiates the submodular information
measures on a number of submodular functions. In Section 5, we look at a number of optimization
problems around optimizing the submodular mutual information, its conditional variant, and its multi-
set extension. We then connect them to applications in summarization and data selection. The proofs
of all the results, along with some additional properties, examples, and optimization problems are in
the Appendices. Appendix A covers the proofs of the results from Section 3, along with some more
properties of the submodular information measures. Appendix B studies proofs of the instantiations
of the submodular information measures presented in Section 4, and Appendix C presents the proofs
for the results shown in Section 5 along with some more variants of optimization problems.

2. Submodular Information Theoretic Quantities

We begin by introducing the combinatorial information measures parametrized by submodular
functions. Since monotone non-decreasing submodular functions generalize entropy (Zhang and
Yeung, 1997), the measures below generalize the corresponding purely entropic measures.

Submodular Information Functions: Monotone non-negative non-decreasing submodular (or
“polymatroid” (Cunningham, 1983)) functions can be viewed as information functions:

Iy (A) = f(A) 1)

since they satisfy all of the requisite Shannon inequalities (Yeung, 2008; McGill, 1954; Shannon,
1948) that make them natural for such a purpose.

Conditional gain: Given a set function f : 2" — R, we define the conditional gain f(A|B) as
the gain in function value by adding B to A:

Hy(A|B) = f(A|B) £ f(AUB) — f(B) )
When f(A) = H(Xa), f(A|B) corresponds to the conditional entropy: H (X 4|Xp).

Submodular (Conditional) Mutual Information: We define the submodular mutual information
between two sets A, B denoted by I¢(A; B) as:

If(A;B) £ f(A) + f(B) - f(AUB) ©)

It is again easy to see that /¢(A; B) is equal to the mutual information between two random variables
when f is the entropy function. Note that I7(A; B) = f(A) — f(A|B). Also, define the submodular



SUBMODULAR COMBINATORIAL INFORMATION MEASURES WITH APPLICATIONS IN MACHINE LEARNING

conditional mutual information of sets A, B given set C' as

Ir(A; B|C) £ f(A|C) + f(BIC) — f(AU B|C)

=f(AUC)+ f(BUC) - f(AUBUC) — f(C) 4)
Submodular Multi-Set Mutual Information and Total Correlation: Define the k£ way submod-
ular multi-set mutual information I;(A1; Ag; ... Ag), with Ay, Ao, ..., A C Qas:
Ip(Ar; Ag; o Ag) 2 = Y ()T f(Uier A) ®)
TClk]

which is defined via the principle of inclusion-exclusion. We also define the submodular conditional
k-set mutual information as

Ip(Ay; Agi. . ARlC) 2 = Y (=D T (Uier AilO). (©)
TC[k]

Finally, define the submodular total correlation and its conditional version as:

k
Cp(Ar, Az, A) 2 (O F(A)) — F(UE A (7
=1
k
Cr(A1, Ag, .. ARlC) £ (D FAIC)) — FUELAIlC) ®)
i=1

When k = 2, the (conditional) multi-set mutual information and total correlation both yield the
(conditional) 2-set submodular mutual information, but they are different when k& > 2. When k = 1,
the multi-set mutual information gives the submodular information function.

Submodular Information Metric: To encode the notion of a distance between sets A and B we
define the submodular variation of information distance measure and denote it as

D(A; B) = f(AUB) — If(A; B) ©9)

As we shall see in the next section, this quantity is actually pseudo-metric for a monotone submodular
function f. The submodular information metric also has the intuitive form:

Dy(A; B) = f(A|B) + f(B|A) (10)

3. Properties of the Submodular Information Measures

The properties of the submodular information measures, that we introduce in this section, generally
hold for all monotone submodular functions. In certain cases, interestingly and as we point out below,
they hold even for relaxed versions (i.e., just submodular, or just subadditive, or just monotone).
Proofs of the results here are in Appendix A.

Submodular Information Functions:  We start with a very simple property of the submodular
information functions:

Lemma 1 Given a monotone, non-negative submodular function f, it holds that f(U;A;) =
It (UjA;) < >0, f(Ay) = D2, 1(A;). Furthermore, 15(A) = 0 iff f(j) = 0,Vj € A. In other

words, the elements j are dummy variables with no information.
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Submodular Conditional Gain: Below, we study three properties of the submodular conditional
gain. The first and second are well known. The second property can be also viewed as the “condi-
tioning reduces valuation” counterpart of the conditional entropy.

Lemma 2 The conditional gain is non-negative, i.e., f(A|B) > 0 if f is a monotone function. We
also have the upper bound f(A|B) < f(A) if f is monotone and subadditive. Finally, f(A|B) is
submodular in A for a given set B (but not vice-versa) if f is submodular.

Submodular (Conditional) Mutual Information: Now we take a look at the basic properties of
the submodular mutual information. Before getting into more details on the properties, we show
one very interesting connection between the submodular mutual information and the submodular
conditional mutual information.

Lemma 3 Given a monotone, non-negative and normalized submodular function f, the conditional
submodular mutual information 1(A; B | C) = I4(A; B) where g(A) = f(A|C) is also a normal-
ized, monotone and non-negative submodular function. In other words, the conditional submodular
mutual information is equal to the submodular mutual information of the conditional function.

This result follows by definition since Ir(A; B | C) = f(A|C) + f(B|C) — f(AU B|C) =
g(A) + g(B) — g(AU B) = I4(A; B). While this is a very simple result, the take-away is very
interesting. This means that whatever results hold for the submodular mutual information, will also
hold with the conditional mutual information since it is in fact the submodular mutual information
parameterized with a different submodular function.

Next, we list several interesting properties of SMIs and CSMIs. All the properties shown below
also hold for the mutual information /(X 4; X ) as a function over sets of random variables A and
B. Two properties which follow directly by definition are: a) symmetry: 1;(A; B) = I7(B; A), and
b) self-information: 1;(A; A) = f(A). The next lemma shows the non-negativity of (conditional)
submodular mutual information and provides upper and lower bounds.

Lemma4 When f is submodular, I;(A; B) > 0 and I7(A; B|C) > 0. Also: min(f(A), f(B)) >
11(A: B) > f(AN B) and min(f(A|C), f(BIC)) > I;(4: BIC) > f(AN B|C).

Next, we study /¢(A; B) (and 1¢(A; B|C) for a fixed set B (and C'). We can then view I(A; B) (or
I+(A; B|C)) as a function of A. The following theorem studies their monotonicity and submodularity.

Theorem 5 For a given sets B and C, 1¢(A; B) and I;(A; B|C') are monotone functions in A,
though in general, they are neither submodular nor supermodular. They are submodular, however, iff
the second-order partial derivatives, f2 (J, k; A) are monotone increasing or equivalently the third-
order partial derivatives ) (i, j, k; A) = fA(j,k; AUi) — f@ (4, k; A) are always non-negative.

Recall that for monotone functions, the first-order partial derivatives f(j|X) > 0, while for
submodularity, we require the second-order partial derivatives f (2) (j,k; A) < 0. A subclass of
submodular functions which additionally have non-negative third-order partial derivatives satisfy
the property that the submodular (conditional) mutual information function is submodular. Such
functions are also called second order supermodular functions (Korula et al., 2018). In the Ap-
pendix A.3, we show that several practically useful functions like set cover, facility location and
concave over modular with power and log functions satisfy this property. However we also show
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that a rather simple function like the uniform matroid rank function (i.e., a truncation of the form
f(A) = min(|A], ¢)) does not satisfy this, and correspondingly, the (conditional) mutual information
parametrized by these functions is not submodular. Also, the standard mutual information is not
necessarily submodular in one set given the other (Krause and Guestrin, 2005). Next, we provide
simple submodular upper and lower bounds for the submodular mutual information.

Lemma 6 For a given set B, I;(A; B) can be upper/ lower bounded by two submodular functions:

fA) = 2 5ean FUIB) < 15(A; B) = f(A) = f(AIB) < f(A) = 2jean FUI2\J) < f(A).

Submodular Multi-Set Mutual Information and Total Correlation: We begin this section by
studying the positivity and monotonicity of the k-way total correlation.

Lemma 7 Given a monotone submodular function, it holds that C'y (Ay,---, Ag) > 0. Furthermore,
the k-way total correlation C(Ay; - - - ; Ay,) is monotone in any one of the variables fixing the others.
Correspondingly, it is also monotone in all the variables.

While I(A; B) and the total correlation are always non-negative, the k-way mutual information
might be negative even for Ir(A; B; C') when k = 3 (similar to what (Yeung, 2008) showed in the
entropic case).

Lemma 8 The 3-way submodular mutual information I1;(A; B; C'), can be both positive or negative.
I;(A;B;C) > 0 if I1(A; B) is submodular in A for a fixed set B (equivalently A, B,C are
redundant with respect to each other). Similarly, 1;(A; B;C) < 0 if I1(A; B) is supermodular in A
for a fixed set B (i.e. sets A, B, C are synergistic with respect to each other).

In the Appendix A.4, we provide examples of /¢(A; B;C) < 0. Since the three-way mutual
information is not necessarily non-negative, we do not expect the k-way mutual information to be non-
negative in general. The next result discusses the monotonicity of the three-way mutual information.

Lemma 9 For a given set D and a function f, we have I;(AU D; BU D;CUD) > I¢(A; B;C)
for any three subsets A, B,C. On the other hand with fixed sets B,C we do not always have
monotonicity in I;(A; B; C) as function of A.

Again, contrasting this with the two-set case, /¢(A; B) is monotone in A for a given 53 and vice versa.
However, this does not hold for the three-way mutual information. Moreover, for the four-way mutual
information does not satisty the above (i.e. Iy(AUFE; BUE;CUE; DUFE) may be smaller or larger
compared to I¢(A; B; C; D), and hence we do not expect the k-way submodular mutual information
to be monotone (cf. Appendix A.4). Finally, we provide an upper bound on the mutual Information:

Lemma 10 Given a monotone submodular function, the following inequality:
It(Ag; Az 3 Ay) < min(f(A1),- -, f(Ag)) holds for k = 3 and 4. However, it does not hold
for k =5, and hence does not necessarily hold for k > 5.

Submodular Information Metric: We next show that the submodular information distance mea-
sure is a pseudo metric for any general submodular function f and then we state the condition on f
for D¢(A; B) to be a metric between subsets of (2.

