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Abstract

This thesis addresses the problem of learning with non-modular losses. In a prediction
problem where multiple outputs are predicted simultaneously, viewing the outcome as a
joint set prediction is essential so as to better incorporate real-world circumstances. In
empirical risk minimization, we aim at minimizing an empirical sum over losses incurred
on the finite sample with some loss function that penalizes on the prediction given the
ground truth. In this thesis, we propose tractable and efficient methods for dealing with
non-modular loss functions with correctness and scalability validated by empirical results.
First, we analyze the feasibility of using a structured output support vector machine
(SVM) with margin rescaling and a supermodular loss function. We present the hardness of
incorporating supermodular loss functions into the inference term when they have differ-
ent graphical structures. We then introduce an alternating direction method of multipliers
(ADMM) based decomposition method for loss augmented inference, that only depends
on two individual solvers for the loss function term and for the inference term as two in-
dependent subproblems. In this way, we gain computational efficiency and achieve more
flexibility in choosing our loss function of interest. We show that the novel supermodular
loss function can empirically achieve better performance on an image segmentation task.
Second, we show the necessity of using submodular loss functions in structured predic-
tion problems. A tight and computationally efficient surrogate function for learning with
submodular functions has not been previously developed. We show that margin rescal-
ing and slack rescaling in a structured output SVM lead to tight convex surrogates, if and
only if the underlying loss function is increasing in the number of incorrect predictions.
However, the gradient or cutting-plane computation for these functions is NP-hard for non-
supermodular loss functions. We propose instead a novel surrogate loss function for sub-
modular losses, the Lovasz hinge, which leads to O(plogp) complexity with O(p) oracle
accesses to the loss function to compute a gradient or cutting-plane. We validate the cor-
rectness of the Lovdsz hinge on various prediction tasks including multilabel prediction
tasks on the Pascal VOC and the MS COCO datasets. We show that for submodular loss
functions, training with the Lovdasz hinge achieves lower empirical error value than margin
rescaling and slack rescaling, which is expected from a correctly defined convex surrogate.
Finally, based on the previous contributions, we are able to introduce a novel convex
surrogate operator for general non-modular loss functions, which provides for the first time



a tractable solution for loss functions that are neither supermodular nor submodular. This
surrogate is based on a canonical submodular-supermodular decomposition. It takes the
sum of two convex surrogates that separately bound the supermodular component and the
submodular component using slack-rescaling and the Lovasz hinge, respectively. It is further
proven that this surrogate is convex, piecewise linear, an extension of the loss function, and
for which subgradient computation is polynomial time. We further show that the Dice loss
which is defined based on the Sgrensen-Dice difference function is neither supermodular
nor submodular. Empirical results are reported using the Sgrensen-Dice loss and a set of
non-submodular loss functions demonstrating the improved performance, efficiency, and
scalability of the novel convex surrogate.
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Chapter 1

Introduction

Contents

1.1 Contextand Motivation . . . . . . . & v v i i v vt b e et e et e

1.1.1 Empirical Risk Minimization . . . . ... ... ... ... ......
1.1.2 Submodularity . . ... ... ... ... .
1.1.3 LossFunctions . . . ... ... ... ...

o NN O v »

1.2 Contributions and ThesisOutline ... ... ... ... .. .......

1.1 Context and Motivation

Machine learning builds on many fields including optimization and statistics. It addresses
many problems including artificial intelligence, computer vision, natural language process-
ing and so on. Structured prediction as one domain of machine learning focuses on the
study of the prediction problem while modeling real-world concepts as structured objects.
For example, in natural language processing, a sentence is represented as having chain
structures or tree structures [Collins and Duffy, 2001, 2002]; in image parsing problem, a
scene is described using visual grammars [Tu et al., 2005; Han and Zhu, 2009]; in graphical
model, graphs with directed or undirected edges are used to show the conditional probabil-
ity relation between connected elements, e.g. pixels in images.

1.1.1 Empirical Risk Minimization

In structured prediction problem, in particular in the scenario of supervised learning, it is
often the case that a series of training samples {(x1,y1), ..., (Zn,yn)} € (X x V)" are given
in order to learn a model, train the parameters e.g. a weight vector in the model, so as to ap-
ply this trained model to make prediction during test time given unseen features. Illustrated
in Figure 1.2 is a set of training samples in a image foreground-background segmentation
problem where x; are pixelwise features and y; are labels. In particular, in structured pre-
diction problems, we consider that y; is a structured objects, and the interdependencies
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(a) An illustration from (b) Pixels in an image [Everingham et al., 2010] are represented by
Collins and Duffy [2002] nodes in a graph where edges are showing for conditional proba-
to show a tree structure bilistic relation between linked nodes.

of one sentence.
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John Saw D

the man

Figure 1.1: Examples of structured prediction problem in nature language processing and
images segmentation problem.

between the components of y; is taken into account.

In empirical risk minimization, we aim at minimizing an empirical sum over losses in-
curred on the finite sample with some loss function that penalizes on the prediction given
the groundtruth. A trivial example of the loss function is the Hamming loss, also called 0-1
loss, that counts the number of elements that are mispredicted. However, optimizing for a
prediction problem with 0-1 loss, which is relatively simple, is known to be NP-hard [Feld-
man et al., 2012]. In practice, an approximation that upper bounding the 0-1 loss is always
utilized, which is often convex in order to achieve computation feasibility and convenience.
We call this approximation a surrogate loss function. We will see some other commonly
used convex surrogate functions for binary classification problems in Chapter 2.

1.1.2 Submodularity

Submodularity is a property of a set function. A set function is a function whose input is
a set and whose output is a real number. A set function is submodular when the marginal
value added by including one extra element in the set is decreasing in the size of the input
set. The negative of a submodular function is a supermodular function. A function is mod-
ular if it is both submodular and supermodular. Finally, a function is called non-modular if
it is not modular. The set of non-modular functions includes the functions that are strictly
submodular or strictly supermodular, but also includes the functions that are neither sub-
modular nor supermodular. Figure 1.3 shows the Venn diagram of general functions from
the perspective of submodularity. We will formally introduce the definitions and notions in
Chapter 2.

Submodular functions first appeared in the context of combinatorial optimization with
the concept first introduced by Whitne and Tutte for matroids, by Choquet for the capac-
ity theory and by Ore for graphs [Tutte, 1966; Schrijver, 2002; White, 1986; Ore and Ore,
1962; Fujishige, 2005]. Submodular set functions have been frequently considered in the
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= g
(a) A set of input images

(b) A set of output segmentations

Figure 1.2: Examples of training samples for an image segmentation problem where the
foreground objects are people. Images are taken from the Pascal VOC dataset [Everingham
et al., 2010]

context of machine learning problems. The submodularity of a problem is central to the fea-
sibility of its solution [Kolmogorov and Zabin, 2004; Kirillov et al., 2015]. The diminishing
returns property of submodular functions makes them suitable for many real world appli-
cations, such as active learning, document summarization, video summarization, feature
selection, sensor placement, distributed computing and many other domains [Wei et al.,
2015; Lin and Bilmes, 2011; Gygli et al., 2015; Krause et al., 2008; Chen et al., 2014].

In real-world circumstances, there are two contexts in which we study submodularity:

1. the way in which we describe structured objects, namely the statistical inference prob-
lem;

2. the way in which we evaluate one structured output prediction given the groundturth
output, namely the loss function.

In this thesis, we focus on the study of the loss functions that are utilized in a prediction sys-
tem. We will look at loss functions of interest for different applications from the perspective
of submodularity.

1.1.3 Loss Functions

Statistical learning has largely addressed problems in which a loss function decomposes
over individual training samples. However, there are many circumstances in which non-
decomposable, namely non-modular losses must be minimized. This can be the case for
example multiple output predictions are simultaneously made and are used to make one
single decision as a real-world outcome, e.g. predicting pixels so as to recognizing an object,
predicting one label among multiple labels of interest so as to recognizing a scenario, etc.
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General Functions

Figure 1.3: Set functions in general. The intersection of submodular functions and super-
modular functions, is the set of modular functions. In general, there are many functions
that are neither submodular nor supermodular.

Taking a high level view of one action of the prediction, the dependencies among the effect
of the output predictions should therefore be better incorporated through a non-modular
loss function.

If the relevant loss at test time is non-modular, it is essential to optimize the correct
loss during training time [Diez et al., 2015; Gao and Zhou, 2013]. Non-modular losses
have been (implicitly) considered in the context of structured prediction problems. Cheng
et al. [2010] uses a rank loss which is strictly supermodular; Petterson and Caetano [2011]
and Doppa et al. [2014] use a non-submodular loss based on F-score; Nowozin [2014] has
considered the intersection over union loss which is strictly submodular [Yu and Blaschko,
2015a]; Pletscher and Kohli [2012] applied an area/volume based label-count loss that
enforces high-order statistics which is strictly supermodular; Osokin and Kohli [2014] pro-
posed a layout-aware loss function that takes into account the topology/structure of the
object which is also strictly supermodular.

Tasks of interest In this thesis, we will mainly focus on three research questions:

1. Given a supermodular loss function of interest, is it tractable to incorporate it in to
existing surrogate functions such as margin rescaling in a structured output supporter
vector machine (SVM) [Taskar et al., 2004; Tsochantaridis et al., 2005]? Is the struc-
tured output SVM tractable to learn with any supermodular loss function?

2. In the case that a submodular loss function is preferred, can we develop a convex
surrogate function for submodular loss functions that is extension of the discrete loss
function? Is it always computationally feasible?

3. Can we develop a convex surrogate function for loss functions that are neither sub-
modular nor supermodular?
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Chapter 5: General Functions

Chapter 4: Chapter 3:

Submodular Supermodular

Figure 1.4: The structure of this thesis in a Venn diagram related to the submodularity of
the loss functions.

1.2 Contributions and Thesis Outline

Following the motivation and previous research questions of interest, this thesis is organized
as follows:

In Chapter 2, we introduce basic concepts and formal math notation from discrete opti-
mization, combinatorial optimization, statistical learning theory and computer vision prob-
lems, including the definition of set functions, submodularity, Markov Random Fields, em-
pirical risk minimization, structured output SVM, etc., which are necessary for the following
chapters.

In Chapter 3, we analyze the feasibility of using a structured output SVM with mar-
gin rescaling and a supermodular loss function. We present the hardness of incorporating
supermodular loss functions into the inference term when they have different graphical
structures. We then introduce an alternating direction method of multipliers based de-
composition method for loss augmented inference, which allows us to gain computational
efficiency, making new choices of loss functions practical for the first time. We validate the
proposed methods on an image segmentation task. We also release an open-source package
online which provides an alternative API for structured output SVM. The content of this
chapter is based on the following publication:

e Jiagian Yu and Matthew B. Blaschko. Efficient learning for discriminative segmenta-
tion with supermodular losses. In Proceedings of the British Machine Vision Confer-
ence. BMVA Press, 2016.

In Chapter 4, we show the necessity of using submodular loss functions in structured
prediction problems. A tight and computationally efficient surrogate function for learning
with submodular functions has not been previously developed. In this chapter, we introduce
the notion of extension. We show necessary and sufficient conditions for margin rescaling
and slack rescaling in a structured output SVM to yield extension. We then propose a novel
convex surrogate loss function, the Lovasz hinge, which makes learning with submodular
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loss functions tractable (polynomial time) for the first time. We validate the correctness of
the Lovasz hinge on various prediction tasks by showing that training with the same loss
function as during test time yields the lowest empirical risk values. The content of this
chapter is based on the following publications:

e Jiagian Yu and Matthew B. Blaschko. The Lovasz hinge: A convex surrogate for sub-
modular losses. 2015. arXiv:1512.07797;

e Matthew B. Blaschko and Jiagian Yu. Hardness results for structured learning and
inference with multiple correct outputs. In Constructive Machine Learning Workshop
at ICML, Lille, France, July 2015;

e Jiagian Yu and Matthew B. Blaschko. Learning submodular losses with the lovasz
hinge. In Proceedings of the 32nd International Conference on Machine Learning,
volume 37, pages 1623-1631, 2015.

In Chapter 5, based on the contribution of the previous chapter, we are able to introduce
a novel convex surrogate operator for general non-modular loss functions, which provides
for the first time a tractable solution for loss functions that are neither supermodular nor
submodular. This surrogate is based on a canonical submodular-supermodular decompo-
sition. We validate the correctness and scalability of the proposed method on a face clas-
sification task in a video sequence. The content of this chapter is based on the following
publication:

e Jiagian Yu and Matthew B. Blaschko. A convex surrogate operator for general non-
modular loss functions. International Conference on Artificial Intelligence and Statis-
tics, volume 51 of Journal of Machine Learning Research, pages 1032-1041, 2016.

In Chapter 6 we conclude the thesis, summarize our contributions, and discuss prospec-
tive future work. A diagram of the structure of the thesis is shown in Figure 1.4.
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Overview In this chapter, we introduce some basic concepts that are necessary for the

remainder of this thesis. First, we introduce the notion of set functions, submodularity
and properties of submodular functions. Second, we provide an overview of graph-cuts in
computer vision, submoudular potential, and Markov Random Fields (i.e. undirected graph-
ical models). Then, we present the principle of empirical risk minimization and surrogate
functions. Last, we will give a brief introduction to the structured output support vector

machine.

2.1 Submodular Functions

The material presented in this section is partially based on Lovasz [1983]; Bach [2013];

Fujishige [2005]. Table 2.1 summarizes a list of notation introduced in this section.

11
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Notation Meaning
V={12,...,p} the base set
PV) the power set of V
R set of real numbers
0 the empty set
Ry, Z4+ the non-negative of R, Z
f:PV)—R a general set function
I, indicator vector of set A
| Al cardinality of A
P(f) submodular polyhedron
B(f) base polyhedron
s € RP a real-valued vector of length p
s the j™ element in s
s(A) the value )., s/

Table 2.1: Table of notation in this section.

2.1.1 Definition of A Submodular Function

Let us first introduce the definition of a set function. We say a set function is a function whose
input is a set and whose output is a real number. Given a finite base set V' = {1,--- ,p},
p = |V, a set function f maps from the power set P(V') of the base set V' to the set of real
numbers R,

f:PV)—=R,

denoted f(A), VA C V. For notational convenience, we usually identify the power set P(V)
as 2V, then identify each element of the power set with a binary indicator vector:

1 ifxz e A,

I4:=(1.)zea, suchthatl, :=
4= (Lo)ea {o if x ¢ A.

Namely, a set A C V can be uniquely defined by the indicator vector 14, and vice versa.

For example, the function that assigns to each set to its cardinality, i.e. the number
of members of the set, is a set function. In practice, there are many problems that can be
formulated by using set functions. Figure 2.1 shows an example of a set prediction problem,
the multi-label prediction problem. The ground truth of the problem can be formulated as a
base set that contains all labels of interest, while each pattern can be seen as a subset of this
base set. Any evaluation functions, score functions or loss functions that measure on the
quality of an output prediction can be seen as set functions. Depending on the context, we
may interpret the input set as the set of predictions, or the set of mispredictions. Without
loss of generality, for our mathematical analysis, we will assume that set function on the
empty set is zero:

f(@) =o.
Submodular set functions play an important role among these set functions, similar
to convex functions on vector spaces, for the reason that submodular functions can be
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V = {‘bottle’, ‘cat’, ‘chair’, ‘table’,

‘bike’, ‘person’, ‘sofa’, ‘dog’,

‘tv/monitor’, ‘pottedplant’}
A = {‘person’, ‘table’, ‘chair’}

Figure 2.1: An example on multi-label prediction problem as a set prediction problem.
The groundtruth of the problem can be formulated as a base set that contains all labels of
interest, while each pattern can be seen as a subset of this base set. Images are taken from
Pascal VOC dataset [Everingham et al., 2010]

minimized in polynomial time. Many functions that occur in practical problems turn out
to be submodular functions and we will see several examples in this chapter. Submodular
functions may be defined through several equivalent properties:

Definition 2.1 (Submodularity). A set function f : P(V) — R is submodular if for all
A, B CV,itholds
f(A)+ f(B) > f(AUB) + f(AN B). (2.1.1)

Submodular function is also commonly know by its diminishing gains property, that we
introduce in the following theorem:

Theorem 2.1 (Submodularity (diminishing returns) [Fujishige, 2005]). A set function f :
P(V) — R is submodular if and only if forall BC A C V and x € V' \ B, it holds

F(BU{a}) - £(B) > F(AU{a}) — F(A). (2.1.2)

A function is supermodular if its negative is submodular, namely it satisfies one of the
following equivalent definitions

Definition 2.2 (Supermodularity). A set function f : P(V) — R is supermodular if for all
subsets A, B C V, if only of it holds

F(A)+ f(B) < f(AUB) + f(AN B). (2.1.3)

Theorem 2.2. A set function f : P(V) — R is supermodular if for al B C A C V and
x € V'\ B, it holds
f(BU{z}) = f(B) < f(Au{z}) — f(A). (2.1.4)

A function is modular if it is both submodular and supermodular, namely the equalities in
the previous definitions hold. We call a function is non-modular if it is not modular. We note
that a non-modular function can be neither submodular nor supermodular. Furthermore,
a modular function can be written as a dot product between a binary indicator vector in
{0,1}? encoding a subset of V' and a coefficient vector in R? which uniquely identifies the
modular function.
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Theorem 2.3. If a set function f : P(V') — R is modular, then it can be written as
A =>"d (2.1.5)
jEA
for A C V, some coefficient vector a € RIVI and the superscript j indicates the j™ element in

the vector a.

Proof. By definition, VB C AC Vandxz € V' \ B:

f(BU{z}) = f(B) = f(AU{z}) — f(A).

Set B = (), we have
flAu{z}) = f(A) + f({z}), VACW

This will give us that

fA) =Y f(fa}),  vACY

€A

which is equivalent to have a vector a € RV and a” := f({z}). O

We sometimes say that a modular function is decomposable over the elements of the base
set. For example, Hamming loss function (also called the 0-1 loss function) is a modular
function with a coefficient vector of all ones and a subset defined by the entries that differ
between two sets, that to say counting the number of different elements between two sets.

Submodular functions have some nice closedness properties [Fujishige, 2005]:

Theorem 2.4. Given fi,..., f;, submodular functions on V and \y,...,\,, > 0, then the
function

g(A) = > Nfi(4), VACV
ie{l,...,m}

is submodular.

Theorem 2.5. If A C V, f(A) is submodular on V, and B C V

g(A) = f(AN B) (Restriction)

g(A) = f(AUB) (Conditioning)

g(A) = f(V\A) (Reflection)
are all submodular.

Necessary to the sequel of the thesis, we introduce also some notions of general proper-
ties of set functions.

Definition 2.3 (Increasing). A set function f : P(V) — R is increasing if for all subsets
A C V and elements x € V' \ 4, it holds that

F(A) < fF(AU{z}). (2.1.6)
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Definition 2.4 (Non-negativity). A set function f : P(V) — R is non-negative if f(A) >
0, VAC V.

Definition 2.5 (Symmetry). A set function f : P(V) — R is symmetric if f(A) = c(|4|) for
some function c : Z, — R. (Z is the set of integers and Z.. is the set of non-negative integers.)