Lemma 11 Given a monotone submodular function f, the submodular information metric: D(A, B) =
f(AU B) — I;(A; B) is a pseudo metric i.e Dy(A; B) =0 =5 A = B. Moreover, it is a metric

if the submodular function has a curvature .y > 0 where Ky = 1 — minjcq %
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Curvature defined above is a widely used notion in quantifying approximation bounds for submodular
optimization (Conforti and Cornuejols, 1984; Iyer et al., 2013; Vondrak, 2010). Next, we provide
upper and lower bounds to this metric in terms of the submodular Hamming metric and its additive
version (Gillenwater et al., 2015). The submodular Hamming metric is defined as D?H (A,B) =
f(AAB) = f(A\B U B\ A) and its additive version as: D?HA(A, B) = f(A\B) + f(B\A). We

define the curvature at a set A as kf(A) = 1 — minjca ! Sfj(l;?(z})j ) Note that x ¢ defined previously

corresponds to this definition via k¢ = x7(£2).

Lemma 12 Given a monotone submodular function f and two sets A, B, it holds that: (1 — k(AU
B))D3M(A, B) < (1 - k(AU B))D*M4(A, B) < D¢(A, B) < D (A, B) < D4(4, B).

Function f(A) f(A|B) Dy(A,B)

Modular Yo w() =w(A) | w(A\ B) w(AAB)
icA

Facility Location i%;z I;leaz( Sia igz max(0, I(?Gai( Siq — Il;ﬂeaé( Sib) %;z |I;1€ai< Sia — Igleaé( Sib|

Set Cover w(vy(A)) w(v(A)\ v(B)) w(v(A)Ay(B))

Prob. Set Cov. > w; PE(A) > w; PE(A)Pi(B) > w;[PE(A)Py(B) + PE(B)P;(A)]
icU icU icU

Table 1: Instantiating f(A), f(A|B) and D¢ (A, B) with different f

Function If(A; B) If(Al;...;Ak)

Modular w(ANB) w(nk_, A;)

Facility Location | >, mln(zneai( s(i,a), max 5(3,0)) | Dica rnln(allnEaLj‘(1 s(iya1);...; aineaj\(k s(i,ar))
Set Cover w(y(A) N~v(B)) w(n®_ v(4;))

Prob. Set Cov. > iev wiPS(A)PE(B) Sicv willh_, PE(A;)

Table 2: Instantiating I; and multi-set I; with different f

4. Examples of Submodular Information Measures

We instantiate the submodular information measures with modular functions, set-cover, probabilistic
set cover, the facility location function, and the graph cut function. We summarize the formulations
of the submodular information measures for some representative functions in Tables 1 and 2. The
proofs of the results here are in Appendix B.

Modular Function: In this case the function f is modulari.e f(A4) = w(A4) = Y_,c 4 w(a), for
some weight vector w over the elements in the ground set ).

Lemma 13 If f(A) = w(A) is a modular function, then 1;(A; B) = w(AN B), f(A|B) =
w(A\ B), and D¢(A, B) = w(AAB). Similarly, It(Ax;...; Ag) = w(N¥_| A;). Finally, A L; B
iff A and B are disjoint, and A 1 ; C | Biff AnNC C B

Some interesting observations are that the submodular information metric is the weighed hamming
distance. Similarly, I;(A; B) = w(A N B) is a modular function in one argument given the other.
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Weighted Set Cover: Here f is a weighted set cover function, f(A) = w(Uzeay(a)) = w(y(A4))
where w is a weight vector in RY(), Intuitively, each element in 2 covers a set of elements from the

concept set U and hence w(~(A)) is total weight of concepts covered by elements in A. Note that
(AU B) =~v(A) U~(B) and hence f(AU B) = w(y(AU B)) = w(y(A) Uy(B)).

Lemma 14 When f(A) = w(y(A)) is the set cover function, 1;(A; B) = w(y(A) N ~y(B))
and f(A|B) = w(y(A) \ v(B)) Similarly, Dy(A, B) = w(7(A) \ 7(B)) + w(y(B) \ 7(4)) =
w(y(A)Avy(B)). Finally, the multi-set mutual information is It(Ay;. . .; Ag) = w(NF_1v(4;)).

Observe that with the set cover, I¢(A; B) will be large if A and B cover similar concepts. A similar
form is seen with the £ way mutual information. Also, the submodular information metric between
A and B is the weighted hamming distance between the respective covered sets y(A)A~(B).

Probabilistic Set Cover:  Here f is the Probabilistic Set Cover function, f(A) = >,y wi(1 —
IMaeA(1 — pia))- pia represents the probability that the element a € A covers the concept i € U,
where U is the set of all concepts. The probabilistic set cover is a soft generalization of Set Cover
function and in the case where the probabilities are fixed to be only either 0 or 1, we recover the
formulation for the non-probabilistic counterpart. We denote by P;(A) = Iueca(l — piq), the
probability that none of the elements in A cover the concept i. Hence, 1 — P;(A) denotes that at
least one element in A covers the concept . With the above notation, we have the following result:

Lemma 15 With f(A) = >, wi(1 — Pi(A)) as the Probabilistic Set Cover function, we have
that I;(A;B) = Y .cpwi(l — (Pi(A) + Py(B) — P;(AU B))). When A and B are disjoint,
1(A; B) = e wr(1— Pi(A)) (1~ P(B)). Similarly, f(A|B) = 5,y wiP.(B)(1—~ P.(A\ B))
and Dy(A, B) =} iy wilPi(B)(1 = Fi(A\ B)) + P;(A)(1 - Fi(B\ A))].

Note that when A and B are disjoint, I¢(A; B) = >,y wi(1—P;(A))(1— P;(B)) which essentially
is the probability that sets A and B both cover ¢ € U. Similarly with Ay, ..., A; being pairwise
disjoint we have the multi set mutual information Iy(Ay,..., Ax) = > ey wil'[g?:l(l — P;(4).
With f(A|B) we have that for a concept ¢, its term adds to the value only if A \ B covers ¢
and at the same time B does not, both with non-zero probability. Consequently the distance
metric looks like the symmetric version of the previous observation by the virtue of its definition:
D¢(A; B) = f(A|B) + f(B|A). Another interesting observation is that when A and B are disjoint,
I+(A; B) is submodular in A for a given B can be thought of another instance of the Probabilistic
Set Cover function with the weight for each concept ¢ being w;(1 — P;(B)) instead of just w;.

Facility Location: Here f is a facility location function, f(A) = >, . max,ec4 5(i,a) where s
is similarity kernel between the items in {2 such that the similarity between identical points is highest
and equal to 1. In essence the value f(A) models how representative the set A is for the ground set
Q.

Lemma 16 With f(A) = > ,.qmaXecA Sia, 1f(A; B) = ) ;. min(max,cA Siq, MaXpeB Sip)-
Also, f(A|B) = ,cqmax(0, maxea Siq — Maxpep i) and Dp(A, B) = ), | maxaea Siq —
maxpep Sip|. Finally, If(A1;...; Ap) = Y .cqmin(maxg, eA; Siays - - -, MAXq, € Ay, Siay, )-

The mutual information, conditional gain and variation of information metric all have intuitive
expressions. In particular, the mutual information is a truncated facility location function (where the
truncation depends on how much B represents the items ¢ € (), and hence is submodular), and the
distance metric is an absolute difference between the how well sets A and B represent each item 1.
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Generalized Graph Cut:  Here f is the generalized graph cut function, f(A) = A .. D ca Sia—
> ar.azeA Saras With A > 2 and s as a similarity kernel. Note that the condition on A is to ensure
that f remains a monotone submodular function.

Lemma 17 With f(A) = A _,cq D aca Sia = Doay apea Saras as the generalized graph cut func-
tion, we have I1(A; B) = f(AN B) + 23 capep Sab = 2D _cc auB deAnp Scd- When A, B are
disjoint, it follows that I(A; B) = 23 c 4 > ycp Sab Which is the cross-similarity measure for sets
A, B. We also have f(A|B) = f(A\ B) =23 ca\B 2_pep Sa'b-

The submodular mutual information (in the case of disjoint sets A are B) is intuitive since higher
the pairwise similarity sum, higher the mutual information. The conditional gain also reduces
to f(A|B) = f(A) — 23 ,ca > pep Sab» Which again makes sense — higher the cross similarity
between A and B, lower is the conditional gain of adding A to B.

5. Optimization Problems and Applications

In this section we study a number of applications of the information theoretic quantities introduced
in Section 2, along with a few different optimization problems.

Submodular Mutual Information Based Selection:  The first problem we consider is the max-
imization of the submodular information between a subset and its complement under a cardinality
constraint, i.e. maximizing I(A; 2\ A) in A under cardinality constraints. This generalizes the sym-
metric mutual information maximization for sensor placement (Guestrin et al., 2005) and maximum
graph cut under cardinality constraints. We argue that compared to just optimizing the information
f(A), solving maxscq aj<k [r(A; 2\ A) is less sensitive to outliers since we are also enforcing
that the subset A be similar to 2 \ A. For a concrete example, consider the set cover function where
we have I (A;Q\ A) = w(v(A4) Ny(2\ A)). Consider the case when there are outlier concepts
present in the data. Trying to maximize f directly will result in a subset that is likely to also cover
the outlier concepts since that will increase the functional value of set f(A) = w(v(A)). However
with I;(A;Q\ A) if the subset A covers outliers, it is likely that {2 \ A will not cover the same,
leading to a lower functional value due to the intersection between the two and hence, in the process,
it will discourage choosing such a subset. Note that /¢(A; Q2 \ A) is not a monotone submodular
function (but it is still submodular) and hence the (1 — é) approximation guarantee by the greedy
algorithm (Nemhauser et al., 1978) is not applicable due to non-monotonicity. It is however an
instance of cardinality constrained non-monotone submodular maximization and we can achieve a
1/e approximation using the randomized greedy algorithm from (Buchbinder et al., 2014).

Lemma 18 If we assume that f(j) < 1 Vj € Q, then g(A) = I;(A;Q\ A) is approximately
monotone for a subset A with the factor ky(A), i.e. g(jlA) > —ks(A) Vj € Q, A C Q, where
ki(A) = maxjco\a %. The greedy algorithm is guaranteed to give us a subset A with k
elements such that If(fl; Q\A) > (- 1)(OPT — ke s(A*)) where A* is the optimal set.