The following are some examples of submodular functions which can be found in Bach
[2013, Chapter 6].

Theorem 2.6 (Cardinality-based set function). If f : P(V) — R and there exist a function
¢:Zy — Rsuch that f(A) = c(|A|), where | - | is the cardinality of A. Then f is submodular
if and only if c is concave.

Theorem 2.7 (Cut function). Given a weight vector d : V x V +— R, a cut function is defined

as
fA) =dAVNA) = Y dkj), VACYV, (2.1.7)
keV,jeV\A

where d(B,C) := EkeB’jec d(k,j),VB,C C V. fissubmodular.

Theorem 2.8 (Cover function). Given a non-negative set function f : P(V) — Ry, a cover
function is defined as

fA= > f(B)=)>_ f(B)min{l,|ANBl}. (2.1.8)
BCV,BNA#) BCV

f is submodular.

2.1.2 Submodular Function Analysis

The study of submodular functions is strongly linked with special convex polyhedra that
allows us to utilize the methods in convex analysis.

Definition 2.6 (Base polyhedra [Fujishige, 2005; Bach, 2013]). Given f : P(V) — R a
submodular function and f(0)) = 0. The submodular polyhedron P(f) and the base polyhedron
B(f) are defined as:

P(f) = {s € R", YA C V,5(A) < f(A)) (2.1.9)
B(f) ={s e R, s(V) = f(V),VAC V.s(4) < f(A)} (2.1.10)
= P(F) N {s(V) = f(V)}. (2.1.11)

where s(A) =Y., s’ and s/ indicates the j™ element of s.

We notice that these polyhedra are the intersection of the hyperplanes {s € R, s(A) <
J(A)}. For amodular function f(A) =) .4 as, a € RP, then P(f) = {s ¢ RP,Vz € Vs, <
a;} = s < a which is an isomorph to the negative orthant. Figure 2.2 shows examples with
p = 2 and p = 3. The following theorem makes the strong convex duality holds, which will
be made use of in establishing the link between submodular analysis and convex analysis.
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s1+s,=F({1,2})

s2h _ s)=F({2})
B(F) | @
1S1=F({1})

P(F) >
P(F)

51

)'51

Figure 2.2: Submodular polyhedron P(F') and base polyhedron B(F) for p = 2 (left) and
p = 3 (right), for a non-decreasing submodular function. Ilustration from Bach [2013].

Theorem 2.9. Given f a submodular function with f(()) = 0. If s € P(f) then for all t € R?
such that t < s (i.e., Vj €, < s7), we have t € P(f) and P(f) has non-empty interior.

We can extend a submodular function with discrete domain to a piecewise linear convex
function with continuous domain, which is called the Lovasz extension [Lovasz, 1983]. We
now introduce the definition of the Lovasz extension of a general (not necessarily submod-
ular) function, which is sometimes called the Choquet integral [Choquet, 1953]:

Definition 2.7 (Lovasz extension [Lovasz, 1983]). Consider a set function f : P(V) — R
where |V| = p. The Lovdsz extension f : [0,1]? — R of f is defined as follows: Vs € [0, 1]? we
order its components in decreasing order as s™ > s™ > ... > §™ with a permutation «, then

~

f(s) is defined as:

F6) =357 (f (- omi}) = F (o i) (2.1.12)
j=1
The Lovéasz extension is an extension of a set function defined on the vertices of the
hypercube {0, 1}” to the full hypercube [0, 1]7.

Theorem 2.10 (Lovasz [1983]). A function f : P(V) — R is submodular if and only if the
Lovdsz extension f of f is convex. Moreover, we have

A~

s) = max s'pu. (2.1.13)
f(s) nax sTp
This theorem shows the close relationship between submodularity and convexity. We
plot empirically the surface of the Lovasz extension for a submodular function f in the case
p = 2 in Figure 2.3, with f({0}) = 0, f({1}) = 0.8, f({2}) = 0.6, f({1,2}) = 0.4. We note
that the surface is convex.
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Figure 2.3: The surface of the Lovasz extension for a submodular function in case p = 2:
FHOYH) =0, f{1}) = 0.8, f({2}) = 0.6, f({1,2}) = 0.4. The red dot represent the values of
the set function f on the vertex of the unitcube.

In convex analysis, we have that the support function of a non-empty closed convex set

A € RP is given by

sup sTu, Vs € RP,
neEA

which leads to a convex function of s. The link between the Lovasz extension and submod-
ular polyhedra is through the so-called “greedy algorithm” : the Lovdsz extension is the
support function of the base polyhedron and may be computed in closed form.

Theorem 2.11 (Greedy algorithm [Lovasz, 1983; Edmonds, 1971]). Given a submodular
function f such that f(0) = 0, Vs € [0, 1]” we order its components in decreasing order with
a permutation w. We have P(f) the submodular polyhedron and B(f) the base polyhedron.
Denote ™ = f({m,---,mj}) — f({m1,--- ,mj—1}), then p is on the base polyhedron i.e.
w € B(f), and also

(i) if s € RE, pu with the original order is a maximiger of max,ep(f) 84, and

max ST :As;
nax sTp f(s)

(i) p is a maximizer of max,cp(s) 8Ty, and

max sTu = f(s).
e 5Ty f(s)

A proof with detailed analysis can be found in Bach [2013, Proposition 3.2 to 3.5]. That
is to say, to find a maximum of sy, which is the same procedure as computing a subgradient

of the Lovasz extension, is precisely the following procedure:



Chapter 2. Mathematical Foundations 18

minimize convex extension
ellipsoid algorithm [Grotschel et al., 1988]
minimum norm point | [Fujishige, 1980, 2005]
combinatorial algorithms
(’)(n4T +n’logM) [Iwata, 2003]
O(n® +n°T) [Orlin, 2009]

Table 2.2: A summary of submodular minimization methods.

(i) sort the p components of s, which is in O(plogp);
(ii) compute the value of sy which needs O(p) oracle accesses to the set function.

Moreover, we have that the minimum of the Lovasz extension is the minimum of the set
function:

Theorem 2.12 (Lovdsz [1983]). For a submodular function f : P(V) +— R and its Lovdsz
extension f, we have

in f(A) = min f(s) = min f(s). 2.1.14
min f(4) se%l,?}pf(s) séﬁtﬁpf(S) ( )

This theorem shows that the Lovasz extension as a convex relaxation is exact, which
implies that submodular minimization is polynomial time solvable [Grotschel et al., 1981;
Lovdsz, 1983; Schrijver, 2002]. Table 2.2 lists general submodular minimization algorithms.

Theorem 2.13. Given two submodular functions f1 and f,, then their maximum

fmax(A) = maX{fl(A)a fQ(A)}7VA g |4
is not submodular in general (see e.g. Section 1.2 [Krause and Golovin, 2014]).

Proof. We can take a simple counterexample. Take f; and f, both symmetric and can be
written as some concave functions with respect to the cardinality of the input set A. It is
then trivial to see that the maximum of two concave functions is in general not concave.
Thus by theorem 2.6, the maximum of f; and f is in general not submodular. This coun-
terexample is illustrated in Figure 2.4. O]

Theorem 2.14. Given two submodular functions fi and f,, then their minimum
fmin(A) = min{f1(A4), fo(A)},VACV
is not submodular in general (see e.g. Section 1.2 [Krause and Golovin, 2014]).

Proof. We can come up a counterexample as follows: in the case of p = 2, we set:

A0 =0, ({1}) =1, i({2}) =0, A1({1,2}) = 0.8;
f2{0}) =0, L({1}) =0, ({2}) = 1, f2({1,2}) = 0.8.
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Al

Figure 2.4: An example shows that the maximum of two concave functions is not concave
in general, thus the maximum of two submodular functions is not submodular in general.

Then both f; and f, are submodular. However, for fu,;, = min{f, fo}:

fmin({@}) =0, fmin({1}) = 0, fmin({2}) = 0, fmin({1,2}) = 0.8

is not submodular. O

2.2 Maximum A Posteriori Inference and Submodularity

One of the most important applications of submodularity in machine learning and computer
vision is the Maximum A Posteriori (MAP) inference problem solved by graph cuts under
submodularity constraints. In this section we will introduce some basic concepts that will
be necessary to the following chapters in this thesis.

2.2.1 Markov Random Field

In the field of probability, Markov random fields (MRF) or undirected graphical models, are
tools for modeling data (often images), that relate graph theory and probability theory. We
denote G = (V, ) for the notation of a graph, with the set of vertices (also called nodes)
V =1{1,2,...,n}, e.g. (super)pixels in images, and the set of edges £ where a typical edge
is (i,7) € £,4,j € V, which will be determined by the structure of the graph. Figure 2.5(a)
shows a 4-connected neighborhood and Figure 2.5(b) shows an 8-connected neighborhood
graph. All pairs of nodes that are connected form the edge set £. Following the notation in
[Koller et al., 2007], we denote N ¢ the set of neighbors of i in the graph G = (V, €).
An MRF is determined by
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Figure 2.5: Examples of different graph structures. Figure 2.5(a) shows a 4-connected
neighborhood graph and Figure 2.5(b) shows an 8-connected neighborhood graph.

1. asetof nodes V = {1,2,...,n};
2. a set of random variables y = {y',%?,...,3"} associated with each of the nodes;

3. aset of pairs of neighbors, i.e. the edge set £, that indicate the probabilistic connection
between the variables.

To be an MRF, the Markov property should be obeyed:
P(y'[a"0) = P(y/'ly, j € Nig)- (2.2.1)

Theorem 2.15 (Hammersley Clifford Theorem [Clifford, 1990]). Any distribution P that
obeys the Markov property in Equation (2.2.1) if and only if P can be written in the Gibbs
distribution:
P(y) = %eXp (Z —‘Ifc(y)) , (2.2.2)
ceC
where C is the set of maximal cliques of G, and Z is the partition function:

Z = Zexp <Z —\I/C(y)> . (2.2.3)

ceC

The functions ¥ are defined so as to form an energy function E(y) = Y .- V.(z) . In
general, if we consider that these functions are parametrized by a vector w, we have

E(y,w) = Z V. (y,w), (2.2.4)
ceC
P(y) = Z(lw) exp (—E(y,w)). (2.2.5)

In pairwise graphs, the energy function includes unary potentials that are decomposable
over the nodes of the graph, and the pairwise potentials that are decomposable over the

edges:
E(y,w) =Y Uy ,w)+ > Puly’ ¢, w). (2.2.6)
i€y (k,)e&
~—_——

unary potential pairwise potential
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(o)

Figure 2.6: An illustration of MRF with observed variable 2 and unobserved variable y in
a 4-connected graph structure. Illustration from Prince [2012].

2.2.2 Maximum A Posteriori

The maximum a posteriori (MAP) inference is one of the most common estimations of an
MREF in computer vision problems. Figure 2.6 shows an illustration of an MRF with observed
variables 2 and unobserved variables 4. This is often the case in image segmentation
problem with z* the features and y* the groundtruth labels. Given an observed variable z,
we want to make our hypothesis on y := h(x) such that

h(z) := argmax P(y|z) = arg max Plaly)Ply) = argmax P(z|y) P(y) (2.2.7)
y Y P(x) y
with a Markov prior on y, which gives us a P(y) and
P(x|y) « Hexp(fE(z, Y, w)) (2.2.8)

are our unary probabilities (potentials). Then the MAP inference problem is equivalent to
an energy minimization problem with:

}AL = i U’L i) iv + P k7 lv ka l7 ) 2.2.9
@ = S UG 0+ S Ao, @29

which for pairwise potential can be solved by a graph cut formulation (Figure 2.7)

2.2.3 Graph Cut and Submodular constraints

Under the context of MRF, let’s first consider the binary case, namely y* € {0,1}. The
unary potential U(y%,-) in the energy function in Equation (2.2.6) is decomposable over
the nodes in the graph, thus is modular. The pairwise potential P(y*,4!,-) is submodular
(Definition 2.1) if for every pair of variables V(k, 1) € £ we have

Pkl((), 0) + Pkl(l, 1) < Pkl(l, 0) + Pkl(o, 1). (2.2.10)



Chapter 2. Mathematical Foundations 22

Sink

Source

Figure 2.7: An illustration of graph-cut (max-flow min-cut) problem with node Source and
Sink. Hlustration from Prince [2012].

More generally in the case of multilabels, i.e. y* € {1,2,---, N}, the submodularity con-
straint for every pair of variables V(k,[) € £ is

Py(ar, B1) + Pu(az, B2) < Pu(ai, B2) + Pu(as, 1), (2.2.11)

where a1 < as and 51 < S3s.

Theorem 2.16 (Graph-cuts solvable [Kolmogorov and Zabin, 2004]). Given the energy min-
imization problem in Equation (2.2.9),i.e. the energy is a summation of unary potential and
pairwise potential, exact inference is solvable by graph-cuts (also called max-flow min-cut al-
gorithm) if the energy is submodular, namely obeys Equation (2.2.10) for binary problems and
Equation (2.2.11) for multilabel problems.

2.3 Empirical Risk Minimization

Empirical risk minimization is a statistical principle underline much of machine learning.

2.3.1 Empirical Risk

We are interested in the general problem of learning a function h : X — ) (often called
a hypothesis, or prediction function) that maps from the input space X’ to the output space
Y. In a supervised learning scenario, we are given a training set of labelled samples
{(x1,91), ..., (Zn,yn)} € (X x Y)". For instance, in a binary image segmentation task, h
maps from one input color image to a binary mask that indicates the region of the fore-
ground object.

In order to quantify the performance of a hypothesis i , we will consider learning with
a discrete loss function

A:YxYes R,
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Figure 2.8: The loss function is considered as a set function, with the input set equals to
the misprection set, which is a subset of the base set V' (Equation (2.3.1)).

A(y, y) measures the mismatch between a ground truth y, and a predicted response that we
get § = h(z). We will assume that A(y,y) = 0, and A(y, ) > 0, Vi # y. In the meantime,
if J has some structure that allows its element y to be represented as a subset of a base set
V s.t. |V]| = p, A(y,-) will be isomorphic to a set function ¢ : P(V) — R, for which the
input set is the misprediction elements in the base set V' (Figure 2.8)

Ay, 5) =L{ily # 7)) (2.3.1)

We can now analyse loss functions as set function, and we can inherit properties of set
functions such as submodularirty or supermodularity.

The risk associated with the hypothesis / is then defined as the expectation of the loss
function

R(h) = E[A(y, h(z))] = A(y, h(z)) dP(z,y). (2.3.2)
XxY

The goal is to minimize the risk R over a class of functions F. However, the joint proba-
bility distribution P(z,y) = P(y|xz)P(x) is unknown and the only available information is
contained in the training set.

In empirical risk minimization, we approximate the risk by an empirical sum over losses

incurred on the finite sample, using e.g. an i.i.d. sampling assumption [Vapnik, 1995]:

R(h) = R() = - S Al ) (233)

2.3.2 Surrogate Functions

As it is defined, the loss function A may be in general over a non-convex domain and is
in general NP-hard to minimize directly. Central to the practical application of the empir-
ical risk minimization principle, one must approximate, or upper bound the discrete loss
function A with a surrogate function, frequently a convex one for computational reasons.
Figure 2.9 shows some commonly used convex surrogates for binary classification problems
(Y = {—1,+1}), including the hinge loss, max(1 —yh(z),0), and the squared hinge loss (L2
loss), max(1 — yh(z),0)?, used by the Support Vector Machine (SVM) [Cortes and Vapnik,
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Figure 2.9: Plots of the 0-1 loss and some common used surrogate functions including:
hinge loss, squared hinge loss, logistic regression loss, and exponential loss. The functions
are plotted as a function of the margin yh(x).

1995; Crammer and Singer, 2001]; the log-loss, log(1+exp(—yh(x)), used in logistic regres-
sion [Friedman et al., 2000]; the exponential loss, exp(—yh(z)), used in AdaBoost [Freund
and Schapire, 1995]. The functions are plotted as a function of the margin yh(x).

Convexity provides strong advantages regarding computational complexity. Bartlett
et al. [2006] have studied the consistency of these non-negative surrogate loss functions.
They provided a quantitative relationship between the risk assessed by using these surro-
gate functions and the risk accessed by using the 0-1 loss.

2.4 Structured Output SVM

In structured prediction problems, we consider the case where elements of ) are structured
objects such as sequences, strings, trees or graphs. The Structured Output SVM (SOSVM) is
a popular framework in the regularized risk minimization framework [Taskar et al., 2004;
Tsochantaridis et al., 2005] that aims at learning a parametrized function h : X x ) — R
over input/output pairs from which a prediction can be derived by maximizing

h(z) = arg max h(x, y; w) (2.4.1)

yey
over the response from a given input x. The SOSVM framework assumes h to be represented
by an inner product between an element of a reproducing kernel Hilbert space and some

combined feature representation of inputs and outputs ¢(zx, y)

h(z,y;w) = (w, ¢(z,y)), (2.4.2)
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Algorithm 1 Cutting plane algorithm for solving the problem in Equation (2.4.3)
and (2.4.4) — Margin rescaling.

1: Input: (21,91), -, (Tn, yn), C, €
% S =P Vi=1,---.n

3: repeat
4: fori=1,---,ndo
5: i = argmaxy H(y;, §) = argmaxg A(y;, y) + (w0, ¢(24, 7)) — (w, ¢(zi,y;)) % most

violated constraint
&' = max{0, H(yi, 9i) }
if H(yi,9:) > &' + ¢ then
St:=8"U {9:}
w < optimize Equation (2.4.3) with constraints defined by U; S’
10: end if
11:  end for
12: until no S’ has changed during an iteration
13: return (w,¢)

© e N

but we will see in the sequel that we can relax this dependence on the class of functions (cf.
Chapter 4).
In order to train the weight vector w, the following formulations are proposed:

Igiér};]wHQ +oY g, (2.4.3)
’ i=1
S.L. Vi, V§ € Y (w, d(wi, yi)) — (w, d(xi,§)) = Ayi, §) — & (2.4.4)

called margin-rescaling constraints and slack-rescaling constraints, respectively.

Cutting Plane Method A cutting plane algorithm [Joachims et al., 2009] is commonly
used to solve this optimization problem, applied to both margin-rescaling and slack rescal-
ing, as shown in Algorithm 1 and in Algorithm 2.

Loss Augmented Inference As shown in the algorithms, the bottleneck of the framework
is in the Line 5, where a maximization step needs to be solved. This a maximization on
a summation (or multiplication) of the loss function A and the joint feature function with
respect to an output y . We call this step loss augmented inference:

arg %’leaj}f A(yl’ 37) + <U}, ¢(‘/L‘la g)> - <w7 ¢(xzv yl)>7 (246)
arg max Ayi, )1+ (w, (x4, 7)) — (w, ¢(xi, i), (2.4.7)

for margin rescaling and slack rescaling, respectively.
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Algorithm 2 Cutting plane algorithm for solving the problem in Equation (2.4.3)
and (2.4.5) — Slack rescaling.

1: Input: (z1,91), -, (Tn, yn), C, €
% S =P Vi=1,---.n

3: repeat
4: fori=1,---,ndo
5: 9i = argmaxy H (y;, y) = arg maxg A(yi, §)(1 + (w, ¢(x4,§)) — (w, (x4, y:)) % most

violated constraint
&' = max{0, H(yi, 9i) }
if H(yi,9:) > &' + ¢ then
St:=8"U {9:}
w < optimize Equation (2.4.3) with constraints defined by U; S’
10: end if
11:  end for
12: until no S’ has changed during an iteration
13: return (w,¢)

© e N

In the case that A is a modular loss function, and (w, ¢(z,y)) corresponds to a random
field model with submodular potentials, loss augmented inference can be solved by a graph-
cut procedure by modifying the unary potentials [Anguelov et al., 2005; Szummer et al.,
2008].
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Overview Several supermodular losses have been shown to improve the perceptual qual-
ity of image segmentation in a discriminative framework such as a structured output SVM.
These loss functions do not necessarily have the same structure as the segmentation in-
ference algorithm, and in general, we may have to resort to generic submodular mini-
mization algorithms for loss augmented inference. Although these come with polynomial
time guarantees, e.g. O(n*T + n’log M) using the algorithm of Iwata (7' being the time
for a single function evaluation, and M being a bound on the largest absolute value of
the function), or a pseudo-polynomial time guarantee for the Fujishige-Wolfe minimum
norm algorithm, they are not practical to apply to image scale data. Many supermod-
ular losses come with strong optimization guarantees, but are not readily incorporated
in a loss augmented graph cuts procedure. This motivates our strategy of employing an
ADMM decomposition for loss augmented inference. In doing so, we create a new API
for the structured output SVM that separates the MAP inference of the model from the
loss augmentation during training. In this way, we gain computational efficiency, mak-
ing new choices of loss functions practical for the first time, while simultaneously making
the inference algorithm employed during training closer to the test time procedure. We

27
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show improvement both in accuracy and computational performance on the Microsoft Re-
search Grabcut database and a brain structure segmentation task, empirically validating
the use of a supermodular loss during training, and the improved computational proper-
ties of the proposed ADMM approach over the Fujishige-Wolfe minimum norm point al-
gorithm. An open source implementation of the proposed learning framework is released
at https://github.com/yjq8812/efficientSegmentation. This work presented in this
chapter is base on the following paper:

e Jiagian Yu and Matthew B. Blaschko. Efficient learning for discriminative segmenta-
tion with supermodular losses. In Proceedings of the British Machine Vision Confer-
ence. BMVA Press, 2016.

3.1 Related Work

Discriminative structured prediction is a valuable tool in computer vision that has been
applied to a wide range of application areas, and in particular object detection and segmen-
tation [Anguelov et al., 2005; Blaschko and Lampert, 2008; Nowozin and Lampert, 2011;
Osokin and Kohli, 2014; Pletscher and Kohli, 2012; Szummer et al., 2008]. It is frequently
applied using variants of the structured output support vector machine (SVM) [Taskar et al.,
2004; Tsochantaridis et al., 2005] in which a domain specific discrete loss function is upper
bounded by a piecewise linear surrogate. In the case of image segmentation, this discrete
loss function has frequently been taken to be the Hamming loss, which simply counts the
number of incorrect pixels (see e.g. [Anguelov et al., 2005; Szummer et al., 2008]). Follow-
ing the principle of empirical risk minimization, one might expect that minimization of the
desired loss at training time would lead to the best performing loss at test time. However,
it has recently been shown that in the finite sample regime, minimizing a different loss can
lead to better performance even when measured using Hamming loss [Osokin and Kohli,
2014]. In that work, a supermodular loss function was employed, and a custom graph cuts
solution was found to the loss augmented inference problem necessary for computation of
a subgradient or cutting plane of the learning objective [Joachims et al., 2009].

Several non-modular loss functions have been considered in the context of image seg-
mentation. Nowozin [2014] has considered the intersection over union loss in the context
of a Bayesian framework. This loss made popular by such benchmarks as the PASCAL VOC
segmentation challenge [Everingham et al., 2010] is non-modular (c.f. Chapter 4). Ran-
jbar et al. [2010] trained with a piecewise linear approximation (which is modular w.r.t
false negatives and false positives) for the intersection over union loss. Other supermodular
losses are proposed such as an area/volume based label-count loss that enforces high-order
statistics [Pletscher and Kohli, 2012], or a layout-aware loss function that takes into ac-
count the topology/structure of the object [Osokin and Kohli, 2014]. A message passing
based optimization scheme is proposed for optimizing several families of structured loss
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functions [Tarlow et al., 2010; Tarlow and Zemel, 2012], which assumes the loss function
is constructed by a grammar for which the productions specify function composition [Tar-
low et al., 2010]. By contrast, we provide a generic framework for decomposing the loss
function from model inference that assumes a custom solver for the loss, but that does not
assume the loss belongs to a specific compositional grammar. We concern ourselves primar-
ily with supermodular loss functions in this work as they lead to provable polynomial time
loss augmented inference problems (an essential step in training structured output SVMs),
while non-supermodular loss functions lead to NP-hard optimization in general.

It is a time consuming process to develop custom loss-augmented solvers for different
combinations of loss functions and inference procedures. We show in this work that a
direct combination of two submodular graph cuts procedures may in fact lead to a non-
submodular minimization problem, and reparametrizations or novel graph constructions
may be necessary. Furthermore, if we attempt to solve a non-submodular minimization
problem approximately, this may lead to poor convergence of the learning procedure and
catastrophic failure of the learning algorithm has been observed in this case [Finley and
Joachims, 2008].

An alternative approach is to resort to generic submodular optimization algorithms, such
as that of Iwata [Iwata, 2003] which has complexity O(n*T 4+ n®log M), or Orlin [Orlin,
2009] with complexity O(n+n°T), where T is the time for a single function evaluation and
M is an upper bound on the absolute value of the function. Although these optimization
algorithms are polynomial, the exponent is sufficiently large as to render them infeasible
for images of even less than one megapixel. In practice, the Fujishige-Wolfe minimum
norm algorithm [Fujishige, 1980, 2005] is empirically faster despite having comparatively
limited theoretical guarantees [Chakrabarty et al., 2014]. However, we will show that even
this state of the art generic optimization strategy is infeasible for relatively small consumer
images.

Specific subclasses of submodular functions come with lower complexity optimization
algorithms, and we should be able to exploit these known classes in a general learning
framework. Examples include decomposable submodular functions [Stobbe and Krause,
2010; Nishihara et al., 2014], several notions of symmetry [Kolmogorov, 2012; Queyranne,
1998], and graph partition problems [Kolmogorov and Zabin, 2004; Charpiat, 2011]. A
problem with the current API for loss augmented inference is that it is assumed that the loss
function will decompose with a structure compatible to that of the inference problem. We
address the case that this assumption does not hold and that separate efficient optimization
procedures are available for the loss and for inference.

We propose to use Lagrangian splitting techniques to separate loss maximization from
the inference problem. Strategies such as dual decomposition have become popular in
Markov Random Fields (MRF) inference [Komodakis et al., 2007], while later develop-
ments such as the alternating direction method of multipliers (ADMM) [Bertsekas, 1999;
Boyd et al., 2011] have improved convergence guarantees. Other strategies involving a
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quadratic penalty term have also been proposed in the literature (although still with the
assumption that the loss decomposes as the inference) [Meshi et al., 2015]. We make use
of ADMM to separate these inference problems and apply them to a supermodular loss func-
tion that cannot be straightforwardly incorporated in a submodular graph partition prob-
lem for loss augmented inference. Instead we allow separate optimization strategies for the
loss maximization and inference procedures yielding substantially improved computational
performance, while making feasible the application of a wide range of supermodular loss
functions by changing a single line of code.

3.2 Loss Augmented Inference (LAI)

We discriminatively train a graph cuts based segmentation system using a structured output
SVM [Tsochantaridis et al., 2005]. We construct a supermodular loss function that is solv-
able with graph cuts, but that when incorporated in a joint loss-augmented inference leads
to non-submodular potentials which causes graph cuts based optimization to fail. We there-
fore use an ADMM based decomposition strategy to perform loss augmented inference. This
strategy consists of alternatingly optimizing the loss function and performing maximum a
posteriori (MAP) inference, with each process augmented by a quadratic term enforcing the
labeling determined by each to converge to the optimum of the sum.
Recall that we are given a training set of labeled images {(z1,y1), ..., (Tn,yn)} € (X x V)"

In a binary segmentation problem we have

y={-11}"

where +1 usually represents foreground pixels and —1 usually represents background pixel.
The structured output SVM is a discriminative learning framework that has been applied in
diverse computer vision applications [Anguelov et al., 2005; Blaschko and Lampert, 2008;
Nowozin and Lampert, 2011; Osokin and Kohli, 2014; Pletscher and Kohli, 2012; Szummer
et al., 2008]. It optimizes a regularized convex upper bound to a structured loss function,
A:Y x)Y — Ry. A measures the mismatch between a ground truth labelling, and a
hypothesized labeling. With A provided as an input, the structured output SVM with margin
rescaling minimizes [Tsochantaridis et al., 2005]:

min ;kuucggi (3.2.1)

s.t. Vi gi €Y, (w,d(wi,y0) — (w, ¢, 9i) = Alyi, i) — & (3.2.2)

In the case of image segmentation, we may interpret (w, ¢(z,y)) as a function that is mono-

tonic in the log probability of the joint configuration of observed and unobserved variables

(z,y) as determined by a CRF [Lafferty et al., 2001]. Under this interpretation, a standard
definition of ¢ is

S h_) Sulz, ) ) (3.2.3)

¢($7 y) - (Z(k,l)eg (bp(xﬂ yk7 yl)
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where ¢, determines a vector of features, a linear combination of which form the unary
potentials of the CRF, and ¢, determines the pairwise potentials over a model specific edge
set £. In this chapter, we have set ¢,(z,-,-) : {—1,1}? — {0,1}® to map to an indicator
vector of three cases: (i) y* =y = —1, (ii) y* # ¢/, or (iii) ¥* = 3 = +1, and have placed
hard constraints on the corresponding entries of w in the optimization of the structured
output SVM to ensure that the pairwise potentials in the corresponding energy minimization
problem remain submodular.

During training of the structured output SVM, we must perform loss augmented inference
in order to compute a subgradient or cutting plane of the loss function. In the case of margin
rescaling, this consists of computing

arg 1516213})((11)7 o(z,9)) + Ay, 9). (3.2.4)
For simplicity, we will discard the subscript i in the sequel.

As shown in Section 2.3, we consider that ) is isomorphic to {—1, 1}? for some p, A(y, -)
is isomorphic to a set function ¢ : P(V') — R4 where P(V) is the power set of a base set
with |V| = p., for which the input set is the misprediction elements in the base set

Ay, 9) = {jly’ #7}) (3.2.5)

This allows us to discuss the properties of such loss functions A in terms of the language
of set functions as occurs in real analysis [Kolmogorov and Fomin, 1975] and discrete opti-
mization [Schrijver, 2002]. In particular in this chapter, we are interested in A correspond-
ing to a supermodular set function ¢ [Schrijver, 2002]: A supermodular function is a set
function ¢ : P(V') — R which satisfies:

VA,BCV,ACB, veV\B,
((AU{v}) — €(A) < LB U{v}) - ((B)

following Definition 2.2 in Chapter 2.

In order to achieve computational feasibility during test time on the inference problem,
we have guaranteed that maximization of (w, ¢(z;, y;)) with respect to § corresponds to a
submodular minimization problem. Therefore, a graph-cuts algorithm can be utilized to
solve the maximization problem which is equivalent to a energy minimization problem.

Modular loss functions, such as Hamming loss, can be incorporated into the unary po-
tentials in a graph cuts optimization framework for loss augmented inference. However, the
formulation of loss augmented inference with supermodular losses as a graph cuts problem
is not straightforward, despite previous work (in which a custom graph cuts formulation
was derived for a specific family of supermodular losses) that indicated a supermodular
loss can lead to improved segmentation quality [Osokin and Kohli, 2014].

While supermodular loss functions guarantee polynomial time solvability, they do not do
so with low order polynomial guarantees in general. In fact, minimization of general sub-
modular functions is O(n*T + n®log M) (where T is the cost of function evaluation and M
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an upper bound on the absolute value of the function) using the algorithm of Iwata [Iwata,
2003]. In practice, general submodular minimization is often most efficiently solved us-
ing the Fujishige-Wolfe minimum norm algorithm [Fujishige, 1980], for which a pseudo-
polynomial time guarantee has only been recently proven [Chakrabarty et al., 2014]. We
have observed, however, that the Fujishige-Wolfe algorithm is infeasible to apply even in
the case of sub-megapixel images, and scales poorly for useful supermodular loss functions.
Consequently, we develop a general framework for decomposing loss augmented inference
based on ADMM. This framework solely relies on a loss function being able to be efficiently
optimized in isolation using a specialized solver specific to the loss function.

3.3 A Supermodular Loss Function for Binary Segmentation

3.3.1 A novel supermodular loss function

We propose a loss function that is itself optimizable with graph cuts. The loss simply counts
the number of incorrect pixels plus the number of pairs of neighboring pixels that both have
incorrect labels )

Aw,9) =Y I #71+ Y W #5 ny #7) (3.3.1)

j=1 (k1)e&

where [-] is Iverson bracket notation, & is a loss specific edge set and + is a positive weight.
We have used 8-connectivity for the loss function in the experiments (Figure 3.1(a)), re-
ferred to as “8-connected loss” in the sequel. We may identify this function with a set
function to which the argument is the set of mispredicted pixels.

Proposition 3.1. Maximization of the loss function in Equation (3.3.1) is isomorphic to a
supermodular function maximization problem.

Proof sketch. Equation (3.3.1) is isomorphic to a binary random field model for which label
is 1 iff a pixel has a different label from the ground truth. Under this isomorphism, neigh-
boring pixels that both have label 1 contribute a positive amount to the energy, while all
other configurations contribute zero. This corresponds to a supermodular function follow-
ing Definition 2.2. O

This loss function emphasizes the importance of correctly predicting adjacent groups of
pixels, e.g. those present in thin structures more than one pixel wide. While the pairwise
potential in (w, ¢(z,y)) has a tendency to reduce the perimeter of the segment, the loss
strongly encourages to correctly identify adjacent pixels. We will observe in the experimen-
tal results that the use of this loss function during training improves the test time prediction
accuracy, even when measuring in terms of Hamming loss.
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used in the construction of the loss y' = —1 following the loss function in Equation (3.3.1).

function.

Figure 3.1: Non-submodularity of the joint loss augmented inference procedure using the
same mapping to a set function for inference and loss functions. The inference procedure
can be solved by graph cuts when the sum of the diagonal elements of F is less than the
sum of the off diagonal elements. While it is enforced during optimization that wgg + w11 —
wo1 — wip > 0, the presence of v in the off diagonal, the exact position depending on the
value of y, removes the guarantee of a resulting submodular minimization problem.

3.3.2 Non-submodularity of the LAI

It may appear at first glance that the structure of this loss function is aligned with that of
the inference, and that we can therefore jointly optimize the loss augmented inference with
a single graph cuts procedure. Indeed, the loss function is isomorphic to a supermodular set
function, and the inference is isomorphic to a supermodular set function, both of which can
be solved by graph cuts. However, the isomorphisms are not the same. The loss function
maps to a set function by considering the set of pixels that are incorrectly labeled, while
the inference maps to a set function by considering the set of pixels that are labeled as
foreground.

We show in detail how the presence of v in Equation (3.3.1) removes the submodularity
guarantee. Given the loss augmented inference in Equation (3.2.4) with the joint feature
function in Equation (3.2.3), as well as our supermodular loss in Equation (3.3.1), we can
expand Equation (3.2.4) as:

. Wy, Zp—l ¢u($7 yj) ) ~

arg min — , J= — Aly, (3.3.2)
g p <<7Up> (Z(k,l)eg by, yk? yl) ) (Y, 9)

Denote E,, the unary potential, £, the pairwise potential for this loss augmented inference.

Here we try to write the problem as one graph cut problem. First we have the combined

unary potential:
Eu(y) = —(wa, $ula,y')) — [y #7)- (3.3.3)
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Then we have the combined pairwise potential:

E o0y _ Woo  Wo1 [yF =yt = —1] [F = 1A g = +1]
Ep(y Y ) - = <w10 w11> © <[yk — +1 /\yl — _1] [gk — gl — +1] (334)
_ ><< (W =y =A@ =7 =+1) (v = 1Ay =+ A (T =+1AF
Y [(yk =+1 /\yl = _1) A (gjk =1 /\gjl — +1)] [(yk — yl — +1) A @k _ yl — _1)]

where © is the Hadamard product. In the second term of E,(y*,y'), the existence of v
removes the guarantee of the submodularity of this minimization problem: wgy + w11 >
w1 — w1 is guaranteed, but we may arbitrarily add or subtract v from either side of the in-
equality according to Equation (3.3.5), for different cases of the ground truth edge (y*, ).
This is exactly due to the fact that the loss function maps to a set function by considering
the set of misperdicted pixels, while the inference maps to a set function by considering the
set of pixels that are labeled as foreground, which are two different mappings.

If we apply a single mapping, the potentials of the maximization problem are no longer
guaranteed to be supermodular (Figure 3.1). We therefore consider a Lagrangian based
splitting method to solve the loss augmented inference problem.

3.4 ADMM Algorithm for LAI

Several Lagrangian based decomposition frameworks have been proposed such as dual de-
composition and ADMM [Boyd et al., 2011], with the latter having improved convergence
guarantees. We have also observed a substantial improvement in performance using ADMM
over dual decomposition in our own experiments. Here we consider a splitting method to
optimize the minimization of the negative of Equation (3.2.4), which is equivalent to find-
ing the most violated constraint in cutting plane optimization:

arg gligl —(w, d(z,Ja)) — Ay, Gp)  S-t- Yo = G- (3.4.1)
aYb

and we form the augmented Lagrangian as
o . - L Pu~ -
L(Fa> Go: N) = — (w, (x, 5a)) — Ay, 5) + A (Ja — ) + §Hya — oll3 (3.4.2)

where p > 0. (3.4.2) can be optimized in an iterative fashion by Algorithm 3, in a scaled
form with u = %)\.

The saddle point of the Lagrangian will correspond to an optimal solution over a con-
vex domain, while we are optimizing w.r.t. binary variables. Strictly speaking, we may
therefore consider the linear programming (LP) relaxation of our loss augmented inference
problem, followed by a rounding post-processing step. We use a standard stopping crite-
rion as in [Boyd et al., 2011]: the primal and dual residuals must be small with an absolute
criterion €” = 10~* and a relative criterion €' = 10~2. In practice, we have found that
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Algorithm 3 ADMM in scaled form for finding a saddle point of the Lagrangian in Equa-
tion (3.4.2)

1: Initialization «° = 0

2: repeat

30 gyt = argming, —(w, ¢(z, 7)) + §(||7a — F + u'l3)
4 gy = argming, —A(y, §p) + 5(|155T — G + [13)
50wt =l 4 (g -5t

6: t=t+1

7: until stopping criterion satisfied

(e) ()

Figure 3.2: Example images from the dataset and the extracted features. 3.2(a) original
RGB space image; 3.2(b) groundtruth; 3.2(c) the user-labelled seeds; 3.2(d) the extended
seed region; 3.2(e) the distance features to foreground seed based on RGB space; 3.2(f)
the distance features to background seed based on RGB space; 3.2(g) the GMM appearance
model based on RGB space; 3.2(h) the distance features to foreground seed based on the
RGB-space GMM appearance.

discretizing the quadratic terms and incorporating them into the unary potentials of the re-
spective graph cuts problems is more computationally efficient, while yielding results that
are nearly identical with exact optimization with a primal-dual gap of 0.01%. We show in
the experimental results that this strategy yields results almost identical to those of an LP
relaxation, while being much faster in practice.