Query Based and Privacy Preserving Summarization: = Next, we consider the problem of

maximizing the mutual information with respect to a fixed query set (). An application of this is
query based summarization. We consider the following general optimization problem:

Agrgg{?jjgkff(fl;@) +Ag(A) (11)
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where g(A) is another submodular function modeling diversity/representation. This optimization
problem (which we call submodular mutual information maximization or SMIMax) tries to trade-
off representation/diversity (through g(A)) and query closeness (through I¢(A4; Q)). Recall from
the properties discussed in Section 2 (specifically, Theorem 5), that though I;(A; B) is monotone
function in A for a given B it is not necessary submodular.

Theorem 19 If f is second order supermodular, i.e. f satisfies f) (1,7,k;A) > 0 and g is
monotone submodular, the greedy algorithm achieves a 1 — 1/e approximation for SMIMax. There
exists no polynomial time approximation algorithm for SMIMax. Specifically, with n being the size
of the problem instance and a(n) > 0 to be a positive poly-time computable function of n, there
cannot exist a polynomial time algorithm which is guaranteed to find a subset A( |fl| < k) such that
It(A; B) > a(n)OPT with OPT = maxcq aj<k It (4; B).

Several useful submodular functions like facility location and set cover satisfy this. Unlike query
based summarization, privacy preserving summarization’s goal is to select a summary A that has
low submodular mutual information to a set P which is private information the summary should
not represent. Following the above, we can pose this as maxcq )<k Ag(A) — I;(A; P) =
maxscq, A<k A\J(A) + f(P|A). We call this NSMIMax, since it involves maximizing the negative
of submodular mutual information plus a submodular function. Unfortunately, NSMIMax is not
tractable (in most cases, as we show below), and hence we modify the objective to maximize the
conditional gain f(A|P) instead of maximizing f(P|A). Note that this is a different optimization
problem, but it tries to achieve a similar goal, i.e., obtain a set A as different as possible from P. The
optimization problem is (we call it CGMax): maxcq,|aj<k A\g(A) + f(A[P).

Lemma 20 NSMIMax is an instance of (non-monotone) submodular maximization if f is second-
order submodular, i.e. f satisfies f (3) (i,4,k; A) < 0. In the worst case, there exists submodular
function f such that NSMIMax is inapproximable. However, CGMax is an instance of monotone
submodular maximization if f and g are monotone, and correspondingly the greedy algorithm admits
a 1 — 1/e approximation.

For many subclasses of functions, the third-order partial derivatives are non-negative instead of
non-positive and hence NSMIMakx is typically a non-monotone difference of submodular functions,
and hence a much harder problem. However, CGMax is always monotone submodular maximization
and for this reason preferred.

Finally, we consider the scenario of simultaneous query based and privacy preserving summa-
rization. We formulate this in two ways. The first is to solve: maxcq )<k Ir(4; Q) — If(A; P) +
Ag(A). Unfortunately, this is again a difference of submodular functions and not approximable. The
second formulation is

Agrgg{?jﬁgkff(A,QlP) + Ag(A) (12)
or in other words maximize the conditional submodular mutual information. We call this problem:
CSMIMax. This formulation (as we argue in Appendix C), tries to obtain a set A that is similar to @)
yet independent of P. The following Lemma provides the approximation bound for CSMIMax.

Lemma 21 CSMIMax is an instance of monotone submodular maximization if the third-order
partial derivatives are not negative, i.e. f® (i, k; A) = f@(j,k; AUi) — fA(j,k; A) > 0. Asa
result, the greedy algorithm (Nemhauser et al., 1978) achievea a 1 — 1/e approximation .

10
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What is also interesting is that CSIMax yields SMIMax and CGMax when considering only query
or privacy preserving summarization. In particular, if Q = V,I;(A;V|P) = f(A|P) which is
CGMax. Similarly, when P = 0, I;(A; Q|0) = I;(A; Q) which is SMIMax. Furthermore, when
both P =0,Q =V, I¢(A; V|0) = f(A) (which is query and privacy agnostic summarization).

Clustering and Partioning using Multi-Set Information measures: We end this section by
studying the problem of maximizing and minimizing the k-way multi-set information measures
(multi-set submodular mutual information and multi-set submodular total correlation) such the sets
Ay, -+, Ay form a partition of 2 (i.e., forall , 5, A; N A; = () and UleAi = 2). An application of
the minimization problem is clustering (Narasimhan et al., 2006) while the maximization problem can
be applied to diverse partitioning (Wei et al., 2015b). Maximizing and minimizing the submodular
total correlation over partitions turn out to be related to two well studied problems.

Observation Minimizing the k-way submodular total correlation is equivalent the submodular
multi-way partition (Zhao et al., 2005; Chekuri and Ene, 201 1) minus a constant. Similarly, max-
imizing the k-way total correlation is the submodular is exactly the submodular welfare problem
(Feige and Vondrak; Vondrak, 2008) minus a constant.

In Appendix C, we study the multi-set mutual information partitioning problems. In particular,
we show that minimizing the multi-set submodular mutual information does not make sense and
for clustering, the k-way total correlation is better. In the maximization setting though, the k-way
submodular mutual information is related to robust partitioning (Wei et al., 2015b), while the total
correlation is the average partitioning.

Minimization of the Submodular Information Metric:  Finally we take a look at the centroid
finding problem in the context of the submodular information metric in an unconstrained setting.
We want to find a subset A over all subsets of €2 such that it is as similar as possible to a collection
S1, 59, ..., 9n with respect to the submodular information metric:

glglg;Df(A, S;) (13)

This problem is related to problem of minimizing the submodular hamming metric (and the ad-
ditive submodular hamming metric) as shown in Lemma 12. We use this to show the following
approximation guarantee for Equation (13).

Lemma 22 We can approximately solve the problem in equation 13 with the approximation guaran-
tee of 1 — kg, where kg is the worst case curvature of f.

The proof of this result is in Appendix C.4.

6. Conclusion

In conclusion, we study a number of submodular information measures, their properties and instanti-
ations on a number of common submodular functions. We also investigate a number of optimization
problems related to these information measures on data summarization. In future work, we would like
to study learning problems with these information measures, experimentally validate the proposed

11
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algorithms on real and synthetic data, and also apply them to other problems such as data subset
selection and feature selection. For future work, we will study applications of the submodular
information measures, specifically, the submodular mutual information, submodular conditional gain,
submodular multi-set mutual information and submodular total correlation to applications such as
summarization, targeted subset selection, clustering, disparate partitioning, and diverse k-best MAP
inference.
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Appendix A. Proofs of the Results from Section 3 and Additional Results

In this section, we prove the Lemmas introduced in Section 3 and also some results we did not cover
in Section 3 due to space limitations.

A.1. Submodular Information Functions: Proofs

Proof of Lemma 1

Proof The first part of the proof follows directly from the subadditivity of f, since f is submodular.
The second part follows from the very simple observation that /¢(A) > f(j),Vj € A and since
f(J) = 0 (because of non-negativity) and Iy(A) = 0, this implies that f(j) = 0,Vj € A. [ |

We contrast the second with the result of entropy where H(X) = 0 iff X is a deterministic
variable. In the case of combinatorial information functions, it means the variables j € A have
no information. Also note that the proof has only used monotonicity and non-negativity of the
information functions.
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A.2. Submodular Conditional Gain: Proofs
A.2.1. PROOF OF LEMMA 2 (PROPERTIES OF CONDITIONAL GAIN)

Proof If f is monotone, we have:
F(AUB) > f(B)VA,BC Q = f(A|B) > 0. (14)
If f is subadditive then,
J(A) + (B) > J(AUB) = f(A) > f(AUB) — f(B) = f(AIB)YABC Q.  (15)

Finally, if f is submodular, f(A|B) = f(AU B) — f(B) will be a submodular function in A as
f(A U B) is submodular in A for a fixed set B and f(B) is just a constant. Note that however,
f(A|B) = f(AU B) — f(B) is not submodular in B for a given A. [

A.2.2. OTHER RESULTS ON CONDITIONAL GAIN

Similar to the submodular information functions, we study the case when the conditional f(A|B) =
0.

Lemma 23 Given a monotone, non-negative submodular function f, it holds that f(A|B) = 0 iff
f(7|B) = 0,Vj € A. In other words, given B, every element j € A has no additional information.

Proof Again, invoking monotonicity, we have f(B) = f(AUB) > f(jUB),Vj € A. Also, because
of monotonicity, we have that f(j U B) > f(B) which implies that f(BU j) = f(B),Vj € A
which implies that f(j|B) = 0,Vj € A. [ |

Again, contrasting with random variables, note that H(Y | X)) = 0iff Y is a deterministic function
of X, or in other words, Y has no extra information on top of the information that X has. In the
case of combinatorial information functions, this means that the elements j € A have no extra
information over and above the information contained in set B. Also note that the proof has only
used monotonicity of the information functions.

Finally, we study properties of the conditional gain that follow directly from definition.

Lemma 24 Given a submodular function g(A) = f1(A) + f2(A), g(A|B) = f1(A|B) + f2(A|B).
Furthermore, if f(A) = c (a constant), then f(A|B) = 0, for all sets A,B C Q. Flnally, if
9(A) = Af(A), g(A|B) = Af(A|B).

A.3. Submodular Mutual Information: Proofs

A.3.1. PROOF OF LEMMA 4 (NON-NEGATIVITY AND BOUNDS OF I¢(A4; B))

Proof The non-negativity of /¢(A; B) follows from the definition of a subadditive function since
I+(A;B) = f(A) + f(B) — f(AU B) and for a subadditive function we have

f(A)+ f(B) = f(AUB) = I;(4;B) = 0. (16)
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Similarly, for the conditional mutual information note that

I1(A; B|C) = f(A|C) + f(B|C) — f(AU B|C)
= f(AUC) + f(BUC) — f(AUBUC) — f(C) (17

Note that thanks to the submodularity of f, we have that:

f(AUC)+ f(BUC) > f(AUBUCQO) + f(JAuCIN[BUC))
= f(AUBUC) + f([ANnBJUC)
> f(AUBUCQC) + f(C) (18)

The last inequality follows from the monotonicity of f. Hence when f is monotone submodular, the
conditional mutual information is non-negative.

For the lower bound, we use the submodularity of f: f(A)+ f(B) > f(AUB)+ f(ANB) =
I;(A;B) = f(A)+ f(B) — f(AUB) > f(AN B). For the upper bound, we rewrite the definition
as Ir(A; B) = f(A) — f(A|B) = f(B) — f(B|A) and since f(A|B), f(B|A) > 0VA, B C Q for
a monotone submodular function (from Lemma 2) this gives us I(A; B) < f(A) and I;(A; B) <
f(B) = I;(A; B) < min(f(A), f(B)).