In general, we simply need task specific solvers for Line 3 and Line 4 of Algorithm 3.
These solvers need not use a single graph cut algorithm, and can therefore exploit any avail-
able structure even though it may not be present, or aligned, between the two subproblems.
Although we have used this framework for the specific supermodular loss function described
in the previous subsection, we note that this provides an API for the structured output SVM
framework alternate to that provided by SVMstruct [Tsochantaridis et al., 2005].
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Eval.

v =0.25 A(1e3) 0-1(1e3) IoU

.g A 6.3562 + 1.065 | 3.3378 £0.5462 | 0.2111 4+ 0.0152

g | 0-1 | 7.8641 +1.0437 | 4.1548 +0.5378 | 0.2399 + 0.0170
Eval.

v=0.5 A(le3) 0-1(1e3) IoU

'5 A | 9.0483 +1.3457 | 3.2801 + 0.4687 | 0.2079 £ 0.0155

&= 0-1 | 11.582+1.5495 | 4.1548 +0.5378 | 0.2399 £+ 0.0170
Eval.

v=1.0 A(le3) 0-1(1e3) IoU

.5 A | 14.908 +2.4102 | 3.4145 +0.4108 | 0.2084 4+ 0.0160

&= | 0-1 | 19.019 +£2.5613 | 4.1458 + 0.5378 | 0.2399 £+ 0.0170

Table 3.1: The cross comparison of average loss values (with standard error) using different
loss functions during training and during testing on Grabcut dataset . Training with the
same supermodular loss functions as used during testing yields the best results. Training
with supermodular losses even outperform the Hamming loss in terms of evaluating by
Hamming loss. A Wilcoxon sign rank test shows that training with A gives significantly
better results in all cases (p < 2 x 1073).

Eval.
v=0.5 A(le3) 0-1(1e3) IoU
.g 2.616 £0.612 | 1.297 £0.224 | 0.169 £ 0.018
=101 2885 4+0.765 | 1.393 £0.279 | 0.173 £0.019

Table 3.2: The cross comparison of average loss values (with standard error) using differ-
ent loss functions during training and during testing on IBSR dataset. (cf. comments for
Table 3.1).

3.5 Experimental Results

In this section, we consider a foreground/background segmentation task. We compare
the prediction using our proposed supermodular loss function with the prediction using
Hamming loss. We show that: (i) our proposed splitting strategy is orders of magnitude
faster than the Fujishige-Wolfe minimum norm point algorithm; (ii) our strategy yields
results nearly identical to a LP-relaxation while being much faster in practice; and (iii)
training with the same supermodular loss as during test time yields better performance.
These results in combination demonstrate the correctness of our proposed strategy.

Datasets We use the dataset provided by [Gulshan et al., 2010; Blake et al., 2004] which
contains 151 images in total, including the color images in RGB space, the ground truth
foreground/background segmentation and the user-labelled seeds (see Figure 3.2(a), Fig-
ure 3.2(b), and Figure 3.2(c), respectively). As we are discriminatively training a class
specific segmentation system in our experiments, we focus on the images in which the fore-
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ground objects are people.

Feature Extraction Following the feature extraction in [Osokin and Kohli, 2014] we en-
large the user-labelled seed region (Figure 3.2(d)) and use them as the foreground and
background seeds only during the feature extraction stage. We compute in total 18 unary
features: 3 RGB color space channels, 3 CIELUV space channels, the likelihood from Gaus-
sian mixture models in RGB space and CIELUV space independently, and the distance trans-
form features as defined in [Gulshan et al., 2010] using the two color space channels, two
GMM models fitted to the enlarged foreground and background seeds independently, and
two Euclidean distances fitted to foreground and background seeds. Figure 3.2(e) to Fig-
ure 3.2(h) show examples of the extracted features. We use both the software provided
by [Gulshan et al., 2010] and our implementation for this feature extraction procedure.

IBSR Dataset We additionally utilise the Internet Brain Segmentation Repository (IBSR)
dataset [Rohlfing, 2012], which consists of T1-weighted MR images. Images and masks
have been linearly registered and cropped to 145 x 158 x 123. We choose one horizontal
slice within each volume and we follow the feature extraction procedure as in [Alchatzidis
et al., 2014].

Training and Testing We use the ADMM splitting strategy to solve the minimization prob-
lem in Equation (3.4.1). We use the GCMex - MATLAB wrapper for the Boykov-Kolmogorov
graph cuts algorithm [Fulkerson et al., 2009; Boykov and Kolmogorov, 2004; Boykov et al.,
2001; Kolmogorov and Zabin, 2004] to solve the optimization problems on lines 3 and 4
in Algorithm 3 i.e. for the inference part and for the loss part separately. Results computed
with different values of v > 0 are shown in Table 3.1 and Table 3.2.

During the training stage, we use p = 0.1 for the ADMM step-size parameter. The
regularization parameter C' in Equation (3.2.1) is chosen by cross-validation in the range
{10¢| — 2 < i < 2}. We additionally train and test with Hamming loss as a comparison.

At test time, we have computed the unnormalized Hamming loss, the intersection over
union loss (IoU) , and our 8-connected loss for each training scenario. We have performed
several random train-test splits in order to compute error bars on the loss estimates. During
testing stage, we evaluate one prediction as the average loss value for all images in the test-
ing set. We compare different loss functions during training and during testing and measure
the empirical loss values. We repeated 5 time with random splitting sets for training and
testing to obtain an estimate of the average performance.

Computation Time We compare the time of one calculation of the loss augmented in-
ference by the ADMM algorithm and by the minimum norm point algorithm [Fujishige,
2005] (MinNorm). For MinNorm, we use the implementation provided in the SFO tool-
box [Krause, 2010]. Although it has been proven that in ¢ iterations, the MinNorm returns
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an O(1/t)-approximate solution [Chakrabarty et al., 2014], the first step of this algorithm
is to find a point in the submodular polytope, which alone is computationally intractable
even for small 600 x 400 pixel images. Therefore, we measure the computation time on
downsampled images, showing empirically the growth in computation as a function of im-
age size. The running times are recorded on a machine with a 3.20GHz CPU. Similarly, a
dual-decomposition baseline took orders of magnitude longer computation than the ADMM
approach, following known convergence results [Boyd et al., 2011].

Results As shown in Table 3.1, training with the same supermodular loss as used for
testing has achieved the best performance. Training with the supermodular loss even out-
performs training with Hamming loss when measured by Hamming loss on the test set, with
a reduction in error of 17.2%. We have additionally tried training with a joint graph cuts
loss augmented inference using the pairwise potentials illustrated in Figure 3.1. However,
due to the non-submodular potentials, the graph cuts procedure does not correctly mini-
mize the energy resulting in incorrect cutting planes that causes optimization to fail after
a small number of iterations. The performance of this system was effectively random, and
we have chosen not to include these accuracy values in Table 3.1.

Qualitative segmentation results are shown in Figure 3.5 and followed by Figure 3.8,
Figure 3.9 and Figure 3.10. We show also a pixelwise comparison of the prediction using
8-connected loss and using Hamming loss in Figure 3.6 and Figure 3.7. The 8-connected
loss achieves better performance on the foreground/background boundary, as well as on
elongated structures of the foreground object, such as the head and legs, especially when
the appearance of the foreground is similar to the background.

We measure the computation time for 120 calculations of the loss augmented inference
by ADMM and MinNorm on different sized images. From Figure 3.3 we can see that ADMM
is always faster than the MinNorm by a substantial margin, and around 100 times faster
when the problem size reaches 103. Figure 3.4 shows that the computing time for both
ADMM and MinNorm vary linearly in log-log scale, while MinNorm has a substantially
higher slope, suggesting a worse big-O computational complexity. We note that theoretical
bounds on MinNorm are currently weak and the exact complexity is unknown [Chakrabarty
et al., 2014]. Although it is immediately clear from Figures 3.3 and 3.4 that ADMM is
substantially faster than the minimum norm point algorithm, we have performed Wilcoxon

sign rank tests that show this difference is significant with p < 10720

in all settings.

We additionally ran a baseline comparing non-submodular loss augmented inference
with the QPBO approach [Rother et al., 2007]. We computed pairwise energies as in Fig-
ure 3.1(a). QPBO found loss augmented energies across the dataset of 1.1 x 10% + 3 x 10°
while ADMM found loss augmented energies of 3.7 x 10° + 8 x 10, a substantial improve-

ment.
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Comparison to LP-relaxation We also compare ADMM to an LP relaxation procedure for
the loss augmented inference to determine the accuracy of our optimization in practice.
For the implementation of the LP relaxation, we use the UGM toolbox [Schmidt, 2012]. We
show in Table 3.3 the comparison between using ADMM and the LP relaxation. The first
column represents the energy achieved by the loss augmented inference (Equation (3.2.4)).
We observe that the (maximal) energy achieved by ADMM is almost the same as the LP
relaxation: a difference of 0.4%. Columns 2—4 show the computing time for one calculation
of the loss augmented inference on the downsampled images. Using a LP relaxation, the
computation time is orders of magnitude slower, growing as a function of the image size.
ADMM provides a more efficient strategy without loss of performance.

—-F size = 600 size = 1200 size = 2400
ADMM | 2.28 +£0.58 | 0.035 4+ 0.002 | 0.051 +0.002 | 0.864 4 0.476
LP 2.29+0.57 | 1.857 +0.128 | 3.946 + 0.286 | 13.57 £ 1.359

Table 3.3: The comparison between ADMM and an LP relaxation for solving the loss
augmented inference. The 1st column shows the optimal energy values (10%) (Equa-
tion (3.2.4)); columns 2-4 show the computation time (s) for one calculation on down-
sampled images of varying size.

Square Loss In order to validate the generality, we additionally utilize another supermod-

P £ i1\ 2
Ay, §) = <W> (3.5.1)

ular loss function as follows:

«

where o > 0 is a scale factor to prevent the value to be too large in an image scale prob-
lem. We used o = 20 in our setting. This is a function on the misprediction set which only
depends on the size of the input set. As the square function is a convex function, A is a
supermodular loss w.r.t. the misprediction set. Then maximizing the loss itself is a super-
modular maximization i.e. a submodular minimization problem, we use the SFO toolbox to
solve it.

We can see that training with the same supermodular loss while during test time yields
better performance, which validates the correctness of the ADMM splitting strategy with
another loss/inference combination.

Eval.
A 0-1
A | 0.869+0.049 | 8.056 + 0.332
0-1 | 0.872 £ 0.057 | 8.000 + 0.404

Train.

Table 3.4: The cross comparison of average loss values (with standard error) using the
supermodular loss and Hamming loss (labeled 0-1) during training and test time).
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3.6 Discussion

A somewhat surprising result in Table 3.1 is that training with the supermodular loss results
in better performance as measured by Hamming loss. This has been previously observed
with a different loss function by [Pletscher and Kohli, 2012; Osokin and Kohli, 2014], and
indicates that in the finite sample regime a supermodular likelihood can result in better
generalization performance. This holds, although the model space and regularizer were
identical in both training settings. We believe that further exploration of the properties of
supermodular loss functions is warranted in this regard.

Our results in terms of computation time give clear evidence for the superiority of
ADMM inference when a specialized optimization procedure is available for the loss func-
tion. As shown in Figures 3.3 and 3.4, the Fujishige-Wolfe minimum norm point algorithm
does not scale to typical consumer images (i.e. several megapixels), which indicates that
loss functions for which a specialized optimization procedure is not available are likely
infeasible for pixel level image segmentation without unprecedented improvements in gen-
eral submodular minimization. Figure 3.4 shows that the log-log slope of the runtime for
the min-norm point algorithm is higher than for ADMM, suggesting a worse computational
compexity, at least for the loss function considered here. One may wish to employ the result
that early termination of the min-norm point algorithm gives a guaranteed approximation
of the exact result, but even this is infeasible for images of the size considered here. In
addition, Table 3.3 suggests that ADMM provides a more efficient strategy without loss of
performance compared to using an LP-relaxation. Joint graph-cuts optimization for loss
augmented inference results in non-submodular pairwise potentials and graph-cuts fails to
correctly minimize the joint energy. As a result, a cutting plane optimization of the struc-
tured output SVM objective fails catastrophically, and the resulting accuracy is on par with
a random weight vector.

In this work, we have shown that a supermodular loss function achieves improved per-
formance both in qualitative and quantitative terms on a binary segmentation task. We
observe that a key advantage of the proposed supermodular loss over modular losses, e.g.
Hamming loss, is an improved ability to find elongated regions such as heads and legs, or
thin articulated structures in medical images .

Previous to our work, specialized inference procedures had to be developed for every
model/loss pair, a time consuming process. By contrast, we have proposed a Lagrangian
splitting technique based on ADMM to perform general loss augmented inference. We
demonstrate the feasibility of the ADMM algorithm for loss augmented inference on an
interactive foreground/background segmentation task, for which alternate strategies such
as the Fujishige-Wolfe minimum norm point algorithm are infeasible.

Our proposed ADMM algorithm provides a strategy to solve the loss augmented infer-
ence as two separate subproblems. This provides an alternate API for the structured output
SVM framework to that of SVMstruct [Tsochantaridis et al., 2005]. We envision that this
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can be of use in a wide range of application settings, and an open source general purpose
toolbox for this efficient segmentation framework with supermodular losses is available for
download from https://github.com/yjq8812/efficientSegmentation


https://github.com/yjq8812/efficientSegmentation
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Figure 3.3: The computing time for the loss augmented inference, on different problem
sizes. The red histograms stands for ADMM and the blue for MinNorm. As we can see, the
calculation by ADMM is always faster than by MinNorm, and there is no overlap between

the computing time by the two methods.
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Figure 3.4: The running time increase along with the problem size. Both algorithm increase
linearly in log scale while the ADMM has a time reduction from 10 times to 10? times along
with the increase of the problem size.
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(a) groundtruth (b) Hamming (c) 8-connected

(d) groundtruth (e) Hamming (f) 8-connected

(g) groundtruth (h) Hamming (i) 8-connected

Figure 3.5: The segmentation results of prediction by trained with Hamming loss (column
2 and 5) and our supermodular loss (column 4 and 6). The supermodular loss perform
better on foreground object boundary than Hamming loss does, as well as it achieves better
prediction on the elongated structure of the foreground object e.g. the heads and the legs.
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(€3] (6] ®
g=-1 g=+1 g=-1 g=+1 g=-1 g=+1 g=-1 g=+1
h=-1 h=-1 h=+1 h=+1 h=-1 h=-1 h=+1 h=+1
s= -1 s=—1 s=—1 s=—1 s =+1 s =41 s =+1 s =+1

Figure 3.6: A pixelwise comparison, in the semantic segmentation task [Gulshan et al.,
2010], of the ground truth (denoted ¢ in the legend), the prediction from training with
Hamming loss (denoted /), and the prediction when training with the proposed supermod-
ular loss (denoted s). We note that there are many regions in the set of images where
the supermodular loss learns to correctly predict the foreground when Hamming loss fails
(orange regions corresponding to g = +1, h = —1, and s = +1).
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(b)

—1 g=+1 g=—1 g=+1 g=—-1 g=+1 g=—1 g=+1
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g=
h=-1

Figure 3.7: A pixelwise comparison, in the structural brain segmentation task [Rohlfing,
2012], of the ground truth (denoted g in the legend), the prediction from training with
Hamming loss (denoted h), and the prediction when training with the proposed supermod-
ular loss (denoted s). We note that there are many regions in the set of images where
the supermodular loss learns to correctly predict the foreground when Hamming loss fails
(orange regions corresponding to g = +1, h = —1, and s = +1).
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(a) groundtruth

(d) groundtruth (e) Hamming (f) 8-connected

(g) groundtruth (h) Hamming (i) 8-connected

Figure 3.8: The segmentation results (continued) of prediction by trained with Hamming
loss (column 2 and 5) and our supermodular loss (column 4 and 6). The supermodular
loss perform better on foreground object boundary than Hamming loss does, as well as it
achieves better prediction on the elongated structure of the foreground object e.g. the heads
and the legs.
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(a) groundtruth (b) Hamming (¢) 8-connected

(d) groundtruth (e) Hamming (f) 8-connected

(g) groundtruth (h) Hamming (i) 8-connected

Figure 3.9: The segmentation results (continued) of prediction by trained with Hamming
loss (column 2 and 5) and our supermodular loss (column 4 and 6). The supermodular
loss perform better on foreground object boundary than Hamming loss does, as well as it
achieves better prediction on the elongated structure of the foreground object e.g. the heads
and the legs.
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(a) groundtruth (b) Hamming (¢) 8-connected

(d) groundtruth (e) Hamming (f) 8-connected

(g) groundtruth (h) Hamming (i) 8-connected

Figure 3.10: The segmentation results (continued) of prediction by trained with Hamming
loss (column 2 and 5) and our supermodular loss (column 4 and 6). The supermodular
loss perform better on foreground object boundary than Hamming loss does, as well as it
achieves better prediction on the elongated structure of the foreground object e.g. the heads
and the legs.
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Overview Learning with non-modular losses is an important problem when sets of pre-
dictions are made simultaneously. The main tools for constructing convex surrogate loss
functions for set prediction are margin rescaling and slack rescaling. In this chapter, we
show that these strategies lead to tight convex surrogates if and only if the underlying loss
function is increasing in the number of incorrect predictions. However, gradient or cutting-
plane computation for these functions is NP-hard for non-supermodular loss functions. We
propose instead a novel surrogate loss function for submodular losses, the Lovasz hinge,
which leads to O(plogp) complexity with O(p) oracle accesses to the loss function to com-
pute a gradient or cutting-plane. We prove that the Lovdsz hinge is convex and yields an
extension. As a result, we have developed the first tractable convex surrogates in the lit-
erature for submodular losses. We demonstrate the utility of this novel convex surrogate
through several set prediction tasks, including on the PASCAL VOC and Microsoft COCO
datasets.
The work presented in this chapter is based on:

e Jiagian Yu and Matthew B. Blaschko. The Lovéasz hinge: A convex surrogate for sub-
modular losses. 2015. arXiv:1512.07797;

e Matthew B. Blaschko and Jiagian Yu. Hardness results for structured learning and
inference with multiple correct outputs. In Constructive Machine Learning Workshop
at ICML, Lille, France, July 2015;

e Jiagian Yu and Matthew B. Blaschko. Learning submodular losses with the lovasz
hinge. In Proceedings of the 32nd International Conference on Machine Learning,
volume 37, pages 1623-1631, 2015

4.1 Introduction

In this chapter, we aim to provide a theoretical and algorithmic foundation for a novel class
of learning algorithms that make feasible learning with submodular losses, an important
subclass of non-modular losses that is currently infeasible with existing algorithms.

Convex surrogate loss functions are central to the practical application of empirical risk
minimization. Straightforward principles have been developed for the design of convex sur-
rogates for binary classification and regression [Bartlett et al., 2006], and in the structured
output setting margin and slack rescaling are two principles for defining convex surrogates
for more general output spaces [Tsochantaridis et al., 2005]. Despite the apparent flexibil-
ity of margin and slack rescaling in their ability to bound arbitrary loss functions, there are
fundamental limitations to our ability to apply these methods in practice: (i) they provide
only loose upper bounds to certain loss functions (cf. Propositions 4.1 & 4.2), (ii) computing
a gradient or cutting plane is NP-hard for submodular loss functions, and (iii) consistency
results are lacking in general [McAllester, 2007; Tewari and Bartlett, 2007]. In practice,
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modular losses, such as Hamming loss, are often applied to maintain tractability, although
non-modular losses, such as the Jaccard loss have been applied in the structured prediction
setting [Blaschko and Lampert, 2008; Nowozin, 2014]. We show in this paper that the
Jaccard loss is in fact a submodular loss, and our proposed convex surrogate provides a
polynomial-time tight upper bound.

In this work, we introduce an alternate principle to construct convex surrogate loss func-
tions for submodular losses based on the Lovdsz extension of a set function. The Lovdsz ex-
tension of a submodular function is its convex closure, and has been used in other machine
learning contexts e.g. [Bach, 2010; Iyer and Bilmes, 2013]. We analyze the settings in which
margin and slack rescaling are tight convex surrogates by finding necessary and sufficient
conditions for the surrogate function to be an extension of a set function. Although margin
and slack rescaling generate extensions of some submodular set functions, their optimiza-
tion is NP-hard. We therefore propose a novel convex surrogate for submodular functions
based on the Lovasz extension, which we call the Lovész hinge. In contrast to margin and
slack rescaling, the Lovasz hinge provides a tight convex surrogate to all submodular loss
functions, and computation of a gradient or cutting plane can be achieved in O(plogp) time
with a linear number of oracle accesses to the loss function. We demonstrate empirically
fast convergence of a cutting plane optimization strategy applied to the Lovasz hinge, and
show that optimization of a submodular loss results in lower average loss on the test set.

In Section 4.2 we introduce the notion of a submodular loss function in the context
of empirical risk minimization. The Structured Output SVM is one of the most popular
objectives for empirical risk minimization of interdependent outputs, and we demonstrate
its properties on non-modular loss functions in Section 4.3. In Section 4.4 we introduce the
Lovdsz hinge as well as properties involving the convexity and computational complexity.
We empirically demonstrate its performance first on a synthetic problem, then on image
classification and labeling tasks on Pascal VOC dataset and the Microsoft COCO dataset in
Section 4.7.

4.2 Submodular Loss Functions

As reminder, in empirical risk minimization, we approximate the risk, R of a prediction
function i : X — Y by an empirical sum over losses incurred on a finite sample, using e.g.
an i.i.d. sampling assumption [Vapnik, 1995]:

R() = -5 Ay, () (4.2.1)
=1

Central to the practical application of the empirical risk minimization principle, one must
approximate, or upper bound the discrete loss function A with a convex surrogate. We will
identify the creation of a convex surrogate for a specific loss function with an operator that
maps a function with a discrete domain to one with a continuous domain. In particular, we
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will study the case that the discrete domain is a set of p binary predictions. In this case we

denote
A {1, 41} x {-1,4+1}P —» Ry (4.2.3)
BA: {-1,+1}’ xRP —» R (4.2.4)

where B is an operator that constructs the surrogate loss function from A, and we assume
h(zx) = sign(g(x)) (4.2.5)

where g : X' — RP is a parametrized prediction function to be optimized by empirical risk
minimization. We always consider that A is isomorphic to a set function on the mispredic-
tion set:

Ay, 9) = ({ily’ # 7'}
In the sequel when we say A is increasing we mean it is increasing w.r.t. the misprediciton
set {jly’ # ¢’ }.
In particular in this chapter, we will focus on the function to be submodular, namely

VA,BCV, ACBveV\DB,
(AU {v}) = £(A) > (B U{v}) - ¢B)

by Definition 2.1.

Such functions are typically increasing, though it is possible to conceive of a sensible loss
function that may be non-increasing (e.g. when getting 50% recall is worse than making no
prediction at all, as in the identification of cancer tissue).

A key property is the relationship between BA and A. In particular, we are interested in
when a given surrogate strategy BA yields an extension of A (cf. Definition 4.1). We make
this notion formal by identifying {—1, +1}? with a given p-dimensional unit hypercube of
RP . We say that BA(y, ) is an extension of A(y,-) if and only if the functions are equal
over the vertices of this unit hypercube. We focus on function extensions as they ensure a
tight relationship between the discrete loss and the convex surrogate.

With these notions, we now turn to an analysis of margin and slack rescaling, and
show necessary and sufficient conditions for these operators to yield an extension to the
underlying discrete loss function.

4.3 Existing Convex Surrogates

In this section, we analyze two existing convex surrogates namely margin rescaling and
slack rescaling. We determine necessary and sufficient conditions for margin and slack
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rescaling to yield an extension of the underlying set loss function, and address their short-
coming in the complexity of subgradient computation.

The Structured Output SVM (SOSVM) is a popular framework in the regularized risk
minimization framework [Taskar et al., 2004; Tsochantaridis et al., 2005] that aims at
learning a parametrized function h : X x ) — R over input/output pairs from which a
prediction can be derived by maximizing

h(z) = arg max h(z, y; w) (4.3.1)
yey
The SOSVM framework assumes h to be represented by an inner product between an ele-
ment of a reproducing kernel Hilbert space and some combined feature representation of
inputs and outputs ¢(z, y),
h(z,y;w) = (w, p(x,y)) (4.3.2)
although the notions of margin and slack rescaling may be applied to other function spaces,
including random forests [Criminisi and Shotton, 2013] and deep networks [Bengio, 2009].
A bounded loss function A : ) x J — R quantifies the loss associated with a prediction
7 while the true value is y, and is used to re-scale the constraints. As for reminder, followings
are with margin-rescaling constraints and slack-rescaling constraints:

%i?;w +0Y g, 4.3.3)

’ i=1
st Vi,Vg el : (w,d(xi,u:)) — (w, d(xi, 9)) > Ay, g) — & (4.3.4)
or A(yi, §) ((w, d(zi, vi)) — (w, d(2i, 7)) = Ay, §) — & (4.3.5)

respectively. A cutting plane algorithm is commonly used to solve it and one version of the
approach with slack rescaling is shown in Algorithm 1 and in Algorithm 2 (cf. Chapter 2,
Section 2.4)

In the sequel, we will consider the case that each z; € X is an ordered set of p elements,
and that y; € Y is a binary vector in {—1, +1}?. We consider feature maps such that

P

(w,(w,y)) =Y _(w,al)y’. (4.3.6)

j=1
Given this family of joint feature maps, we may identify the jth dimension of g (cf. Equa-
tion (4.2.5)) with

g (x) := (w!,27). (4.3.7)
Therefore arg maxyec¢_,41y» h(, y; w) = sign(g(x)) and
h(z,y) == (9(x),y). (4.3.8)

While this section is developed with a linearly parametrized function, the resulting sur-
rogates in this work provide valid subgradients with respect to more general (non-linear)
functions. The treatment of optimization with respect to these more general function classes
is left to future work.
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Figure 4.1: Figure 4.1(a) shows the hinge loss as a function of ¢/ (x)y’ and Figure 4.1(b)
shows the transformed mapping as a function of 1 — ¢/ (x)y’

4.3.1 Extension

In order to analyse whether an operator B yields extensions of A, we construct a mapping
to a p-dimensional vector space using following definition:

Definition 4.1. A convex surrogate function BA is an extension if for all y € ),

BA(y,g(z)) = Ay, sign(g(x))) (4.3.9)

on the vertices ([u)’ € {0,1}) of the 0-1 unit cube under the mapping to RP (cf. Figure 4.2):
J={1..p}, [ =1-¢ @)y (4.3.10)

This mapping is inspired by the hinge loss mapping, whereas it aims at putting the
point of zero-loss the at the origin and A at the vertex of the unitcube(cf. Figure. 4.1). We
note that this definition is a natural generalization of the usual notion of convex surrogates
for binary prediction as tight upper bounds on the 0-1 step loss (cf. [Hastie et al., 2009,
Figure 10.4]).

In the sequel, we will use the notation for [ : P(V) — R as in Equation (3.2.5). Note
that at the vertices, A(y, -) has the following values:

¢(0) at 0, (4.3.11)
(I) at {vjv € {0,1}P v, =1 i1} (4.3.12)

We call (4.3.12) the value of ¢ at the vertex 1.
We denote the operators for margin and slack rescaling that map the loss function to its
convex surrogates M and S, respectively. These operators have the same signature as B in
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Equation (4.2.4).

MA(y, 9(2)) = max Ay, §) +{9(2), §) — {9(2), ) (4.3.13)
SA(y, g(x)) := nex Ay, 7)(1+ (g(x),5) — (g(x), v)) (4.3.14)

respectively.

4.3.2 Slack Rescaling

Proposition 4.1. SA(y,-) is an extension of a set function A(y,-) iff A(y,-) is an increasing
function.

Proof. First we demonstrate the necessity.
Given SA(y, -) an extension of A(y, -), we will study on whether A(y, -) is an increasing
function. More explicitly, there are two cases to determine the values of SA(y, -).

First case when u = 0 (Equation (4.3.10)) A(y, g(z)) = ¢(() according to Equation (3.2.5).
Given SA(y, g(x)) yields an extension, by Definition 4.1, SA(y, g(x)) = A(y,sign(g(x))) at

the vertices as in Equation (4.3.11) and Equation (4.3.12). Note that it is trivial when u = 0

so the first case is always true for arbitrary (including increasing) .

Second case when u € R?\ {0}, let I = {i|u’ # 0}, then according to Equation (4.3.14),
SA(y, g(x)) takes the value of the following equation:

(- 4.3.15
(s, 400 -2 g @y (43.15)

Considering the second case when SA(y, g(z)) is equal to Equation (4.3.15), denote

I, .= (1 1 — .3.16
9 1= arg 127193)15) ;g 4 )

As SA(y, g(z)) is an extension, SA(y, g(x)) = A(y,sign(g(z))) at the vertex Iy which gives
us:

VL € P(V)\ {0}, £(I2) = £(Ih) (1 — [(V \ I2) N 14f) (4.3.17)
This leads to two cases,

1. if (V \ I2) N I;| = 0, namely (V \ I) N I; = (), which implies I C I, then from
Equation (4.3.17) we get ¢(Iy) > ¢(I). This implies that ¢ is increasing i.e. A are
increasing;

2. if (V' \I) N 1| > 1, this means the rhs of Equation (4.3.17) is non-positive, then it is
redundant with ¢(I5) > 0 which is always true.
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To conclude, given SA(y,-) is an extension of a set function A(y,-), it is always the case
that A is increasing.

To demonstrate the sufficiency, we need to show Equation (4.3.17) is always true if ¢ is
increasing.

First, if we have |(V \ Iz) N I;| = 0 which implies (V' \ Io) N I; = () then I; C I, thus
¢(I3) > (1) given { is increasing.

Then if we have |(V \ I,) N I;| > 1, (4.3.17) always holds even for arbitrary .

By conclusion, we have that SA(y, g(x)) = A(y,sign(g(z))) at the vertices when Equa-
tion (4.3.12) holds. As for the case of Equation (4.3.11), it is trivial as u = 0. So SA(y, -)
yields a extension of A(y,-) if A(y, -) is increasing. O

4.3.3 Margin Rescaling

It is a necessary, but not sufficient condition that A(y, §) be increasing for margin rescaling
to yield an extension. However, we note that for all increasing A(y, §) there exists a positive
scaling v € R such that margin rescaling yields an extension. This is an important result
for regularized risk minimization as we may simply rescale A to guarantee that margin
rescaling yields an extension, and simultaneously scale the regularization parameter such
that the relative contribution of the regularizer and loss is unchanged at the vertices of the
unit cube.

Proposition 4.2. For all increasing set functions ¢ such that 3y for which MA(y, -) is not an
extension of A(y,-), we can always find a positive scale factor  specific to ¢ such that margin
rescaling yields an extension. We denote MyA and vA as the rescaled functions.

Proof. Similar to Proposition 4.1, we analyse two cases to determine the values of MyA(y, g(x)):

1. if u = 0, MyA(y, g(z)) = 7¢(D) where v is defined as in Equation (4.3.10). It is
typically the case that ¢(()) = 0, but this is not a technical requirement.

2. ifu # 0, let T = {i|u’ # 0}, then MyA(y,g(z)) takes the value of the following
equation:
ax () =) g'(z)y’ 4.3.18

max () ;g(fv)y (4.3.18)

To satisfy Definition 4.1, we must find a v > 0 such that MyA(y, g(z)) = v7A(y, sign(g(z)))

at the vertices. Note that it is trivial when u = 0 so the first case is true for arbitrary v > 0.

For the second case as in Equation (4.3.18), let I = arg maxyep(v) (£(I) =Y ;e 9* (2)y").

We have MvA(y, g(z)) = A(y,sign(g(x))) at the vertices I, according to the extension. The
scale factor should satisfy:

VI, € P(V) \ {@}, 7(6(12) — 5(11)) > —‘(V \ IQ) N Il‘ (4.3.19)

which leads to the following cases:
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1. if |(V\I2)NI;| = 0, we have (V'\Iy)NI; = @, which implies I; C I,. Equation (4.3.19)

reduces to

v(¢(Ix) — £(I1)) > 0 (4.3.20)
and / is an increasing function so ¢(I;) < ¢(Is) and Equation (4.3.20) is always true
asvy > 0.

2. if (V' \ Io) NI;| # 0, we need to discuss the relationship between ¢(I;) and ¢(I5):

(a) if ¢(Iz) = ¢(1,), then Equation (4.3.20) becomes 0 > —|(V \ Is) N I;|, for which
the rhs is negative so it is always true.

(b) if £(Is) > £(I;), then

v —|(V\1I2) N1

z (4.3.21)
((Iz) — (L)
for which the rhs is negative so it is redundant with v > 0 .
(o) if ¢(I2) < £(I;), then

<
7= ((Iz) — £(1y)
for which the rhs is strictly positive so it becomes an upper bound on ~ .

In summary the scale factor ~ should satisfy the following constraint for an increasing loss
function /:

—|(V\ L) NLj
VI, 1 \% 0 <
e €PIMOL0 <= ) oy
Finally, we note that the rightmost ratio is always strictly positive. O

4.3.4 Complexity of Subgradient Computation

Although we have proven that slack and margin rescaling yield extensions to the underlying
discrete loss under fairly general conditions, their key shortcoming is in the complexity of
the computation of subgradients for submodular losses. The subgradient computation for
slack and margin rescaling requires the computation of

arg mgx Ay, 9)(1 + h(z,y) — h(z,y)) (4.3.23)

and
argmax A(y, 7) + h(z,7), (4.3.24)
Yy

respectively. The arg max in both of these functions corresponds to a non-submodular min-
imization for submodular loss functions. This computation is NP-hard, and such loss func-
tions are not feasible with these existing methods in practice. Furthermore, approximate
inference, e.g. based on [Nemhauser et al., 1978], leads to poor convergence when used to
train a structured output SVM resulting in a high error rate (cf. Section 4.7, Tables 4.1-4.4).
We therefore introduce the Lovasz hinge as an alternative operator to construct feasible
convex surrogates for submodular losses.
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4.4 Lovasz Hinge

We now develop our convex surrogate for submodular loss functions, which is based on
the Lovasz extension. In the sequel, the notion of permutations is important. We denote a
permutation of p elements by 7 = (w1, m2,...,m,), where m; € {1,2,...p} and m; # 7;, Vi #
j. Furthermore, for a vector s € RP, we will be interested in the permutation 7 that sorts
the elements of s in decreasing order, i.e. s™ > s™ > ... > s™, Without loss of generality,
we will index the base set of a set function ¢ by integer values, i.e. V = {1,2,...,p}, so that
for a permutation 7, {({m1, w9, ..., m}) is well defined.

4.4.1 Lovasz Hinge

We propose our novel convex surrogate for submodular functions increasing and non-
increasing in Definition 4.2 and Definition 4.3, respectively.!

Definition 4.2 (Lovasz hinge for submodular increasing functions). For ¢ submodular and
increasing, the Lovdsz hinge L is defined as the unique operator such that,

LA(y*, g(2)) == max Y (s™), (€({my, -+ ) — € ({my, - m5-1) (4.4.1)

j=1
where (-); = max(+,0), 7 is a permutation,

s =1—g"(x)y*™, (4.4.2)
and g™ (x) is the mjth dimension of g(z) (cf Equation (4.3.7)).

Definition 4.3 (Lovasz hinge for submodular non-increasing functions). For ¢ submodular
and non-increasing, the Lovdsz hinge, L, is defined as the unique operator such that

LA(y,g(x)) := mfszsﬂj (C{me, - m) = L({m, - mea})) (4.4.3)
=1 .

with the same 7, s™i, g™ (x) and (-)4 defined as in Definition 4.2.

Note that the Lovasz hinge is itself an extension of the Lovdsz extension (defined over
the p-dimensional unit cube) to RP. For ¢ being submodular increasing, we threshold each
negative component of s i.e. s™ =1 — g™ (x)y™ to zero. As ¢ being increasing, the compo-
nents ¢ ({my, -+ ,m;}) — £({m1,--- ,mj—1}) will always be non-negative. Then LA(y, g(x))
in Defintion 4.2 is always non-negative. While in Definition 4.3, we don’t apply the thresh-
olding strategy on the components of s, but instead on the entire formulation.

We show in the following propositions that these two definitions yield surrogates that
are indeed convex and extensions of the corresponding loss functions.

Source code is available for download at https://github.com/yjq8812/1lovaszhinge.


https://github.com/yjq8812/lovaszhinge

61 4.4. Lovdasz Hinge

Proposition 4.3. For a submodular non-negative loss function /¢, the Lovdsz hinge as in Defi-
nition 4.3 is convex and yields an extension of A.

Proof. We first demonstrate the “convex” part. It is clear that taking a maximum over linear
functions is convex. The thresholding to non-negative values similarly maintains convexity.

We then demonstrate the “extension” part. From the definition of extension as in Equa-
tion (4.3.10) as well as the notation concerning the vertices of the unit cube as in Equa-
tion (4.3.12), for the values of s on the vertices I, we have explicitly

; 1, Vvjel
J 9
’ _{ 0, VjeV\I (444

As a result, the permutation 7 that sorts the components of s decreasing on the vertices is
actually

{7T17 Ty The41," " " 77Tp}7 k= ’I|
with {m,---,m;} a permutation of {j|j € I} and {m1,--- ,m,} a permutation of {j|j €
V\I}.
We then reformulate the inside part of rhs of Equation (4.4.3) as:
p
> s (C({my, - mh) = L{m, e ma))
j=1

L (C({m,-- my}) = E({m, - mj-1})) +0

I
M=

j=1
=L({m, -, m})
=((I) (4.4.5)
Then for non-negative /¢, thresholding is redundant. As a consequence we have
LA(y, g(z)) = (((I)) 4 = Ay, 9(x)) (4.4.6)
which validates that LA(y, g(z)) yields an extension of A(y, g(x)). O

Proposition 4.4. For a submodular increasing loss function ¢, the Lovdsz hinge as in Defini-
tion 4.2 is convex and yields an extension of A.