The upper and lower bounds for conditional mutual information similarly hold, just replacing
f(A)and f(B) by f(A|C) and f(B|C) and using Lemma 3. [ |

A.3.2. PROOF OF THEOREM 5 (MONOTONICITY AND SUBMODULARITY OF [¢(A; B))

We first prove Theorem 5.
Proof Consider g(A) = I¢(A; B) as a function of A with a fixed set B. Now we consider the gain
of adding an element j ¢ AU Bto Ai.e g(j|lA) = f(j]A) — f(j]A U B). Since f is a submodular
function we will have f(j|A) > f(j|]AUB) = g(j]A) > 0 and hence we have monotonicity.
We can also see that I¢(A; B) = f(A) — f(AU B) + f(B) is a difference of submodular functions
since both f(A) and f(A U B) are submodular functions in A when B is fixed. A similar argument
for the other case when set A is fixed and we view I;(A; B) as a function of B.

Next, we study the submodularity of g(A). First, we show that non-negativity of the third order
partial derivatives f(®) (i, j, k; A) = f®) (4, k; AUG) — fP)(j, k; A) is the same as monotonicity of
the second-order partial derivatives. Note that

O, 5,k A) >0 = fD(j, kAU > f (), k; A), (19)
which by induction, means
f@G, ks AUB) > fP(5,k; A),VA,BC B (20)

Next, recall that g(j|A) = f(j]A) — f(j|AU B). Now since f additionally satisfies the monotonicity
property for the second-order partial derivatives, we have:

Ok A) < FO(j, ks AUB)

JIAUK) — £(jlA) < f(IIAUBUEK) — f(jlAU B)

jIAUK) — f(FJAUB UK) < f(jlA) — f(j|AU B)

= g(jlIAUK) < g(j|A),Vj k ¢ A. (21)

= f(
= f(
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This means that is C' O A, ¢(j|C) < g(j]A) which implies that g is submodular. To prove the
converse, assume that I;(A; B) is submodular, but f(2)(j, k; A) is not necessarily monotone. In other
words, there exists sets A, C, with A N C' = () such that f®) (4, k; A) > f@)(j,k; AU C). Define
g(A) = I;(A;C). Following the chain of inequalities like above, this implies that g(j|A U k) >
g(j|A) which contradicts the submodularity of /¢(A; C') for any fixed set C'.

Finally, we note that the submodularity of I¢(A; B|C') for fixed sets B, C' holds from Lemma 3.
In particular, define g(A) = f(A|C) and observe that I,(A; B) is submodular in A for given B, C
if g3 (i, 4,k; A) > 0. Now since f®) (i, j,k; A) > 0,¥A C Q, it holds that f®) (i, j, k; AU C) >
0,VA C Q and hence ¢®) (i, j, k; A) > 0. |

A.3.3. EXAMPLES OF WHEN IS [¢(A; B) SUBMODULAR

Next, we study subclasses of submodular functions which satisfy the condition f(?) (J,k; A) =
fLAUJUEK) — f(AUQ) — f(AUJ) + f(A) is monotonically increasing in A, or in other words,
I+(A; B) is submodular in A for a fixed B.

We first show that the Facility Location satisfies this condition. We start with the max-function.

Lemma 25 If f(A) = max;ca w;, then f?)(j, k; A) is a monotonically increasing function in
A CO\{yj, k} for a given j, k.

Proof Define W4 = max;ex w;. Notice that f(2) (5, k; A) = max(Wa, w;, wy) — max(Wa, w;) —
max(Wya,wy) — wa. We try to analyze if this function is monotone in A. Lets assume first that
w4 is smaller than both w;, w;. In this case, @ (4, k; A) is either wg — w; < 0orwy —wy <0
depending on whether w; < wy, or w; > wy. Furthermore, if w4 is larger than either w; or wy,
notice that £(?)(j, k; A) = 0. Hence f(?)(j, k; A) is an increasing function and hence proved. M

A simple observation is that if f; and fo both satisfy the property of the non-negativity of the
third-order partial derivatives, any convex combination of f; and fo will also satisfy this. Hence, this
implies that the Facility Location satisfies this property as well.

Corollary 26 If f(A) is the Facility Location Function, then f®)(j, k; A) is a monotonically in-
creasing function in A C Q\{j, k} for a given j, k.

Next, we show that the Set Cover and Concave over Modular functions with Power Functions satisfy
this.

Lemma 27 If f(A) = w(y(A)) or f(A) = [w(A)]% a € [0,1], then fP(j,k; A) is a monotoni-
cally increasing function in A C Q\{j, k} for a given j, k.

Proof Lets start with the Set Cover Function. Note that the set-cover function satisfies y(A U
B) = ~v(A) U~(B). Plugging this into the definition of the second-order partial derivatives, we
get fA(j, ks A) = w(v(A) U~(i) Ur())) — w(v(4) Ux(i) — w(y(A) Uy(h)) + w(r(A4)) =
w(y(A) N (7)) N y(j)) which is monotonically increasing since the set cover is monotonically
increasing.

Next, we look at concave over modular functions: f(A) = [w(A)]*. Then, f®(j, k; A) =
[w(A)+w(j)+w(k)]*—[w(A)+w())]*—[w(A)+w(k)]*+[w(A)]* To show that this is monotone,
we look at its continious extension: g(z) = [z+w(j) +w(k)]* — [z +w())]* — [z +w(k)]* + [z]* at
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x = w(A). Note that ¢'(z) = a/[z+w(j)+w(k)]}*—a/[z+w(j)] ~—a/[z+w(k)]} " +a/z1 70
Finally, we can see that ¢'(w(A)) > 0 since the function h(A) = a/w(A)!~ is a supermodular
function in A. u

A corollary of the above is that sums of power concave over modular functions satisfy the
monotone double gain property. We end this section, by showing, somewhat surprisingly that a
simple uniform matroid rank function does not satisfy this property (and hence not all concave over
modular functions satisfy this).

Lemma 28 If f(A) = min(|A|, k), then f®)(j, k; A) is not necessarily a monotonically increasing
Sunctionin A C Q\{j, k} for a given j, k.

Proof Lets start with A = (). Its easy to see that f(?) (j; k, A) = 0. Next, set A to be a set of size
k—1.Now, f®(j;k,A) =k —k —k + (k — 1) = —1. Hence f®)(j; k, A) is not monotonically
increasing in A. Similarly, if A is a set of size k, again, the value of f 2) (j; k, A) = 0 and as a result,
in this case f(?) (7; k, A) is neither increasing nor decreasing. |

Finally, we show that the Submodular Mutual Information is not submodular when f is the Uniform
Matroid Rank Function.

Corollary 29 If f(A) = min(|A|, k), then I;(A; B) neither submodular nor supermodular in A
for a fixed B.

Since f(?)(j; k, A) is neither increasing nor decreasing, I(A; B) is neither submodular nor super-
modular when f is the Matroid Rank Function.
A.3.4. PROOF OF LEMMA 6 (MODULAR UPPER/LOWER BOUNDS OF ¢(A : B))

Proof For the modular lower bound we need to show that f(A[B) < > 4\ 5 f(j|B). Let the set
A\ B contain k elements: {aq,...,ax} and then we construct a chain of sets X, X1, Xo, ..., Xj s.t
X; = X;—1 U{a;} with Xy = B (and therefore X}, = A U B). Note that

f(A|B) = f(AUB) — f(B)
= f(Xk) — f(Xo)

k
=Y f(Xi) — f(Xia)
i=1

k
- Z f(Xiz1U{ai}) — f(Xi1)
i—1

k
= fa}|Xia) (22)
i=1
Also note that in the above construction we have B C X; Vi = 0, 1,.. ., k Hence by submodu-

larity of f we will have

f{ai}|Xiz1) < f({ai}|B) Vi

k

k
= f(AIB) =) f{ai}|Xi) < Zf({ai}lB) = > fUIB) (23)

i=1 jEA\B

19



SUBMODULAR COMBINATORIAL INFORMATION MEASURES WITH APPLICATIONS IN MACHINE LEARNING

For the modular upper bound, we need to show that f(A[B) > > .c 4\ p f(j|Q2\ j). Using
the construction we created in the previous case, we make a note that X;_; C Q \ {a;} since
{a;} does not lie in either of the sets by definition. Thus by the submodularity of f we will have
FHaidlXio) = fH{a} |\ {ai}) Vi = F(AIB) = S0 f{ai} 1 Xio1) = 20 F({ai} Q)
{ai}) = 2 jean FUIRQNJ) =

We note we can similarly achive upper and lower bounds for the submodular conditional mutual
information.

A.4. Multiset Submodular Mutual Information and MultiSet Submodular Total Correlation:
Proofs

A.4.1. PROOF OF LEMMA 7 (MONOTONICITY AND POSITIVITY OF MULTI-SET TOTAL
CORRELATION)

Proof The proof follows from the assumption that f is a monotone submodular function. This
means that f is also sub-additive and hence f(A U B) < f(A) + f(B) forall A, B C Q). We can
inductively prove this as: Zle f(4;) > Zi:lz (Ai)+ f(Ap—1UAE) > Zf:_lg (Ai)+ f(Ag—oU
Ap_ 1 U Ak) sl > f(Al) + f(Ui‘CZQAi) > f(Uf:ZAz) which implies that Cf(Al, R ,Ak> > 0.

We have monotonicity in any one argument from submodularity of f since C't(A1Uj, Ao, ... Ag)—
Cp(Ar, ..., Ax) = f(ilA1) — f(jl U, A;) > Osince A} C UF_| A; and hence the gain for just
Aj will always be larger giving us the required monotonicity. Finally, monotonicity in all arguments
follows as a consequence of monotonicity in each argument through a simple inductive argument. l

A.4.2. PROOF OF LEMMA 8 AND NEGATIVITY OF THE k-SET SUBMODULAR MUTUAL
INFORMATION

Proof We can re-write the expression for /7(A; B; C) in terms of the two-way mutual information
as follows:/¢(A; B;C) = I;(A; B) + 1;(C; B) — I§(AU C; B). Thus if I7(A; B) is submodular
for a fixed B we will have non-negativity and similarly if it is super modular, the three-way mutual
information will be non-positive. |

Next, we provide a simple example of a submodular function where the three-way submodular
mutual information is negative.

Lemma 30 There exists a submodular function f such that 1;(A; B;C) < 0.