Proof. We first demonstrate the “convex” part. When / is increasing, p™ = ¢ ({m1,--- ,mj})—
¢({m,---,mj—1}) will always be positive for all 7; € {1,2,---,p}. So it’s obvious that
w™ x max(0, s™) will always be convex with respect to s™ € R for any given p™ > 0. As
the convex function set is closed under the operation of addition, the Lovdsz hinge is convex
in RP,

We note that on the vertex I, we have s € {0,1}? as in Equation (4.4.4), then the
positive threshold on the components of s/ can be removed. With the same procedure as in
Equation (4.4.5), LA(y, g(x)) yields an extension of A(y, g(x)). O
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Although Definition 4.3 is convex and yields an extension for both increasing and non-
increasing losses, we rather apply Definition 4.2 for increasing loss functions. This will
ensure the Lovdasz hinge is an analogue to a standard hinge loss in the special case of a
symmetric modular loss. We formally state this as the following proposition:

Proposition 4.5. For a submodular increasing loss function ¥, the Lovdsz hinge as in Defini-
tion 4.2 thresholding negative s™i to zero, coincides with an SVM (i.e. additive hinge loss) in
the case of Hamming loss.

Proof. The hinge loss for a set of p training samples is defined to be

(4.4.7)

M@

ghmge Y, g + .
z:l
Following the previous notation, we will interpret g(z%) = ¢(x). For a modular loss, the

Lovész hinge in Equation (4.4.1) simplifies to

LA(y,9(x)) = mgXZ(S“j)J({Wj}) (4.4.8)
= > (1 D). (4.4.9)
7j=1
For the Hamming loss £({j}) = 1,Vj and LA(y, g(z)) = fhinge (¥, 9(x))- O

Lemma 4.1. The convex closure of a set function ¢ is the largest function ¢ : [0,1]P — R U
{+o0} such that (a) ¢ is convex and (b) for all A C V,i.(14) < I(A), where 14 is a binary
vector such that the ith element is one iff i € A and zero otherwise. The Lovdsz extension of a
submodular function ¢ coincides with its convex closure [Bach, 2013; Choquet, 1953].

Proposition 4.6. The Lovdsz hinge has an equal or higher value than slack and margin rescal-
ing inside the unit cube.

Proof. By Lemma 4.1 it is clear that the Lovasz hinge inside the unit cube is the maxi-
mal convex extension, and therefore slack and margin rescaling must have equal or lesser
values. O

Corollary 4.1. Slack and margin rescaling may have additional inflection points inside the
unit cube that are not present in the Lovdsz hinge. This is a consequence of Proposition 4.6
and the fact that all three are piecewise linear extensions, and thus have identical values on the
vertices of the unit cube. One can also visualize this in Figure 4.2.

Another reason that we use a different threshold strategy on s for increasing or non-
increasing losses is that we cannot guarantee that the Lovasz hinge is always convex if we
threshold each negative component s™ to zero for non-increasing losses.
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Proposition 4.7. For a submodular non-increasing loss function ¢ , the Lovdsz hinge is not
convex if we threshold each negative component s™ to gero as in Definition 4.2.

Proof. If ¢ is non-increasing, there exists at least one 7 and j such that

pr = ({m e m) = L)
is strictly negative. The partial derivative of LA(y, g(z)) w.r.t. s™ is

OLA(y, g(z)) {0 if 5™ < 0

4.4.10
0s™i piif 5™ > 0. ( )

As ;™ < 0 by assumption, we have that the partial derivative at s™ < 0 is larger than the
partial derivative at s™ > 0, and the loss surface cannot therefore be convex. O

Figure 4.6(a) and Figure 4.6(b) show an example of the loss surface when ¢ is non-
increasing. We can see that at the non-increasing element leads to a negative subgradient
at one side of a vertex, while on its other side the subgradient is zero due to the fact that
we still apply the thresholding strategy. Thus it leads to a non-convex surface.

4.4.2 Complexity of Subgradient omputation

We explicitly present the cutting plane algorithm for solving the max-margin problem as
in Equation (4.3.3) in Algorithm 4. The novelties are: (i) in Line 5 we calculate the upper
bound on the empirical loss by the Lovasz hinge; (ii) in Line 6 we calculate the loss gradient
by the computation relating to the permutation 7 instead of to all possible outputs 3.

As the computation of a cutting plane or loss gradient is precisely the same procedure
as computing a value of the Lovasz extension, we have the same computational complexity,
which is O(plogp) to sort the p coefficients, followed by O(p) oracle accesses to the loss
function [Lovasz, 1983]. This is precisely an application of the greedy algorithm to optimize
a linear program over the submodular polytope as shown in Proposition 2.11. In our imple-
mentation, we have employed a one-slack cutting-plane optimization with ¢, regularization
analogous to [Joachims et al., 2009]. We observe empirical convergence of the primal-dual
gap at a rate comparable to that of a structured output SVM (Figure 5.5).

4.4.3 Visualization of Convex Surrogates

For visualization of the loss surfaces, in this section we consider a simple binary classifica-
tion problem with two elements with non-modular loss functions :

X :=R¥?  y.={-1,+1}?

Then with different values for ¢(0), ¢({1}), ¢({2}) and ¢({1,2}), we can have different
modularity or monotonicity properties of the function ¢ which then defines A. We illustrate
the Lovasz hinge, slack and margin rescaling for the following cases:
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Algorithm 4 Cutting plane algorithm for solving the problem in Equation (4.3.3), with
Definition 4.3 — the Lovdasz hinge.

1: Input: (z1,91), -, (Tn, yn), C, €
% S =P Vi=1,---.n

3: repeat
4: fori=1,---,ndo
o
50 H(yiym) =30 s ({m, - omd) = 1({m, - mia})
where s™ = 1 — g™ (z;)y,’
6: T = arg max, H (y;, 7)

% find the most violated constraint by sorting the p elements of s
7: ¢ = max{0, H (y;, 7)}

8: if H(y;, ) > ¢ + ¢ then

9: Sti= Stu {7}
10: w < optimize Equation (4.3.3) with constraints defined by U; S’
11: end if

12:  end for
13: until no S* has changed during iteration
14: return (w,¢)

(i) submodular increasing:
() =0, 1({1}) = I({2}) = 1, 1({1,2}) = 1.2
(i) submodular non-increasing:
(0) =0, I({1}) =1({2}) =1, I({1,2}) = 0.6
(i) supermodular increasing:
(0) =0, I({1}) =1({2}) = 1, I({1,2}) = 2.6

In Figure 4.2 to Figure 4.5, the x axis represents the value of s!, the y axis represents
the value of s? in Equation (4.4.2), and the z axis is the convex loss function given by
Equation (4.3.13), Equation (4.3.14), and Definition 4.2 and 4.3 for different loss functions.
We plot the values of ¢ as solid dots at the vertices of the hypercube.

We observe first that all surfaces are convex. For the Lovasz hinge with a submodular
increasing function in Figure 4.2(a) and Figure 4.2(b), the thresholding strategy adds two
hyperplanes on the left and on the right, while convexity is maintained.

We observe in Figure 4.2 that all the solid dots corresponding to the discrete loss func-
tion values touch the surfaces of the Lovasz hinge with both submodular increasing loss
function and non-increasing loss function, which empirically validates that the surrogates
are extensions of the discrete loss.
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4.4. Lovdasz Hinge

lovasz hinge: 1 =[01; 1 1.2]

(a) L with submodular increasing ¢

lovasz hinge: 1=[01; 1 0.6]
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(b) L with submodular increasing ¢

lovasz hinge: 1=[01; 1 0.6]

(d) L with submodular non-increasing ¢

Figure 4.2: The Lovéasz hinge surfaces with a submodular increasing loss and a submodular
non-increasing loss from different views; the = and y axes represent the value of s} and s?
in Equation (4.4.2); the z axis represents the value of the convex surrogate; the solid red
dots represent the values of ¢ at the vertices of the unit hypercube. The convex surrogate
strategies yield extensions of the discrete loss as the red dots touch the surfaces.
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margin rescaling: 1 =[0 1; 1 1.2] margin rescaling: 1 =[0 1; 1 1.2]
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(a) M with submodular increasing ¢ (b) M with submodular increasing ¢
margin rescaling: | = [0 1; 1 2.6] margin rescaling: 1 =[0 1; 1 2.6]
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(c) M with supermodular increasing ¢ (d) M with supermodular increasing ¢

Figure 4.3: Margin rescaling surfaces with a submodular increasing loss and a supermod-
ular increasing loss from different views. The convex surrogate strategies yield extensions

of the discrete loss as the red dots touch the surfaces.
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4.4. Lovdasz Hinge

slack rescaling: 1=[01; 1 1.2]

(a) S with submodular increasing ¢

slack rescaling: 1 =[0 1; 1 2.6]

(c) S with supermodular increasing ¢
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(b) S with submodular increasing ¢

slack rescaling: 1 =[0 1; 1 2.6]
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(d) S with supermodular increasing ¢

Figure 4.4: Slack rescaling surfaces with a submodular increasing loss and a supermodular
increasing loss from different views. The convex surrogate strategies yield extensions of the
discrete loss as the red dots touch the surfaces.
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margin rescaling: | = [0 1; 1 0.6] margin rescaling: 1 =[0 1; 1 0.6]
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(a) M with submodular non-increasing ¢ (b) M with submodular non-increasing ¢

slack rescaling: 1 =[0 1; 1 0.6] slack rescaling: 1 =[0 1; 1 0.6]

(c) S with submodular non-increasing ¢ (d) S with submodular non-increasing ¢

Figure 4.5: Magin rescaling surfaces and slack rescaling surfaces with a submodular non-
increasing loss from different views. The convex surrogate strategies fail to yield extensions
of the discrete loss as the red dots are below the surfaces.
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Figure 4.6: Lovdasz hinge with submodular non-increasing ¢ while thresholding negative
components of s is still applied (cf. the caption of Figure 4.2 for the axes notation). Although
the red dots touch the surface, the surface is no longer convex due to the thresholding
strategy.

However, for slack rescaling and margin rescaling (while having a proper positive scale
factor +), the dots coincide with the surfaces only for submodular increasing and super-
modular increasing ¢ (Figure 4.3 to Figure 4.4); margin rescaling and slack rescaling fail to
yield extensions of submodular non-increasing losses as in Figure 4.5, as the red dots are
below the surfaces.

Here we set ¢ as symmetric functions, while the extensions can be also validated for
asymmetric increasing set functions.

We additionally plot the Lovasz hinge with a non-increasing function while the thresh-
olding strategy on s is still applied in Figure 4.6. Compared to Figure 4.2(c) and Fig-
ure 4.2(d), convexity is lost due to the thresholding strategy on negative components of

S.

4.5 Hardness Result for Learning Multiple Correct Results

Many domains of structured prediction contain multiple correct outputs. In computer vi-
sion, multiple correct object detections may be present in an image [Blaschko, 2011]. In
text summarization, multiple paragraphs may be considered equally good summaries of a
document [?]. In protein structure prediction, a molecule may have multiple possible con-
figurations [?]. In this work, we show that the presence of multiple correct outputs leads
to intractable computational problems in many common settings for which a single correct
output leads to tractable problems.

In this section, we show three main hardness results for structured prediction with mul-
tiple correct outputs: (i) regularized risk minimization with a supermodular loss function is
tractable with existing learning frameworks for a single correct output but NP-hard for mul-
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tiple correct outputs (Proposition 4.8), (ii) regularized risk minimization with a submodular
loss function is tractable with existing learning frameworks for a single correct output but
NP-hard for multiple correct outputs (Proposition 4.9), and (iii) test time inference that is
polynomial time solvable for a single correct output is NP-hard for multiple correct outputs
when a diversity penalty is included (Proposition 4.10). These results suggest the use of
alternative learning and approximate inference schemes when multiple correct outputs are
present during training and/or testing.

These results give substantial evidence that structured learning and inference with mul-
tiple correct outputs is fundamentally harder than when only a single output is considered
correct. This points to two potentially productive directions of inquiry: (i) the exploration
of tractable approximations to the NP-hard learning and inference problems, and (ii) the
derivation of novel convex surrogates and sufficient conditions for polynomial time learning
and inference that are applicable in practice to problems of interest.

4.5.1 Learning

In structured output learning, we assume that a task specific loss function is given that
measures the disagreement between a prediction and a ground truth element. We denote
a ground truth instance as y € ) and the (incorrect) prediction §. We will distinguish
between a loss function in which a single correct output is to be predicted, and a loss
function in which p multiple correct outputs Y € )* are possible:

Asingle Y xY—=R (4.5.1)
Arnultiple PP x Y= R (4.5.2)

Specifically, we will assume that when there are multiple outputs we will take
Amultiple (Y, 37) = zrél{} Asingle (yv Zj) (453)

so that we require a prediction to be close to one of the ground truth outputs. We focus
on two feasible families of loss functions for Agnge for which convex surrogates have been
developed: supermodular loss functions and submodular loss functions.

4.5.2 Supermodular losses and the Structured Output SVM

We see in the the previous section that it is a necessary, but not sufficient condition that the
loss function A(y, ) be increasing for margin rescaling to yield an extension. However, for
all increasing A(y, §) there exists a positive scaling v € R such that margin rescaling yields
an extension. These results indicate that both slack and margin rescaling can be used to
construct tight convex surrogates to increasing loss functions.

In the event that we have multiple correct outputs, we construct the loss imputed to
the SOSVM by taking the minimum loss over all possible correct outputs. The resulting
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loss remains increasing, and therefore the resulting convex surrogate is tight, a positive
result from a statistical perspective. However, multiple correct outputs may mean that
computation of the subgradient of the convex surrogate is NP-hard. We show this making
use of the following lemma:

Proposition 4.8. Computation of a subgradient of the slack and margin rescaling convex
surrogates is NP-hard when there are multiple correct outputs.

Proof. Slack and margin rescaling are computationally feasible only when A is supermod-
ular (Chapter 4.3). This is because subgradient computation requires solving

arg max Ay, )1+ (w, ¢z, 9) — ¢(x,y))) (4.5.4)

and
argmax A(y, ) + (w0, (. 5)) (45.5)

for slack and margin rescaling, respectively. The minimum over supermodular functions
is the negative of the maximum over submodular functions, and submodular functions are
not closed under maximization (see Theorem 2.13 in Chapter 2). Finally we note that the
arg max in Equations (4.5.4) and (4.5.5) will therefore be taken over non-supermodular
functions, which is NP-hard in general. O

Consequently, even if we have a tractable loss augmented inference problem for a single
correct output with a supermodular loss, the presence of multiple correct outputs will lead
to NP-hard loss augmented inference problems.

4.5.3 Submodular losses and the Lovasz Hinge

We now turn to submodular loss functions. These result in NP-hard subgradient compu-
tation for SOSVMs, so Chapter 4.4 introduced an alternative convex surrogate based on
the Lovasz extension of a submodular set function, called the Lovasz hinge. This convex
surrogate generalizes hinge loss to multiple outputs when the loss function is submodu-
lar. Subgradient computation has a computational complexity of O(|y|log |y|), where |y|
is the size of a single instance y € ). We note that this convex surrogate (written as the
maximum over linear constraints) is only tight when A remains submodular. Analogous to
Proposition 4.8, we now show that multiple correct outputs results in a loss function A that
is not guaranteed to be submodular, even if the loss function for a single correct output is
submodular. We make use of the following result:

Proposition 4.9. Neither the Lovdsz hinge nor the structured output SVM provide a polyno-
mial time tight convex surrogate to a submodular loss function when there are multiple correct
outputs.



Chapter 4. Lovasz Hinge: Learning with Submodular Loss Functions 72

Proof. Application of Equation (4.5.3) combined with the fact that submodularity is not
closed under minimization (see Theorem 2.14 in Chapter 2) indicates that Apyple is nOt
submodular in general, even if Agpgle is. AS Apyisiple iS neither submodular nor supermod-
ular, neither the Lovasz hinge nor the SOSVM vyield polynomial time tight convex surro-
gates. O

4.5.4 The Inference Problem

In the previous section, we have shown that learning with both submodular and super-
modular loss functions leads to NP-hard computation in order to compute subgradients of
existing convex surrogate loss functions when there are multiple correct outputs. In this
section, we further show a result due to Blaschko [2011] that test time inference becomes
NP-hard in the presence of multiple correct outputs when a diversity penalty is included in
the inference procedure.

Proposition 4.10. Let g(x,y) be a compatibility function for a structured prediction problem
(e.g. (w,¢(x,y)) from a SOSVM). The prediction of a set of p > 2 outputs with a diversity
penalty is NP-hard in general:

arg nax Z g(z,y) — QY) (4.5.6)
yeyY
where
QYY) => Qui,ys) + > Qelve), (4.5.7)
i#] ceC

C is the set of higher order cliques in the penalty term (possibly C = (), and €. is supermodular
forall c € C.

Proof. Section 3 of [Blaschko, 2011] shows that Equation (4.5.7) is supermodular for Q > 0.
Consequently, the optimization in Equation (4.5.6) corresponds with a non-submodular
minimization and is NP-hard. O

4.6 Jaccard Loss

The Jaccard index score is a popular measure for comparing the similarity between two
sample sets, widely applied in diverse prediction problems such as structured output predic-
tion [Blaschko and Lampert, 2008], social network prediction [Liben-Nowell and Kleinberg,
2007] and image segmentation [Unnikrishnan et al., 2007]. It is used in the evaluation of
popular computer vision challenges, such as PASCAL VOC [Everingham et al., 2010] and
ImageNet [Russakovsky et al., 2014, Sec. 4.2]. In this section, we introduce the Jaccard
loss based on the Jaccard index score, and we prove that the Jaccard loss is a submodular
function with respect to the set of mispredicted elements.
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We will use P, P; C V to denote sets of positive predictions. We define the Jaccard loss
to be [Blaschko and Lampert, 2008]

. |PymP§|

— (4.6.1)
|Py U P§|

Ay(y,9) =1
We now show that this is submodular under the isomorphism (y,9) — A := {i|ly* # 7'},
Aj(y,g) = (A). We will use the diminishing returns definition of submodularity as in
Definition 2.1. We will denote m := |P,| > 0, p := |P; \ P,|, and n := |P, \ P;|. With this
notation, we have that

m-—n
Aj(y,y)=1-— 4.6.2
7y, 9) i p (4.6.2)

For a fixed groundtruth y, we have for two sets of mispredictions A and B
if BC A, then ng <na, pg < pa (4.6.3)

We first prove two lemmas about the submodularity of the loss function restricted to addi-
tional false positives or false negatives.

Lemma 4.2. Aj restricted to marginal false negatives is submodular.