Proof This proof is very similar (and also is connected) to the non-submodularity of the two way
mutual information from Lemma 28. Similar to the construction in Lemma 28, define f(A) =
min(| A, k) with k = 10. Let A, B, C be three disjoint sets with [A| = £ —1,|B| = |C| = £. Then
Ii(A; B;C) = f(A) + f(B) + f(C) = f(AUB) = f(AUC) = f(BUC) + f(AUBUC) =
35 —1-3k+2+k=1-5=—4 |

Since the the 3-set submodular mutual information is negative, the k-set submodular mutual informa-
tion is not necessarily non-negative.
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A.4.3. PROOF OF LEMMA 9 AND MONOTONICITY OF THE k-SET SUBMODULAR MUTUAL
INFORMATION

Proof We begin by writing out the difference I;(AUD; BUD; CUD)—1;(A; B; C) and show that
it is non-negative using submodularity and monotonicity of f. We have I;(AUD; BUD;CUD) —
I4(A;B;C) = f(AUD)+ f(BUD)+ f(CUD) - f(AUBUD) — f(BUCUD) — f(AUCU
D)+ f(AUBUCUD)— f(A)— f(B)— f(C)+ f(AUB)+ f(BUC) + f(AUC) — f(AUBUC).
On rearranging and grouping certain terms note that the difference is: (f(AU D)+ f(AUB) —
F(A) = F(AUBUD)) + (f(BUD)+ f(BUC) - f(B) - f(BUCUD)) + (f(CUD) + f(AU
C)—f(C)—f(AUCUD))+ (f(AUBUCUD) — f(AUBUC)). Now observe that each of
the four terms is non-negative, the first three due to submodularity and the last one by monotonicity.

For the case when B, C' are fixed, we do not necessarily have monotonicity in I7(A; B; C) as a
function of A. This can be shown with a counter example where the function f is a uniform matroid
function, f(A) = min(|A|, k) and the sets 4, B, C are pairwise disjoint and such that |A| = £ — 1,
|B| = |C| = %. In this case, notice that I(A; B;C) =1 — % and I;(AU j; B;C) = —% and in
fact I;(AU j; B;C) < I§(A; B; C). |

Next, we show that the four-way multi-set submodular mutual information is not necessarily
monotone even in all its arguments.

Lemma 31 The Given sets A, B, C, D, E, the four way Mutual Information does not necessarily
satisfy [{(AUE; BUE;CUE;DUE) > I;(A; B;C; D).

Proof Again, to prove this, we rely on the Matroid rank function f(A) = min(|A[, k). In this case,
let A, B, C, D be disjoint sets satisfying |A| = |B| = |C| = |D| = £ — 1. Now note that I;(4; B)
has 4 terms with singletons f(A) (positive sign), 6 terms with pairs f (AU B) (negative sign), 4 terms
with triples f(A N B N C) (positive sign) and one term f(A U B U C U D) (negative sign). Hence
it is easy to see that Ir(A; B; C; D) = 2k — 4 — 6k + 12 + 4k — k = 8 — k. Next, consider (for
j¢ A B,C,D),I;(AUj, BUj,CUj, DUj). Again, notice that since all sets share the elements j,
the singleton values are & /2, the values of the pairs is k£ — 1, triples is k and f(AUBUC U D) = k.
Hence I;(AUj,BUj,CUj,DUj) =2k —6k+6+4k—k=6—-k <8—k=1;(A;B;C;D).
Hence I(A; B; C; D) is not monotone even in all its arguments. |

This proves that unlike the total correlation, (Aq; Ao; - - - ; Ay) is not necessarily monotone in any
or all its variables for k > 4.

A.4.4. PROOF OF LEMMA 10 AND UPPER BOUNDS FOR THE k-SET SUBMODULAR MUTUAL
INFORMATION

Proof We first prove the result for £ = 3. Begin with the definition of I7(A; B; C) = f(A)+ f(B)+
f(C)=f(AUB) - f(BUC) - f(AUC) + f(AUBUC). We will show that I;(A; B;C) < f(A)
and using similar arguments we will also have I¢(A; B;C) < f(B) and I;(A; B;C) < f(C).
We begin with separating out f(A) from other terms in the definition of Iy(A; B; C) as follows:
1§(A; B; C) = f(A) = (=f(B) = f(C) + f(AUB) + f(BUC) + f(AUC) = f(AUBUC)) =
f(A) = (f(A|C)+ f(C|B) — f(C]AU B)). Now note that f(A|C) + f(C|B) — f(C|AUB) >0
since the conditional gain f(A|C') is always non-negative and also f(C|B) — f(C|AU B) > 0 by
submodularity of f. Hence we then have I;(A; B;C) < f(A) and using similar arguments for B, C
we get that I7(A; B; C') < min(f(A), f(B), f(C)).
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Next, we show that the upper bound also holds for the 4-set submodular mutual information. To
prove the result for the 4-way case, we use the fact that the 3-way submodular mutual information is
monotone in all its arguments, i.e. 17(A; B;C) < Iy(AUD; BUD;C U D). It is easy to see that
It(A;B;C; D) = f(D) + I;(A; B;C) = I;(AUD; BUD;CUD) < f(D). By symmetry, we
get this for the other sets as well.

This same proof technique does not carry over to the k-set case, since in general, it is not necessary
monotone in all its variables (cf. Lemma 31). Unfortunately, it does not hold for £ = 5 and hence is
not guaranteed to hold for &k > 5. We prove this by showing an example. Define f(A) = min(|A[, 3k)
and let A, B,C, D, E be disjoint sets with |A| = |B| = |C| = |D| = k, |E| = 1. Note that the
value of the RHS is 1. Now, in the expansion of I¢(A; B; C; D; E), note that there 5 terms involving
singletons: f(A), 10 terms like f(A U B) (pairs of sets), 10 terms like f(A U B U C) (triplets of
sets), 5 terms like f(AU BUC U D) and one term f(AU BUC U D U E). Note that by definition,
the terms f(A U B U C U D) = 3k and similarly, f(AU BUC U D U E) = 3k. Moreover, in the
expansion of /¢, the singletons have a positive sign, the pairs negative sign, triplets again positive,
quadruplets have negative and finally f(AU B U C U D U E) is positive. Moreover, the contribution
of the singletons is 4k + 1, the pairs is 16k + 4, triplets is 24k + 6 (since they are all not saturated).
Furthermore, the contribution of the quadruplets is 15k (since it is saturated) and the last with all five
sets is 3k. This means, that [¢(A; B;C; D; E) = 4k +1 — 16k — 4+ 24k + 6 — 15k + 3k =3 >
min(f(A), f(B), f(C), J(D), f(E)) = 1. .

Note that since J¢(Ay; Ao; ..., A1) = (A1 . 5 Ag) — Ip(Ax; ..., Ag| Ak ), we do have
an upper bound whenever the submodular conditional multi-set information is non-negative since,
w.lo.g. assuming f(A1) < f(A2) < --- < f(Agr41), we have by induction that T¢(Aq;. .., A;) <
f(AL) = I¢(Aqs. .5 Ag|Ag41) < min; f(A;). For example, it does hold for special cases of facility
location and set cover.

A.5. Submodular Variation of Information
A.5.1. PROOF OF LEMMA 11 (VARIATION OF INFORMATION IS A PSUEDOMETRIC)

Proof We have non-negativity of Df(A, B) by the monotonic nature of f. f(AU B) > f(A)
and f(AUB) > f(B) = Ds(A,B) = 2f(AUB) — f(A) + f(B) > 0 and we also
have symmetry for D¢(A, B) by definition. Next we show that triangle inequality also holds i.e:
Dy(A,C) < Dy(A,B) + Ds(B,C).

fLAUB)+ f(BUC) > f(AUBUC) + f((Au B) N (BN C)) by submodularity

= f(BU(AUCQC))+ f(BU(ANC)) by distributive properties
= f(AUB)+ f(BUC) > f(AUC) + f(B) by monotonicity
— 2f(AUB)+2f(BUC)>2f(AUC)+2f(B)
— 2f(AUB)+2f(BUC)=2f(B) - f(A) = f(C) = 2f(AUC) — f(A) = f(C)
= Dy(A,B)+ Ds(B,C) > D¢(A,C)

This metric only fails to satisfy the identity of indiscernibles i.e Df(A,B) = 0 <~ A = B.
To show this, let f(A) = min(|A[, k) and let A and B be two disjoint sets of size k. Note that

22



SUBMODULAR COMBINATORIAL INFORMATION MEASURES WITH APPLICATIONS IN MACHINE LEARNING

D¢(A,B) =2f(AUB) — f(A) — f(B) = 2k — k — k = 0 even though A and B are disjoint!
However we still have D¢(A, B) = 0 if A = B and hence it is a pseudo-metric.

Now the second part is if ky > 0, then Df(A,B) = 0 = A = B. Let us assume
that A # B. Recall that Dy(A; B) = f(A|B) + f(B|A). We will show that when A # B,
f(A|B) > 0 (with a similar argument for f(B|A) > 0) when x > 0 giving us an contradiction
that D¢(A; B) > 0. When x > 0 we have 1 — k£ = minjeq fgf(glza)]) < 1. We use the following
lower bound for f(A[B) as follows: f(A|B) = >_;ca\p f(J[€2\ j). Also from £ > 0 we have,
Siean FUIRNG) > (1= k)X ;cap f(]0) and f(j|0) > 0 w.lo.g. when f is monotone'.
Therefore > .c 1\p f(jI2\ j) > 0 = f(A|B) > 0. Using a similar argument to show
f(B|A) > 0, which implies that D¢(A; B) > 0 when A # B.

A.5.2. PROOF OF LEMMA 12 (UPPER AND LOWER BOUNDS WITH THE SUBMODULAR
HAMMING METRIC)

Proof For the upper bounds we have:D¢(A, B) = f(AUB) — f(A) + f(AU B) — f(B) and
also f(AUB) < f(B\ A) + f(A) and (AU B) < f(A\ B) + f(B) — Dy(A,B) <
f(B\ A) + f(A\ B) = DSHA(A, B). Now we also show a tighter upper bound by noting that
f(AUB) < f(ANB) + f(AAB) (by submodularity of f) and that I;(A, B) > f(AN B). Hence,
Dy(A,B) = f(AUB) — I;(A,B) < f(AUB) — f(ANB) — Dj(A, B) < f(AAB).
Next, we show the lower bound. note that Df(A, B) = f(A|B) + f(B|A). Next, we show
that f(A|B) = f(AUB) — f(B) > (1 — k(AU B)) f(A\B). To show this, note that f(A|B) >
Sieap FUIAUBV) > (1— £(AUB) e p FU10) 2 (1 £(AU B))J(A\B). We can
similarly show that f(B|A) => (1 — k(A U B))f(B\A). Hence we have that D¢(A, B) >
(1 - K(AUB)[f(A\B) + f(B\A)] > (1 - k(AU B))[(AAB). =

Appendix B. Proofs of the Results in Section 4

In this section, we prove the results from Section 4.

B.1. Proof of Lemma 13 (Modular Function)

Proof Here the function f is modular i.e f(A) = w(A) = > .4 w(a). Now, f(AU B) =
S ieaus (i) = Yieawd) + Yiepwli) = Yieanpw(i) = w(A) + w(B) — w(An B) =
f(A) + f(B) — f(AN B). Hence I;(A; B) = w(A N B). For the conditional gain, we have
f(A|B) = f(AUB) — f(B) = w(A) —w(ANB) = w(A\ B) and Df(A,B) = f(A|B) +
f(B|A) =w(A\ B)+w(B\ A) = w(AAB) since (A\ B)N (B \ A) = 0.
Next, we study the multi-set mutual information. Recall that the expression is a simple
inclusion-exclusion principle expression and when f is modular, the term I7(Ay;---; Ay) =

- ZTg[k](_1)|T|f(Ui€TAi) == ZTg[k](_1)|T| ZjeuieTAi wj = w(Ni; Ay). u

1. we can assume w.l.o.g since if f(j]0) = 0, f(j|X) = 0,VX C V by submodularity. Hence this j is a dummy
element which can without loss of generality be removed from the ground set.
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B.2. Proof of Lemma 14 (Set Cover Function)

Proof Here f is a set cover function, f(A) = w(Ugeavy(a)). Now, f(AU B) = w(Ueeca up7(c))
and we also have v(AU B) = vy(A) U~(B) where y(A) = Uzeav(A). We have the following result
by the inclusion exclusion principle.

I7(A;B) = f(A) + f(B) - f(AU B)
= w(y(A (
N~(B)) (24)

For the Conditional Gain, we have:
f(A|B) = f(AU B) - f(B)
= w(y(A) U~y(B)) —w(y(B)) = w(y(A)\7(B)) (25)
The pseudo metric also follows in a similar fashion,

Dy(A,B) = f(AUB) — I;(A; B)

= w(y(A) Un(B)) —w(y(A) N~(B))
= w(y(A)\(B)) + w(y(B) \~(4)) (26)
Next, consider the multi-set mutual information. Recall that [y (A1;- -+ ; Ag) = = 3 pcp(—1) Tl f(User As).
When f(A) = w(y(A)) is the set cover function, observe that v(U;er A;) = Usery(A;) and hence
Ip(Ays 5 Ag) = = > (D) (Uiery(4A)) 7

TClk]

From the expression of the modular function (or essentially, the inclusion-exclusion property),
observe that I7(Ay;- -+ ; Ax) = w(NF_v(A4;)). [

B.3. Proof of Lemma 15 (Probabilistic Set Cover Function)

Proof Here f(A) is the probabilistic set cover function: f(A) = >, 1y wi(1—Iaea(1—piq)). Here
Dia 1s the probability that the element a € A covers the concept ¢ and U is the set of all concepts. We
use P;(A) = ,eca(1 — pig) which denotes the probability that none of the elements in A cover the
concept 7. Therefore 1— P;(A) will denote that at least one element in A covers i. I;(A; B) = f(A)+
J(B)~ F(AUB) = Yoy wi(l— Py(A)+ 1= P(B) 1~ B(AUB)) = ¥ wi(1 - (P.(A) +
Pi(B) — P,(AU B))). With disjoint A, B we will have: P;(AU B)) = P;(A)P;(B) and hence:
114 B) = $yep will — (Pi(A) + Pi(B) — PAA)R(B))) = e will — Pi(A))(1 — Pi(B)).

For the conditional gain, we have f(A|B) = f(AUB)—f(B) = >,y wi[P;(B)—P;(AUB)| =
> icv Willlee s(1=pip) —ecau (1—pic)] = > icy willlyeB(1—pin) —oe B(1—pip) Horc 4\ p(1—
pia)] = 2 icr Willlee B(1 = pip) (1 = Mgea\ (1 = piar))] = > icp wi Pi(B) (1 Pi(A\ B)) Use
a similar strategy for the pseudo metric D¢(A, B) = f(AUB) —I¢(A; B) =2f(AUB) — f(A) —
f(B) = f(AUB) — f(A) + f(AUB) — f(B) we will have D(A, B) = >, .y wi[P;(B)(1 —
Pi(A\ B)) + Pi(A)(1 = Pi(B\ 4))].

It is easy to see that when A and B are disjoint, I¢(A; B) = >,y wi(1 — P;(A))(1 — Pi(B)).
As aresult, note that A |y B iff Vi € U, P;(A) and P;(B) are not both 0 (i.e. the probability that
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concept ¢ is covered by both sets A, B is not 1). Next, we provide the expression for conditional
mutual information with the probabilistic set cover. Note that /¢(A; B|C) = Iy(A; B)—1¢(A; B; C)
and hence with the prob. set cover function, I;(A; B|C) = ), wi(1 — Pi(A))(1 - Pi(B))P;(C).
|

B.4. Proof of Lemma 16 (Facility Location)

Proof Here we have the facility location set function, f(A) = 3~ maXqeeca s(i, a) where s is
similarity kernel and 2 = [n].

I;(A;B) = f(A)+ f(B) — f(AUB) = Z max s(i,a) + rglaxs(z',b) - maXBs(i,c) (28)

cB ce AU
i€[n]
_ . b . b )
Ez[:}réleazcs(z,a)qtrgleaé(s(z, ) max(rgeaj(s(l,a),r&aé(s(z, ) (29)
_ . ) b 30
iezﬂmln(gleay(%a),rgleaécdz, ) (30)

Assuming s(7,4) = 1 is the maximum similarity score in the kernel, we can then break down the sum
over elements in ground set 2 as follows. Forany i € A, max,c4 (7, a) = 1 and hence the minimum
(over sets A and B) will just be the term corresponding to B (and a similar argument follows for terms
in B). It(A; B) = 3~;cq\ (aup) Min(maxee s(i, a), maxpep 5(i, b)) + 3 e 4\ g Maxpep $(4, b) +
Zz’eB\A maxXgeq 5(4,a) + Y ;canp 1- A special case arises when B = Q \ A as the first and last
sums disappear thereby making it look like a symmetric version of the facility location function:

I;(A;Q\ A) = Zmaxszb Zmaxsza

1€Q\A

For the Conditional Gain we have f(A|B) == ), .o max(max,ec4 5(i,a), maxpep s(i,b)) —
maxpep 5(1,b) = Y ;e max(0, max,e 5(i, a) — maxpep 5(i,b)). Thus for an 4 € (2, the notion
of "gain" makes sense wrt sets A, B if A has a higher similarity element than the highest one from
B. Similarly for the pseudo metric we get:

Dy(A,B) = f(AUB) — If(A; B) a1
= % max(féleajc s(i, a), max s(i,b)) — mm(%lea}f s(i,a), max s(i,b))  (32)
= Z|maxs i,a) —maxs(i,b)| (33)
beB
1€}

Next, lets get to the multi-set mutual information. Recall, that the multi-set mutual information
is defined as: Ip(A1;--- ;1 Ax) = — ZTgk](—l)|T|f(UieTAi)- We then obtain the following
relationship:

Ip(Avsooe 5 Apgr) = Ip(Ars oo 5 Ag) = Tp(A U A 5 Ap U Aga) + f(Akp) (B4

We then prove the multi-set relation for the max function, and since the Facility Location is a sum of
max functions, the result will extend there as well. Define M (X)) = max;c x w;. Let us assume, by
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induction, that the result holds for k. In other words, let I;(A1;--- ; Ay) = min;—y.; M(A;). Using
the above inductive relationship, we obtain:

Ie(Ars- - Aggr) = gi% M(A;) — Ei% max{M (A;), M(Ags1)} + M (Ax11) (35)
Now, assume that M (A1) < min;—q.,; M (A;). In this case, observe that I;(Ay;--- ;A1) =
ming—i.x M(AZ) — min;—q.x M(Al) + M(Ak—i-l) = M(Ak—i-l)- Hence, If(A1; v ?Ak:-i-l) =
min;—y.x+1 M(A;). For the second case, we assume that M(Agy1) > ming_1.; M(A;). In
this case, it is easy to see that min;—1., max{M(A;), M(Ags+1)} = M(Aky1) since for all i’s
such that M (A4;) < M(Ag+1), max{M(A;), M(Ak11)} = M(Ags1). Hence, in this case,
I¢(Avs--- 5 Appr) = ming—q. M(A;) = min;—q.441 M(A;). Hence in both cases, the result
is the minimum among the M (A;) values. Since the Facility Location is the sum of the respective
Max functions, the multi-set mutual information is the sum of the minimums. [ |

B.5. Proof of Lemma 17 (Generalized Graph Cut)

Proof Here we have the generalized graph cut set function, f(A) = A0 > uca Sia=2 _a; apeA Saras

with A > 2. If(A;B) = f(A) + f(B) = f(AUB) = A3 700D uea Sia = Doayaped Saras +

ADicq 2obeB 5ib™ Dby baeB Sbibs ~A Dicq Dee AUB SicT ey e AUB Scrco- A special case arises
with disjoint A, B, since ) . 4 ;5 can be broken downas ), + > .5 and hence f(A) + f(B)

part gets eliminated leaving behind a sort of "cross-similarity" between A, B as follows. I7(A; B) =

23 ucA 2 ben Sap and hence I;(A;Q\ A) =23 4 Zaeﬂ\A Saa’ -
For the Conditional Gain we break down ) 4 5 a8 > .c4_p+ > .p and hence obtain

f(A|B) = f(AUB)— f(B) as follows: Firstly, f(AUB) = A3",c0 > e a\ g SiatA D icq D pep Sib—
D b1 b€ B Shibs — Dcr ere A\B Seicz — 2D gre\B 2ubep Sa'b- This implies that f(A[B) = f(A\
B) =23 ca\B 2pep Swb. For the special case of disjoint A, B we then obtain: f(A[B) =
J(A) =23 cad pen Sav (for disjoint AB). Finally, note that A L, B iff I;(A; B) = 0 iff
Sap=0,Va € A,b € B. |

Appendix C. Proofs relating to Optimization Problems in Section 5

C.1. Proof of Lemma 18 (Submodular Mutual Information Based Selection)

Below is the proof of Lemma 18 that I;(A; €2\ A) is approximately monotone.
Proof We have g(A) = I;(A;Q\ A) = f(A) + f(Q2\ A) — f(2). In order to investigate
the monotonicity of g(A), we consider the gain of adding an element j ¢ A to A, g(j|A) =
9(AU{j}) —g(A) = fF(AU{}) — f(A) + F(Q\ (AU{j}) — F(€\ A). Thus we can write
the gain as g(j|A) = f(JlA) — f(F|2\ (AU {j})). Now this difference can be both positive
and negative in general and hence we require the notion of approximate monotonicity. Define
Kp(A) = maxjco\a W as the curvature for a set A. Then we have that g(j|A) >
f(J|A) — ks(A)f(4) and since f(j|A) > 0 (f is still a monotone function), we will have that
9(jlA) > —ks(A)f(j). If we make the assumption that f(j) < 1 Vj € €, then we will have
9(jlA) = =k (A).