Proof. 1f i is an extra false negative,

Aj(AU{i}) = As(na+1,pa)
_nat+pa+l
m+pa

— Ay(A) 4 —

m—+pa

(4.6.4)

Then we have

1

m—+pa
1

- m+pB
= Ay(BUi}) — Ay(B) (4.6.5)

Aj(AU{i}) — A (4) =

which complies with the definition of submodularity. O

Lemma 4.3. Aj restricted to marginal false positives is submodular.
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Proof. If i is an extra false positive, with the similar procedure as previous, we have

Aj(AU{i}) = As(na,pa+1)

_natpatl (4.6.6)
m+pa+1 o
. na+pa+1l na+pa
Aj(AU —Ay(A) = -
JAULE)) = A (4) = TP A E
_ |A] —na
(m+pa+1)(m+pa)
|Al —np
~ (m+pp+1)(m+ppB)
= A ;(BU{i}) — Ay(B) (4.6.7)
which also complies with the definition of submodularity. O

Proposition 4.11. A is submodular.

Proof. Lemmas 4.2 and 4.3 cover mutually exclusive cases whose union covers all possible
marginal mistakes. As the diminishing returns property of submodularity (Equation (2.1.2))
holds in both cases, it also holds for the union. O

4.7 Experimental Results

We validate the Lovasz hinge on a number of different experimental settings. In Sec-
tion 4.7.1, we demonstrate a synthetic problem motivated by an early detection task. Next,
we show that the Lovasz hinge can be employed to improve image classification measured
by the Jaccard loss on the PASCAL VOC dataset in Section 4.7.2. Multi-label prediction with
submodular losses is demonstrated on the PASCAL VOC dataset in Section 4.7.3, and on the
MS COCO dataset in Section 4.7.4. A summary of results is given in Section 4.7.5.

4.7.1 A Synthetic Problem

We designed a synthetic problem motivated by early detection in a sequence of observa-
tions. As shown in Figure 5.2, each star represents one sample in a bag and p = 15 samples
form one bag. In each bag, the samples are arranged in a chronological order, with sam-
ples appearing earlier drawn from a different distribution than later samples. The red and
magenta dots represent the early and late positive samples, respectively. The blue dots rep-
resent the negative samples. For the negative samples, there is no change in distribution
between early and late samples, while the distribution of positive samples changes with
time (e.g. as in the evolution of cancer from early to late stage).
We define the loss function as

p
i=1
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T T T
©  Early Positive Samples
O Late Positive Samples
Negative Samples

Figure 4.7: The disributions of samples for a synthetic binary classification problem moti-
vated by the problem of early detection in a temporal sequence. As in, e.g. disease evolution,
the distribution of early stage samples differs from that of late stage samples.

where I; = {j|j < 4,7 # y/}. Let v; := e~ Vi. By this formulation, we penalize early
mispredictions more than late mispredictions. This is a realistic setting in many situations
where, e.g. early detection of a disease leads to better patient outcomes. The loss l,y
measures the misprediction rate up to the current time while being limited by an upper
bound:

Louy(T,) = min (11»\, ;) . 4.7.2)

As A is a positively weighted sum of submodular losses, it is submodular. We additionally
train and test with the 0-1 loss, which is equivalent to an SVM and Hamming loss in the
Lovasz hinge. We use different losses during training and during testing, then we measure
the empirical loss values of one prediction as the average loss value for all images shown in
Table. 4.1. We have trained on 1000 bags and tested on 5000 bags. M and S denote the use
of the submodular loss with margin and slack rescaling, respectively. As this optimization
is intractable, we have employed the approximate optimization procedure of [Nemhauser
et al., 1978].

As predicted by theory, training with the same loss function as used during testing yields
the best results. Slack and margin rescaling fail due to the necessity of approximate infer-
ence, which results in a poor discriminant function. By contrast, the Lovasz hinge yields the
best performance on the submodular loss.

4.7.2 PASCAL VOC Image Classification

We consider an image classification task on the Pascal VOC dataset [Everingham et al.,
2010]. This challenging dataset contains around 10,000 images of 20 classes including
animals, handmade and natural objects such as person, bird, aeroplane, etc. In the training
set, which contains 5,011 images of different categories, the number of positive samples
varies largely, we evaluate the prediction on the entire training/testing set with the Jaccard
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Test
A 0-1
L | 0.100+0.001 | 7.42+0.01
Z10-1] 0.166+0.001 | 2.87+0.02
=| S | 0.144+0.001 | 7.69+0.01
M | 0.154+0.001 | 3.01+0.01

Table 4.1: For the synthetic problem, the cross comparison of average loss values (with stan-
dard error) using different convex surrogates for the submodular loss in Equation (4.7.1)
during training, 0-1 loss for comparison, and testing with different losses.

aeroplane bicycle bird boat bottle
Test time Ay 0-1 Ay 0-1 Ay 0-1 Ay 0-1 Ay 0-1
-g L | 0.310 0.014 | 0.436 0.025 | 0.371 0.025 | 0.416 0.017 | 0.761 0.062
= 0-1]0.310 0.014 | 0.466 0.027 | 0.399 0.025 | 0.483 0.020 | 0.917 0.045
bus car cat chair cow
Test time Ay 0-1 Ay 0-1 Ay 0-1 Ay 0-1 Ay 0-1
-g L | 0.539 0.026 | 0.399 0.076 | 0.426 0.035 | 0.687 0.121 | 0.640 0.027
= 0-1]0.661 0.025|0.397 0.068 | 0.469 0.034 | 0.744 0.090 | 0.892 0.023
diningtable dog horse motorbike person
Test time Ay 0-1 Ay 0-1 Ay 0-1 Ay 0-1 Ay 0-1
% L | 0.664 0.055 | 0.475 0.054 | 0.405 0.029 | 0.439 0.025 | 0.347 0.180
= 0-1 | 0.695 0.043 | 0.564 0.050 | 0.451 0.032 | 0.493 0.027 | 0.325 0.151
pottedplant sheep sofa train tvmonitor
Test time Ay 0-1 Ay 0-1 Ay 0-1 Ay 0-1 Ay 0-1
-% L | 0.747 0.058 | 0.580 0.017 | 0.710 0.062 | 0.306 0.018 | 0.588 0.042
&= 0-1]0.846 0.043 | 0.611 0.016 | 0.730 0.062 | 0.325 0.018 | 0.690 0.036

Table 4.2: For the VOC image classification task, the cross comparison of average loss values
using the Jaccard loss as well as 0-1 loss during training and during testing for the 20
categories.

loss as in Equation (4.6.1).

We use Overfeat [Sermanet et al., 2014] to extract image features following the proce-

dure described in [Razavian et al., 2014]. Overfeat has been trained for the image classifi-

cation task on ImageNet ILSVRC 2013, and has achieved good performance on a range of
image classification problems.

We compare learning with the Jaccard loss with the Lovasz hinge with learning an SVM

(labeled 0-1 in the results tables). The empirical error values using different loss function

during test time are shown in Table 4.2.

We can see from the table that almost for all the categories, training with Jaccard loss

using Lovasz hinge yields lower empirical error values compared to training an Hamming

loss, when the Jaccard loss is used at test time. This result is as expected by the empirical

risk minimization principle, which empirically validates the correctness of Lovasz hinge.
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Figure 4.8: Example images from the PASCAL VOC dataset. Figure 4.8(a) and Figure 4.8(b)
contain three categories: people, table and chair. Figure 4.8(c) contains table and chair.

4.7.3 PASCAL VOC Multilabel Prediction

We consider next a multi-label prediction task on the Pascal VOC dataset [Everingham et al.,
2010], in which multiple labels need to be predicted simultaneously and for which a sub-
modular loss over labels is to be minimized. Figure 4.8 shows example images from the
dataset, including three categories i.e. people, tables and chairs. If a subsequent prediction
task focuses on detecting “people sitting around a table”, the initial multilabel prediction
should emphasize that all labels must be correct within a given image. This contrasts with
a traditional multi-label prediction task in which a loss function decomposes over the indi-
vidual predictions. The misprediction of a single label, e.g. person, will preclude the chance
to predict correctly the combination of all three labels. This corresponds exactly to the
property of diminishing returns of a submodular function.

While using classic modular losses such as 0-1 loss, the classifier is trained to minimize
the sum of incorrect predictions, so the complex interaction between label mispredictions is
not considered. In this work, we use a new submodular loss function and apply the Lovasz
hinge to enable efficient convex risk minimization. In his experiment, we choose the most
common combination of three categories: person, chairs and dining table. Objects labeled
as difficult for object classification are not used in our experiments.

For the experiments, we repeatedly sample sets of images containing one, two, and
three categories. The training/validation set and testing set have the same distribution.
For a single iteration, we sample 480 images for the training/validation set including 30
images with all labels, and 150 images each for sets containing zero, one, or two of the
target labels. More than 5,000 images from the entire dataset are sampled at least once as
we repeat the experiments with random samplings to compute statistical significance. In
this task, we first define the submodular loss function as follows:

1 ~
AZ(Z/? g) = min <lmaX7 <57 ZCDy>> (473)

where © is the Hadamard product, /.« is the maximal risk value, 5 > 0 is a coefficient
vector of size p that accounts for the relative importance of each category label. lmax < |51
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Test
As 0-1
L | 0.4371£0.0045 | 0.9329 £ 0.0097
21 0-1 | 0.5091+0.0023 | 0.8320 + 0.0074
=] S 0.4927 £ 0.0067 0.8731 £ 0.0073
M | 0.4437 £+ 0.0034 1.0010 £ 0.0080
Test
Ag 0-1
L | 0.9447 +0.0069 | 0.8786 + 0.0077
-5 0-1| 0.9877+0.0044 | 0.8173 +0.0061
=] S 0.9784 £ 0.0052 0.8337 £ 0.0054
M | 0.9718 +0.0041 0.9425 + 0.0054

Table 4.3: For the VOC multilabel prediction task, the cross comparison of average loss
values (with standard error) using submodular loss as in Equation (4.7.3) and Equa-
tion (4.7.4), as well as 0-1 loss during training and during testing.

ensures the function is strictly submodular. This function is an analogue to the submodular
increasing function in Sec. 4.4.3. In this VOC experiments, we order the category labels as
person, dining table and chair. We set lymax = 1.3 and 5 = [1 0.5 0.2].

We have additionally carried out experiments with another submodular loss function:
1—y®g>

> (4.7.4)

gl ) =1 — exp (—[T)) + </3,
where I = {j|§/ # 3’} is the set of mispredicted labels. The first part, 1 — exp (—|I|), is
a concave function depending only on the size of I, as a consequence it is a submodular
function; the second part is a modular function that penalizes labels proportionate to the
coefficient vector 3 as above. The results with this submodular loss are shown in Table 4.3.
We additionally train and test with the 0-1 loss, which is equivalent to an SVM.
We compare different losses employed during training and during testing. M and S
denote the use of the submodular loss with margin and slack rescaling, respectively. The
empirical results with this submodular loss are shown in Table 4.3.

4.7.4 MS COCO Multilabel Prediction

In this section, we consider the multi-label prediction task on Microsoft COCO dataset. On
detecting a dinner scene, the initial multi-label prediction should emphasize that all labels
must be correct within a given image, while MS COCO provides more relating categories
e.g. people, dinning tables, forks or cups. Submodular loss functions coincides with the fact
that misprediction of a single label, e.g. person, will preclude the chance to predict correctly
the combination of all labels. Figure 4.9 shows example images from the Microsoft COCO
dataset [Lin et al., 2014].
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(a) (b) ©

Figure 4.9: Examples from the Microsoft COCO dataset. Figure 4.9(a) contains all the
categories of interest (cf. Section 4.7); Figure 4.9(b) contains dining table, fork and cup;
Figure 4.9(c) is not a dining scene but contains people.

The Microsoft COCO dataset [Lin et al., 2014] is an image recognition, segmentation,
and captioning dataset. It contains more than 70 categories, more than 300,000 images
and around 5 captions per image. We have used frequent itemset mining [Uno et al., 2004]
to determine the most common combination of categories in an image. For sets of size 6,
these are: person, cup, fork, knife, chair and dining table.

For the experiments, we repeatedly sample sets of images containing & (k = 0,1,2,--- ,6)
categories. The training/validation set and testing set have the same distribution. For a sin-
gle iteration, we sample 1050 images for the training/validation set including 150 images
each for sets containing k (k = 0,1,2,--- ,6) of the target labels. More than 12,000 images
from the entire dataset are sampled at least once as we repeat the experiments to compute
statistical significance.

In this task, we first use a submodular loss function as follows:

Ay(y,g) =1 —exp (—alI|) (4.7.5)

where I = {j|y’ # 3/} is the set of mispredicted labels. 1 —exp (—|I|), is a concave function
depending only on the size of I, as a consequence it is a submodular function, « is a positive
coefficient that effect the increasing rate of the concave function thus the submodularity of
the set function. In the experiment we set o« = 1 (cf. Table 4.4).

We have also carried out experiments with the submodular loss function used in VOC
experiments:

(4.7.6)

As(y,9) :=1—exp (—|I|) + <5’ 1—y®?]>

2
where we set 8 = [1 0.8 0.7 0.6 0.5 0.4]7 according to the size of the object that we order
the category labels as person, dining table, chair, cup, fork and knife (cf. Table 4.4).

cluster-label loss In addition, we use another submodular loss, which is a concave over
modular function, as follows,
Ag(y,7) := /m(I) 4.7.7)
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where m is a modular function for which the values on each element is defined as

m({j}) = > [j € 4]. (4.7.8)
AeF

where the F' is the set of frequent itemsets that has been pre-calculated among training
samples. This loss gives a higher penalty for mispredicting clustered labels that frequently
co-occur in the training set (cf. Table 4.4). While the diminishing returns property of sub-
modularity yields the correct cluster semantics: if we already have a large set of mispred-
ctions, the joint prediction is already poor and an additional misprediction has a lower
marginal cost.

We compare different losses employed during training and during testing. We also train
and test with the 0-1 loss, which is equivalent to an SVM. M and S denote the use of the
submodular loss with margin and slack rescaling, respectively. As this optimization is NP-
hard, we have employed the simple application of the greedy approach as is common in
(non-monotone) submodular maximization (e.g. [Krause and Golovin, 2014]).

We repeated each experiment 10 times with random sampling in order to obtain an
estimate of the average performance. Table 4.4 shows the cross comparison of average
loss values (with standard error) using different loss functions during training and during
testing for the COCO dataset.

4.7.5 Empirical Results

From the empirical results in Table 4.1, Table 4.2, Table 4.3 and Table 4.4, we can see
that training with the same submodular loss functions as used during testing yields the
best results. Slack and margin rescaling fail due to the necessity of approximate inference,
which results in a poor discriminant function. By contrast, the Lovasz hinge yields the best
performance when the submodular loss is used to evaluate the test predictions. We do not
expect that optimizing the submodular loss should give the best performance when the 0-1
loss is used to evaluate the test predictions. Indeed in this case, the Lovasz hinge trained
on 0-1 loss corresponds with the best performing system.

Figure 4.10(a) and Figure 4.10(b) show for the two submodular functions the primal-
dual gap as a function of the number of cutting-plane iterations using the Lovasz hinge
with submodular loss, as well as for a SVM (labeled 0-1), and margin and slack rescaling
(labeled M and S). This demonstrates that the empirical convergence of the Lovasz hinge
is at a rate comparable to an SVM, and is feasible to optimize in practice for real-world
problems.

4.8 Discussion

In this work, we have introduced a novel convex surrogate loss function, the Lovasz hinge,
which makes tractable for the first time learning with submodular loss functions. In contrast
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4.8. Discussion

Test
Ay 0-1
L | 0.55674+0.0057 | 1.4295+0.0194
21 0-1| 0.5729£0.0060 | 1.3924 +0.0195
= S | 0.5875+0.0065 | 1.494040.0233
M | 0.5820 +0.0063 | 1.4802 + 0.0233
Test
As 0-1
L |1.3767+0.0143 | 1.3003 £0.0176
£ 10-1| 1.3813+£0.0135 | 1.2975 +0.0152
H| S | 1.4711+0.0153 | 1.3832+0.0156
M | 1.4811+0.0117 | 1.4016 +0.0136
Test
Ag 0-1
L |0.6141+0.0048 | 1.2504 +0.0106
£ 10-1| 0.6224£0.0048 | 1.2461 +0.0115
S| S | 0.6700+0.0051 | 1.3789 =+ 0.0150
M | 0.6723£0.0051 | 1.3787 +0.0123

Table 4.4: For the MS COCO prediction task, the comparison of average loss values (with
standard error) using the submodular losses as in Equation (4.7.5), Equation (4.7.6) and
Equation (4.7.7), as well as 0-1 loss during training and during testing.

to margin and slack rescaling, computation of the gradient or cutting plane can be achieved
in O(plogp) time. Margin and slack rescaling are NP-hard to optimize in this case, and
furthermore deviate from the convex closure of the loss function (4.1).

We have proven necessary and sufficient conditions for margin and slack rescaling to
yield tight convex surrogates to a discrete loss function. These conditions are that the
discrete loss be a (properly scaled) increasing function. However, it may be of interest to
consider non-increasing functions in some domains. The Lovdasz hinge can be applied also
to non-increasing functions.

We have demonstrated the correctness and utility of the Lovasz hinge on different tasks.
We have shown that training by minimization of the Lovasz hinge applied to multiple sub-
modular loss functions, including the popular Jaccard loss, results in a lower empirical test
error than existing methods, as one would expect from a correctly defined convex surrogate.
As predicted by the theory, optimizing the submodular loss with the Lovasz hinge yields the
best performance when evaluating performance using the same loss. Similarly optimizing
Hamming loss during training yields the best performance with respect to Hamming loss at
test time. Slack and margin rescaling both fail in practice as approximate inference does
not yield a good approximation of the discriminant function. The causes of this have been
studied in a different context in [Finley and Joachims, 2008], but are effectively due to (i)
repeated approximate inference compounding errors, and (ii) erroneous early termination
due to underestimation of the primal objective. We empirically observe that the Lovasz
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Figure 4.10: The primal-dual gap as a function of the number of cutting-plane iterations
using the Lovdasz hinge with submodular loss, a SVM (labeled 0-1), and margin and slack
rescaling with greedy inference (labeled M and S). Figure 4.10(a) for the experiment using
Equation (4.7.5) and Figure 4.10(b) for Equation (4.7.6). This demonstrates that empirical
convergence of the Lovdsz hinge is at a rate comparable to an SVM, and is feasible to
optimize in practice for real-world problems.

hinge delivers much better performance by contrast, and makes no approximations in the
subgradient computation. Exact inference should yield a good predictor for slack and mar-
gin rescaling, but sub-exponential optimization only exists if P=NP. Therefore, the Lovasz
hinge is the only polynomial time option in the literature for learning with such losses.