We will follow a similar proof strategy as seen in (Guestrin et al., 2005; Nemhauser et al.,
1978) to show the guarantee. Let the greedy algorithm select the elements a1, a9, . .., ax at every
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iteration and let A; = {a1,...,a;}. As defined in the lemma, A* represents with optimal subset with
elements {01,02,...,0;} (in any order) and g(A) = I¢(A;Q \ A) is the submodular function we
are maximizing. Now from the result of Lemma 18, we have:

9(Ai U AY) > g(A") = krp(A") < g(A; U A7)

k
< g(AiUAT) = g(4A) + Zg(oﬂAi U{o1,02,...,0i})
j=1
k
< g(A)+ Zg(oj]Ai) by submodularity since A; C A; U {o01,09,...,0;}
j=1

< g(As) + kg(aiy1|Ai)

We have the last inequality as a consequence of the greedy algorithm procedure where by definition
a;+1 = argmax;eq g(j|A;). Note that g(a;1]|A;) = g(Ai+1) — 9(A;) and then on some rearrange-
ments we will have (g(A*) — krp(A*)) — g(Ait1) < (1 — 1)(9(A*) — krp(A%)) — g(A;) =
(9(A%) — krp(A%) — g(Ar) < (1 — £)F(g(A*) — kry(A*)) since Ag = @ with functional
value of zero and A= A Using the bound 1 — z < exp™® we will have the required bound
9(A) = (1= O)(g(A") — krp(AY)). u

C.2. Query Based and Privacy Preserving Summarization

In this subsection, we study the approximation guarantees and hardness results of the various
formulations of query based and privacy preserving summarization.

C.2.1. QUERY BASED SUMMARIZATION: PROOF OF THEOREM 19

In this section, we study Problem SMIMax:

Al Ir(A;Q) + Ag(A) (36)

Here f and g are monotone and non-negative submodular functions and A > 0. Below is the proof of
Theorem 19.

Proof The proof of the first part is a direct corollary of Theorem 5. In particular, if f(3) (i,j,k; A) >
0, we have that /¢(A; Q) is submodular in A for a given (). Also note that, I7(A; Q) is always
monotone, and hence if g is monotone submodular, it implies that I7(A; Q) + Ag(A) is monotone
submodular and hence the 1 — 1/e approximation holds from (Nemhauser et al., 1978).

The proof of the hardness follows the construction from (Svitkina and Fleischer, 2011; Goe-
mans et al., 2009) where we construct two submodular functions f(A) and fr(A) which are
indistinguishable from each other with high probability. Define f as the uniform rank o ma-
troid, f(A) = min{|A|,\}. Furthermore R be a subset of {2 with |[R| = X and define g as
fr(A) = min{|A|,8 4+ |S N R°|,A\}. Assume that A ~ /n and 8 = Q(logn) and R° denotes
the complement of R. It can be shown using the Chernoff bound analysis seen in (Svitkina and
Fleischer, 2011; Goemans et al., 2009) that f and fr can only be distinguished from each other using
a polynomial number of queries with probability no more than n<(1),
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Now consider the problem instance under the context of f as : maxcq jaj<a—1 1r(4;Q) +
g(A) where g(A) = %. Also consider the similar problem under the context of fr as:

max 4co |aj<i—1 Lz (A4; Q) + g(A). Here we also define the fixed set Q to be a singleton set {q}
such that g € R.

Note that under the constraint |A| < X\ — 1, we will have I;(A; Q) = 0 for any A satisfying

|A] < A—1. This holds because f is actually modular in that range. Furthermore, the maximum value
1

of of g(A) = o(ny When |A] = A — 1 and hence the maximum achievable value of I¢(A; Q) + g(A)
1

under the constraints is a0 Moreover, any algorithm which tries to maximize the two problems
(with Iy and Iy, cannot distinguish between them in polynomial number of queries and hence

will not be able to obtain a better solution than ﬁ However noting the construction of fg,

we know maximum solution attainable is 1 + ﬁ when A = R\ ¢. In particular, note that

I, (A;Q) = frR(A)+frR(Q)— frR(AUQ) = fr(R\q)+fr(q)—fr(R) = fr(q) = 1. Furthermore,

Lo . I+
g(R\q) = ﬁ and hence the worst case approximation factor is at least aag” =1+4+a(n) > a(n).
This means that any polynomial time algorithm which gives us a better factor should also be able to
distinguish between f and g reliably giving us a contradiction. |
Finally, we mention that no query constraint is similar to setting () = V, in which case

I+(A;Q) = f(A), which is the original objective for summarization in the absence of a query.
In the next section, we consider an alternate formulation for query based summarization.

C.2.2. QUERY BASED SUMMARIZATION: FORMULATION AS A CONSTRAINED PROBLEM

Here we consider a problem that involves the use of the conditional gain function as a constraint in
a submodular maximization problem. Recall that in the query based selection, we have a fixed set
Q C €, and the goal is to achieve a good summary which is also related to the query set. Below is
the constrained formulation of this problem:

max g(4) st f(A|Q) < e |A[ <k (37)

Note that this problem is related to maximizing the mutual information /(A; Q) + Ag(A) since
I+(A; Q) = f(A) — f(A|Q). Hence maximizing I;(A; Q) is related to minimizing f(A|Q). We
can therefore decouple the objective and the constraint, and have f(A|Q) which models the query
similarity in the constraint.

Since both f(A|B) and g(A) are submodular functions in A, the problem is an instance of
submodular maximization with multiple submodular knapsack constraints which has bounded

approximation guarantees of [1 -1/ from the result of (Iyer and Bilmes, 2013)

where Ky = 1 — minjey e H;\j ) is the curvature of the submodular function. An interesting
observation about the constrained formulation is that it always admits a bounded approximation
guarantee as long as f and g are monotone submodular. SMIMax on the other hand, requires
additional assumptions for the problem to admit bounded approximation guarantees.

Next, we point out the similarity between SMIMax and the constrained formulation above. In
particular, the parameter € is similar to the trade-off parameter A, except that via the constraint, we
have explicit control over the query similarity, rather than a somewhat indirect effect via the tradeoff

€ TH-(T=ry)
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term \. This is mainly because, thanks to the constraint, we are able to decouple the main objective
(to have that only dependent on A) and the query term (which is only in the constraint). Finally, note
that when (Q = V/, the constraint f(A|Q) < e disappears (since f(A|V) = 0) and we get cardinality
constrained submodular maximization.

C.2.3. PRIVACY PRESERVING SUMMARIZATION: PROOF OF LEMMA 20 AND COMPARING
NSMIMAX AND CGMAX

In this section, we study Problems NSMIMax and CGMax. We start with Problem NSMIMax.

Mg(A) — I;(A; P) = Ag(A P|A 38
X g(A) — I;(4; P) A g(A) + f(P|A) (38)

Our first result shows the conditions for achieving approximation factors for NSMIMax and its
hardness.

Lemma 32 NSMIMax is an instance of (non-monotone) submodular maximization if the third-order
partial derivatives are not positive, i.e. {3 (i,j,k;A) = fO (G, k; AUD) — f@ (4, k; A) < 0. In
the worst case, however, there exists submodular function f such that NSMIMax is inapproximable.

Proof First observe that NSMIMax is non-monotone because g(A) is a monotone submodular
function and I(A; P) is also monotone, and hence NSMIMax is a difference of monotone functions.
Since, ¢ is monotone submodular, NSMIMax can potentially be approximable, if I7(A; P) is
supermodular in A for fixed P. Again, following Theorem 5, we know that (A; P) is supermodular
in A if the third-order partial derivatives are not positive, i.e. f3) (i, k; A) = fP(j, k; AU ) —
f@(, k; A) < 0. Next, we will show that NSMIMax is inapproximable. For this, let P = V.
Then I¢(A; P) = f(A) and NSMIMax becomes maximizing g(A) — f(A) which is a difference of
submodular functions. We then invoke Theorem 5.6 from (Iyer, 2015) which shows that the problem
of maximizing the difference of submodular functions cannot be approximated upto any polynomial
factor. |

NSMIMax has a number of issues though. First, for most common submodular functions, the
third-order partial derivative is actually non-negative instead of non-positive and hence /¢(A; P) will
actually be submodular. As a result, this problem is likely to be in-approximable. Secondly, when
there is no privacy constraint, I¢(A; P) = I;(A; () = 0 and hence we do not get back the problem
of just maximizing the function f.

A more natural solution which addresses both issues is to maximize the conditional gain f(A|P).
Hence we consider the following problem (CGMax):

A Ag(A) + f(A|P) (39)

This problem has several nice properties. When there is no private set, i.e. P =0, f(A|P) = f(A).
Secondly, f(A|P) is monotone, normalized, non-negative and submodular when f satisfies all these
properties, and hence CGMax admits a 1 — 1/e approximation guarantee (Nemhauser et al., 1978).
Combinng the above with the proof of Lemma 32 concludes the proof of Lemma 20.
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C.2.4. PRIVACY PRESERVING SUMMARIZATION: FORMULATION AS A CONSTRAINED
PROBLEM

Similar to the query based summarization, we study an alternative formulation of privacy preserving
summarization. Again, the goal of this formulation is to decouple privacy as a constraint and thereby
have explicit control on the amount of privacy we would like to enforce.

rjlgz%(g(A) stIp(A;P) <€Al <k (40)
This problem is related to NSMIMax above, where instead of minimizing I¢(A; P), we add it to
the constraint. Moreover, this problem is an instance of SCSK as long as the function /¢(A; P) is
submodular. Recall that I;(A; P) is submodular if the third-order partial derivative of f is non-
negative, which is true for many submodular functions like facility location and set cover. As a result,
equation (40) is more tractable compared to NSMIMax. Similar to the constrained formulation in
the query based case, we have explicit control over the privacy via the parameter € in the constraint.
Also, note that when P = (), the constraint I;(A; P) < e disappears (since I¢(A; P) = 0) and
we get cardinality constrained submodular maximization. Finally, the constrained formulation
(equation (40)) may not have a bounded approximation factor (when f does not have third-order
partial derivatives negative) and in that case, CGMax is a preferred approach.

C.2.5. PRIVACY PRESERVING AND QUERY BASED SUMMARIZATION: ANALYSIS OF CSIMAX
AND PROOF OF LEMMA 21

The first approach for this problem is:

acmex_ L4 Q) = I1(A; P) + Ag(4) (41)
When P = (), we get back SMIMax. However, when Q = V/, we obtain f(A) 4+ Ag(A) — I;(A; P),
which is similar to NSMIMax. Furthermore, when Q = (), we have \g(A) — I;(A; P) which is
exactly NSMIMax. From the previous section, we know that NSMIMax is inapproximable, this
implies that this problem will also be in-approximable in the worst case. This is true even when
the third-order partial derivatives are non-negative which is true for a rich subclass of submodular
functions. Furthermore, this not yield the desirable f(A|P) in the privacy preserving case.

As a result, we study one more formulation (which we call CSMIMax):

ms 1 (A:QIP) + 2g(4) @2)
Let us look at some special cases. When @ = V, we get back CGMax: f(A|P) + Ag(A). Similarly,
when P = (), we obtain I¢(A; Q) + Ag(A) which is SMIMax. Finally, when P = 0,Q =V, we
obtain f(A) + Ag(A). Moreover, as we show in the following Lemma, this problem is 1 — 1/e
approximable by the greedy algorithm for a rich subclass of submodular functions.

Next, we prove Lemma 21

Proof The proof of the first part is a direct corollary of Theorem 5 (the submodularity of submodular
conditional mutual information). In particular, if f©)(i, 5, k; A) > 0, we have that I;(A; Q|P) is
submodular in A for a given Q. Also note that, I;(A; Q| P) is always monotone, and hence if g is
monotone submodular, it implies that 1¢(A; Q|P) + Ag(A) is monotone submodular and hence the
1 — 1/e approximation holds from (Nemhauser et al., 1978). |
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Finally, we provide some intuition into maximizing I;(A; Q|P), in addition to the fact that in
special cases, it yields both CGMax and SMIMax. Note that Ir(A; Q|P) = I7(A; Q) — I;(A; Q; P).
This implies that we are trying to maximize /(A; Q) while minimizing /¢(A; Q; P). Maximizing
I;(A; Q) will try to obtain a set A which is similar to the query set (). On the other hand, minimizing
I+(A;Q; P) will try to have set A as independent as possible from P (since A needs to be close
to @ to maximize the first term). Another way to look at this is by noting that I;(A; Q|P) =
f(AUP) — f(AU P UQ) plus some terms which are independent of A. As a result, maximizing
I+(A; Q|P) is equivalent to maximizing f(AU P) — f(AU P UQ), or in other words, maximizing
f(A U P) while minimizing f(A U P U Q). Maximizing f(A U P) means the set A should be as
independent of P as possible, while minimizing f(A U P U Q) means that A should be as similar to
@ as possible.

C.2.6. PRIVACY PRESERVING AND QUERY BASED SUMMARIZATION: CONSTRAINED
FORMULATION

Finally, similar to both privacy preserving and query based summarization, we study constrained
formulations for joint privacy preserving and query based summarization. Recall that for query based
summarization, we had a constraint f(A|Q) < e while in the privacy preserving summarization, the
constraint was I7(A; P). We can add both of these as constraints:

glggg(fl) st f(AIQ) < e, [f(A; P) < e,|Al < k (43)

The thresholds €1, e allows direct control over the query similarity and privacy. However, similar
to the privacy preserving summarization, this requires /¢(A; P) to be submodular, which in turn
requires f to have non-negative third-order partial derivatives.

When f does not satisfy this condition, we can modify the optimization problem slightly to make
it tractable. In particular:

max g(A) + A2 f(A[P) s.t f(A]Q) < €1, [A] < k (44)

Note that since both the objective and the constraint are monotone submodular, this problem is an
instance of SCSK (Iyer and Bilmes, 2013).

C.3. Clustering and Partitioning using the Multi-Set Submodular Mutual Information

In this section, we build upon the discussion of section 5 for the clustering and partitioning applica-
tions using the multi-set mutual information functions.

C.3.1. CLUSTERING OR MINIMIZING MULTI-SET MUTUAL INFORMATION

First we show that with the total correlation, we get a known submodular partitioning problem.

min Cf(Al,...,Ak) (45)
Aty Ag st U?ZIAZ':Q s AiﬂA]’Z(D Vi,j

This problem is equivalent to minimizing Ele f(A;) — f(UE_|A;). Since, UF_ | A; = €, the
observation below follows.
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Observation The problem stated in equation 45 is equivalent to the submodular multiway partition
problem with the only difference being in the values of the respective objective functions, which
always differ from each other by the same constant value and which is equal to f(Q) = f(UE_, 4;).

Next, let us look at minimizing the k-way submodular mutual information Unfortunately, this is not
very interesting and we explain this with an example. With the Set Cover function, I7(A1,..., Ay) =
w(N¥_;v(A;)), and the objective can be minimized with a trivial partition where sets Ay, - -+, Ap_;
cover almost similar items but one set A covers very different concept(s). This is not a very desirable
clustering.

C.3.2. DIVERSE PARTITIONING OR MAXIMIZING MULTI-SET MUTUAL INFORMATION

Again, we start with the total correlation.

max Cf(Al,...,Ak) (46)
Al A st UR_ A=, A,NA;=0Vi,j

Equation 45 is equivalent to maximizing Zle f(A;) — f(UF_|A;). Since, UF_ | A; = Q, the
observation below follows.

Observation The problem stated in equation 46 is equivalent to the submodular welfare problem
with the only difference being in the values of the respective objective functions, which always differ
from each other by the same constant value equal to f(2) = f(UF_| A;).

Next, look at the problem of maximizing the multi-set mutual information.

max If(Al, PN ,Ak) (47)
Aty Ak st Ui-c:lAi:Q R AiﬁAjZQ Vi,j

This problem is interesting since it is related to robust (i.e., worst case) partitioning (Wei et al.,
2015b). To understand this better, we see the facility location function. Recall that

Ie(Ags--- 5 Ag) = Zmin(max s(i,a1),- -+, max s(i,ax)) (48)

a1€A1 ap €A

The expression is similar in the case of set-cover. We see that maximizing [ is related to maximizing
the minimum among the functions and hence is a robust partitioning approach. The worst case
(robust) partitioning tries to solve:

max - min(f(Ay), ..., f(Ar)) (49)
Aq,..,Ag st Ui-c:lAi:Q s AiﬁAj:QJ Vi,j

This objective is similar to the multi-set mutual information for the set cover and facility location,
except that we have the sum of the minimums instead of the minimum of the sums in both cases.
Moreover, we can also view the multi-set mutual information as maximizing a lower bound of the
robust objective (Wei et al., 2015b).
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C.4. Proof of Lemma 22 (Minimization of Submodular Information Metric)

Proof We can obtain an approximation to above problem by taking a look at the bounds show in
Lemma 12 and leveraging the additive version of the submodular hamming metric D°#4(A, B) =
f(A\ B) + f(B\ A). Note that for a fixed S;, D#4(A, S;) is a submodular function in A and
hence it can exactly minimized in polynomial time (Fujishige, 2005). Moreover, since D54( A, S;)
approximates D (A, S;) upto a factor of 1 — ¢, we get the resulting approximation guarantee. W

33



	Introduction
	Submodular Information Theoretic Quantities
	Properties of the Submodular Information Measures
	Examples of Submodular Information Measures
	Optimization Problems and Applications
	Conclusion
	Proofs of the Results from Section 3 and Additional Results
	Submodular Information Functions: Proofs
	Submodular Conditional Gain: Proofs
	Proof of Lemma 2 (Properties of Conditional Gain)
	Other Results on Conditional Gain

	Submodular Mutual Information: Proofs
	Proof of Lemma 4 (Non-Negativity and Bounds of If(A; B))
	Proof of Theorem 5 (Monotonicity and Submodularity of If(A; B))
	Examples of when is If(A; B) submodular
	Proof of Lemma 6 (Modular Upper/Lower bounds of If(A: B))

	Multiset Submodular Mutual Information and MultiSet Submodular Total Correlation: Proofs
	Proof of Lemma 7 (Monotonicity and Positivity of Multi-Set Total Correlation)
	Proof of Lemma 8 and Negativity of the k-Set Submodular Mutual Information
	Proof of Lemma 9 and Monotonicity of the k-Set Submodular Mutual Information
	Proof of Lemma 10 and Upper Bounds for the k-Set Submodular Mutual Information

	Submodular Variation of Information
	Proof of Lemma 11 (Variation of Information is a PsuedoMetric)
	Proof of Lemma 12 (Upper and Lower bounds with the Submodular Hamming Metric)


	Proofs of the Results in Section 4
	Proof of Lemma 13 (Modular Function)
	Proof of Lemma 14 (Set Cover Function)
	Proof of Lemma 15 (Probabilistic Set Cover Function)
	Proof of Lemma 16 (Facility Location)
	Proof of Lemma 17 (Generalized Graph Cut)

	Proofs relating to Optimization Problems in Section 5
	Proof of Lemma 18 (Submodular Mutual Information Based Selection)
	Query Based and Privacy Preserving Summarization
	Query Based Summarization: Proof of Theorem 19
	Query Based Summarization: Formulation as a constrained problem
	Privacy Preserving Summarization: Proof of Lemma 20 and comparing NSMIMax and CGMax
	Privacy Preserving Summarization: Formulation as a constrained problem
	Privacy Preserving and Query Based Summarization: Analysis of CSIMax and Proof of Lemma 21
	Privacy Preserving and Query Based Summarization: Constrained Formulation

	Clustering and Partitioning using the Multi-Set Submodular Mutual Information
	Clustering or Minimizing Multi-Set Mutual Information
	Diverse Partitioning or Maximizing Multi-Set Mutual Information

	Proof of Lemma 22 (Minimization of Submodular Information Metric)