The introduction of this novel strategy for constructing convex surrogate loss functions
for submodular losses points to many interesting areas for future research. Among them
are then definition and characterization of useful loss functions in specific application areas.
It is known that an arbitrary set function can be written as the difference of two submod-
ular functions, which leads to the question of optimizing such functions by bounding the
submodular and supermodular components by different convex surrogates. Furthermore,
theoretical convergence results for a cutting plane optimization strategy are of interest. A
result of this kind may imply a convergence result for cutting plane minimization of sub-
modular functions, which is of general interest and a known open problem in submodular
optimization [Fujishige, 2005; Schrijver, 2002].
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Overview In this chapter, a novel generic convex surrogate for general non-modular loss
functions is introduced, which provides for the first time a tractable solution for loss func-
tions that are neither supermodular nor submodular. This convex surrogate is based on a
submodular-supermodular decomposition for which the existence and uniqueness is proven
in this chapter. It takes the sum of two convex surrogates that separately bound the super-
modular component and the submodular component using slack-rescaling and the Lovasz
hinge, respectively. It is further proven that this surrogate is convex, piecewise linear, an ex-
tension of the loss function, and the subgradient computation is polynomial time. Empirical
results are reported on a non-submodular loss based on the Sgrensen-Dice difference func-
tion, and a real-world face track dataset with tens of thousands of frames, demonstrating
the improved performance, efficiency, and scalability of the novel convex surrogate.
The work presented in this chapter is based on the following paper:
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e Jiagian Yu and Matthew B. Blaschko. A convex surrogate operator for general non-
modular loss functions. International Conference on Artificial Intelligence and Statis-
tics, volume 51 of Journal of Machine Learning Research, pages 1032-1041, 2016

5.1 Introduction

Alternatives to the Hamming loss are frequently employed in the discriminative learning
literature: [Cheng et al., 2010] uses a rank loss which is supermodular; [Petterson and
Caetano, 2011] uses a non-submodular loss based on F-score; [Doppa et al., 2014] uses
modular losses e.g. Hamming loss and F1 loss which is non-submodular; and losses that
are nonmodular are common in a wide range of problems, including Jaccard index based
losses [Blaschko and Lampert, 2008; Everingham et al., 2010; Nowozin, 2014], or more
general submodular-supermodular objectives [Narasimhan and Bilmes, 2005].

We have demonstrated in previous chapters polynomial time convex surrogates for su-
permodular losses [Tsochantaridis et al., 2005] and submodular losses [Yu and Blaschko,
2015b], but not for more general non-modular losses. We may perform approximate infer-
ence in polynomial time via a greedy optimization procedure to compute a subgradient or
cutting plane of a convex surrogate for a general increasing function, but this leads to poor
performance of the training procedure in practice [Finley and Joachims, 2008; Joachims
et al., 2009]. A decomposition-based method for a general set function has been proposed
in the literature [Iyer and Bilmes, 2012], showing that under certain conditions a decom-
position into a submodular plus a supermodular function can be efficiently found. Other
relevant work includes the hardness results on submodular Hamming optimization and its
approximation algorithms [Gillenwater et al., 2015].

In this chapter, we propose a novel convex surrogate for general non-modular loss func-
tions, which is solvable for the first time for non-supermodular and non-submodular loss
functions. In Section 5.2, we define a decomposition for a general non-modular loss func-
tion into supermodular and submodular components (Section 5.3), propose a novel convex
surrogate operator based on this decomposition (Section 5.4), and demonstrate that it is
convex, piecewise linear, an extension of the loss function, and for which subgradient com-
putation is polynomial time (Section 5.4.2). In Section 5.5, we introduce the Sgrensen-Dice
loss, which is neither submodular nor supermodular. In Section 5.6 we demonstrate the
feasibility, efficiency and scalability of our convex surrogate with the Sgrensen-Dice loss on
a synthetic problem, and a range of non-modular losses on a real-world face-track dataset
comprising tens of thousands of video frames.

5.2 A Submodular-Supermodular Decomposition

In this section, we will study on a submodular-supermodular decomposition for general set
functions. As in previous chapter, we always consider that the loss function as a set function
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Ay, ) = (({ily" # §'}).
Definition 5.1. A set function { is non-negative if £(A) — ¢(0) > 0, VA C V.

We denote the set of all set functions as . We consider ¢ is non-negative, which we
will denote ¢ € F;. We denote the set of all submodular functions as S, and the set of all
supermodular functions as G.

To recall, we say that a set function ¢ is symmetric if /(A) = ¢(|A|) for some function
¢ : Z* — R; a symmetric set function ¢ is submodular if and only if ¢ is concave [Bach,
2013, Proposition 6.1]; a set function ¢ : P(V) — R is increasing if and only if for all
subsets A C V and elements x € V' \ A, ((A) < (AU {z}).

We note that the set of increasing supermodular functions is identical to G,. We will
propose a convex surrogate operator for a general non-negative loss function, based on the
fact that set functions can always be expressed as the sum of a submodular function and a
supermodular function:

Proposition 5.1. For all set functions ¢, there always exists a decomposition into the sum of a
submodular function f € S and a supermodular function g € G:

l=f+g (5.2.1)
A proof of this proposition is given in [Narasimhan and Bilmes, 2005, Lemma 4].

Proposition 5.2. For an arbitrary decomposition ¢ = f + g where g is not increasing, there
exists a modular function my s.t.

0= (f—mg)+ (g+my) (5.2.2)
with f = f — mg € S, and g := g+ my € G, is increasing.

Proof. Any modular function can be written as

mg(A) = w; (5.2.3)
jEA
for some coefficient vector w € RIVI (see Theorem 2.3 in Chapter 2). For each j € V, we
may set
wj = —min g(AU{7}) — g(A). (5.2.4)

The resulting modular function will ensure that g + m, is increasing (cf. Definition 2.3 in
Chapter 2 Section 2.1). O

This proof indicates that a decomposition ¢/ = f + g is not-unique due to a modular
factor. We subsequently demonstrate that decompositions can vary by more than a modular
factor:
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Proposition 5.3 (Non-uniqueness of decomposition up to modular transformations.). For
any set function, there exist multiple decompositions into submodular and supermodular com-
ponents such that these components differ by more than a modular factor:

df1, f2 €S8, g1,92 € G, such that,
(U= fitg = fo+92) A(g1 +myg, # g2+ myg,) (5.2.5)

where A denotes “logical and,” m4, and my, are constructed as in Equations (5.2.3) and (5.2.4).

Proof. Let m be a submodular function that is not modular. For a given decomposition
¢ = f1 4+ g1, we may construct fo := f1 +m and gs := g1 — m. As m is not modular, there is
no modular m; such that gy —m; = g1 — m = go. ]

5.3 A Canonical Decomposition

We will show in this section the unique decomposition for a general non-negative loss start-
ing from any arbitrary submodular-supermodular decomposition, which allows us to define
a convex surrogate operator based on such a canonical decomposition.

In this section, we define an operator D such that ¢g* := D¢ € G is unique and f* := ¢{—
D/ € S is then unique. We have demonstrated in the previous section that we may consider
there to be two sources of non-uniqueness in the decomposition ¢/ = f + ¢g: a modular
component and a non-modular component related to the curvature of g (respectively f).
We define D such that these two sources of non-uniqueness are resolved using a canonical
decomposition ¢ = f* + g*.

Definition 5.2. We define an operator D : F +— G, as

D/ = arg min Z g(A), st.l—geS. (5.3.1)

989+ Jov

We note that minimizing the values of g will simultaneously remove the non-uniqueness
due both to the modular non-uniqueness described in Proposition 5.2, as well as the non-
modular non-uniqueness described in Proposition 5.3. We formally prove this in Proposi-
tion 5.4.

Proposition 5.4. DI is unique for all { € F that have a finite base set V.

Proof. We note that the arg min in Equation (5.3.1) is equivalent to a linear program: g is

uniquely determined by a vector in R2"V!-1 the coefficients of which correspond to g(A) for

all A € P(V)\ 0, and we wish to minimize the sum of the entries subject to a set of linear

constraints enforcing supermodularity of g, non-negativity of g, and submodularity of ¢ — g.
From [Mangasarian, 1979, Theorem 2], an LP of the form

min Ty (5.3.2)
xER4

s.t. Cx>gq (5.3.3)
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has a unique solution if there is no y € R? simultaneously satisfying
Ciy>0, rTy<0, y#0 (5.3.4)

where J = {i|C;z* = ¢;} is the active set of constraints at an optimum z*. We note that as r
is a vector of all ones (cf. Equation (5.3.1)), Ty < 0 constrains y to lie in the non-positive
orthant. However, as the linear program is minimizing the sum of x subject to lower bounds
on each entry of z (e.g. positivity constraints), we know that C;y > 0 will bound y to lie in
the non-negative orthant. This means, at most, these constraints overlap at y = 0, but this
is expressly forbidden by the last condition in Equation (5.3.4). O

Although Equation (5.3.1) is a linear programming problem, we do not consider this
definition to be constructive in general as the size of the problem is exponential in |V| (see
[Iyer and Bilmes, 2012]). However, it may be possible to verify that a given decomposition
satisfies this definition for some loss functions of interest. Furthermore, for some classes of
set functions, the LP has lower complexity, e.g. for symmetric set functions the resulting LP
is of linear size, and loss functions that depend only on the number of false positives and
false negatives (such as the Sgrensen-Dice loss discussed in Section 5.5) result in a LP of
quadratic size.

We finally note that from Equation (3.2.5), for every A(y, -) we may consider its equiv-
alence to a set function ¢ = ¢g* + f*, and denote the resulting decomposition of

into its supermodular and submodular components, respectively.!

5.4 A Convex Surrogate Operator Bp

5.4.1 Definition of Bp

In our analysis of convex surrogates for non-modular loss functions, we will employ several
results for the Structured Output SVM [Tsochantaridis et al., 2005], which assumes that
a structured prediction is made by taking an inner product of a feature representation of

inputs and outputs: sign(h(x)) = arg max, (w, ¢(x,y)). In the sequel, we consider a feature

P
=1

w € R¥P, Therefore p individual prediction functions parametrized by w’ are simultane-

function such that (w, ¢(x,y)) = (w7, 27)y?. Each w’ is then a vector of length d, and
ously optimized, although we may also consider cases in which we constrain w’/ = w’ Vi, j.
More generally, we may consider h : X — RP, which may have non-linearities, e.g. deep
neural networks.

From previous sections, we have defined a unique decomposition ¢ = g* + f*, we will
use this decomposition to construct a surrogate BA that is convex, piecewise linear, an

!Note that As and A¢ are due to Equation (3.2.5) for f* and ¢* which explicitly depend on D. For simplicity
of notation, we will use Ag instead of Apg, As instead of Aps



Chapter 5. Convex Surrogate Operator for General Non-modular Loss Functions 88

extension of A, and for which subgradient computation is polynomial time. We construct
a surrogate B by taking the sum of two convex surrogates applied to Ag and Ag inde-
pendently. These surrogates are slack-rescaling [Tsochantaridis et al., 2005] applied to Ag
and the Lovasz hinge [Yu and Blaschko, 2015b] applied to Ag, following the notion from
Chapter 4:

SAg(y, h(w)) := max Ay, §) (1 + (h(x), 5) — {h(x), ) (5.4.1)
LAs(y, h(x)) = mgxz s ({m1,- e m) —C{m, - mim ) | (5.4.2)
i=1 .

where (-); = max(+,0), 7 is a permutation,
s™ =1 — h™(x)y™, (5.4.3)
and h™ (z) is the m;th dimension of h(x).

Definition 5.3 (General non-modular convex surrogate). For an arbitrary non-negative loss
function A, we define
BpA :=LAg + SAg (5.4.4)

where Ag and Ag are as in Equation (5.3.5), and D is the decomposition of ¢ defined by
Definition 5.2.

We use a cutting plane algorithm to solve the max-margin problem as shown in Algo-
rithm 5. This is a variant of the classical cutting plane algorithm used in the structured
output SVM. At Line 5 and Line 5, instead of finding one single cutting plane by margin
rescaling constraints or slack rescaling constraints (c.f. Chapter 2, Algorithm 1 and Algo-
rithm 2), we propose the strategy that finding two cutting planes, i.e. finding the most
violated constraints by slack rescaling and Lovasz hinge with the decomposed supermodu-
lar function and the submodular function, respectively. Then we sum up these two cutting
planes so as to form the expected cutting plane for the original regularized optimization
problem.

5.4.2 Properties of Bp

In the remainder of this section, we show that Bp has many desirable properties. Specif-
ically, we show that Bp is closer to the convex closure of the loss function than slack
rescaling and that it generalizes the Lovasz hinge (Theorems 5.1 and 5.2). Furthermore,
we formally show that Bp A is convex (Theorem 5.3), an extenstion of A for a general class
of loss functions (Theorem 5.4), and polynomial time computable (Theorem 5.5).

Lemma 5.1. If{ € G, then f*:={— D¢ € SN G ie. modular.
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Algorithm 5 Cutting plane algorithm

1 Input: (1,91), -+, (T, Yn), C, €
2: ' =0,Vi=1,---,n
3: repeat
4. fori=1,---,ndo
5: yr, = arg maxy Hy(y;) = arg max; LA
6: Us = arg maxy Hg(y;) = argmaxy SAg
7: H(9) = Hp(§r) + Hs(3s)
8: ¢ = max{0, H(y;)}
9: if H(g) > ¢ + ¢ then
10: St = 8" U{y}
11: w < optimize Equation (4.3.3) with constraints defined by U;S*
12: end if

13:  end for
14: until no S* has changed during an iteration
15: return (w,¢)

Proof. First we set { = g, + fm, where f,, is modular and f,,,({j}) = ¢({j}). Then for any
subset S C V we have

f(S) = L({5}) (5.4.5)
JjeSs
gm(S) = €(S) =D _L({5}) (5.4.6)
jES
Y m(S) =) (E(S) - Zﬁ({j})) : (5.4.7)
SCV SCV jes

The sum in Equation (5.4.7) is precisely the sum that should be minimized in Equation (5.3.1).
We now show that this sum cannot be minimized further while allowing f,, to be non-
modular. If there exists any g s.t. f := ¢ — g is submodular but not modular, by definition
there exists at least one subset S; C V and one j € S, such that

FS NG + F{G3) > £(Ss) + £ (D). (5.4.8)

Then by subtracting each time one element from the subset S5, we have

F(Ss) < f(Ss\ {7} + F({i})
< FS\{ay U k) + FHRD + F({5))

<< SN, VRe S\ () (5.4.9)
jESs
which implies
9(8s) > 1(Ss) = > ({5} (5.4.10)

JESs
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By taking the sum of the inequalities as in Equation (5.4.10) for all subsets S, we have that
Do) >y S =D b | =D gm(S)
scv SCv j€Ss scv

which means > gy 9(S) > > gcy gm(S) for any g. By Definition 5.2, g* = g, = DY, thus
f*:=40—-D¢= f, is modular. O]

Lemma 5.2. For a loss function A such that Ag is increasing, we have
SAg = S(A — As) = SA — SAg. (5.4.11)
Proof. By Equation (5.4.1), for every single cutting plane determined by some ¢, we have

S (A(y,9) — As(y, 7))

= (A(y,9) — As(y. 7)) (1 + (h(2),§) — (h(z),y))

= Ay, 7) (1 + (h(z), ) — (h(z),y)) — As(y,§) (1 + (h(2),9) — (h(x),y))

= SA(y,7) — SAs(y, 7). (5.4.12)

As this property holds for all cutting planes, it also holds for the supporting hyperplanes
that define the convex surrogate and S(A — Ag) = SA — SAgs. O

For reminder, we use the definition of an extension as defined in Chapter 4:

Definition 5.4. A convex surrogate function BA(y, -) is an extension when
BA(y,-) = A(y, ) (5.4.13)

on the vertices of the 0-1 unit cube under the mapping to RP: i = {1,...,p}, [u]’ = 1 —
hm(z)y™

Theorem 5.1. If ¢ € G, then BpA > SA over the unit cube given in Definition 5.4, and
therefore Bp is closer to the convex closure of A than S.

Proof. By the definition of the Lovasz hinge L [Yu and Blaschko, 2015b], we know that for
any modular function Ag we have LAgs > SAg over the unit cube. As a result of Lemma 5.1
and Lemma 5.2,we have

BpA =SAg + LAs = S(A — As) + LAg
> SA — SAs + SAs = SA.

Theorem 5.2. If ¢ € S, then BpA = LA
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Proof. For ¢ € S, we construct g* = 0, and f* = ¢ is submodular. By Definition 5.2, g*(V)
is minimum, so g* = D{. Then BpA = LA + S0 = LA O

Theorem 5.3. BpA is convex for arbitrary A.

Proof. By Definition 5.2, BpA is the sum of the two convex surrogates, which is a convex
surrogate. O

Theorem 5.4. BpA is an extension of A if and only if A is non-negative.

Proof. From [Yu and Blaschko, 2015b, Proposition 1], SA is an extension for any super-
modular increasing A; LA is an extension if and only if A is submodular and non-negative
as in this case, L coincides with the Lovasz extenstion [Lovasz, 1983]. By construction
from Definition 5.2 we have Ag and Ag for g € G, and f € S, respectively. Thus Equa-
tion (5.4.13) holds for both SAg and LAgs if As is non-negative. Then BpA taking the
sum of the two extensions, Equation (5.4.13) also holds for every vertex of the unit cube as
A = Ag + Ag, which means Bp is also an extension of A . O

Theorem 5.5. The subgradient computation of BpA is polynomial time given polynomial
time oracle access to f* and g*.

Proof. Given f* and ¢g* we know that the subgradient computation of LAgs and SAg are
each polynomial time. Thus taking the sum of the two is also polynomial time. O

5.5 Sorensen-Dice loss

The Sgrensen-Dice criterion [Dice, 1945; Sgrensen, 1948] is a popular criterion for evalu-
ating diverse prediction problems such as image segmentation [Sabuncu et al., 2010] and
language processing [Rychly, 2008]. In this section, we introduce the Sgrensen-Dice loss
based on the Sgrensen-Dice coefficient. We prove that the Sgrensen-Dice loss is neither
supermodular nor submodular, and we will show in the experimental results section that
our novel convex surrogate can yield improved performance on this measure.

Definition 5.5 (Sgrensen-Dice Loss). Denote P, C V the set of positive labels, e.g. foreground
pixels, the Sgrensen-Dice loss on given a groundtruth y and a predicted output § is defined as

2’PymP§’

- (5.5.1)
|Py| + |P17‘

Proposition 5.5. Ap(y,y) is neither submodular nor supermoduler under the isomorphism
(v,9) = A= {ily’ # 7'}, Ds(y, 9) = L(A).

We will use the diminishing returns definition of submodularity in Definition 2.1 to first
prove the following lemma:
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Figure 5.1: Plots of Equation (5.5.4) (red) and Equation (5.5.5) (blue) as a function of n 4.
As these two plots cross, neither function bounds the other.

Lemma 5.3. Ap restricted to false negatives is neither submodular nor supermoduler.

Proof. With the notation m := |P,| > 0, p := |P; \ P,|, and n := | P, \ P;|, we have that

2m — 2n n+p

A U :1— =
p(y,9) 2m—n-+p 2m-—n-+p

(5.5.2)

For a given groundtruth y i.e. m, we have if B C A, then ng < n4, and pg < pa.
Considering ¢ is an extra false negative, we calculate the marginal gain on A and B
respectively:

Ap(AU{i}) — Ap(A)

__nmatl4pa  natpa (5.5.3)
2m—na—14pa  2m —na +pa

_ 2m + 2pa (5.5.4)
(2m —na+pa—1)(2m —na+pa)

Ap(BU{i}) — Ap(B)

- 2m + 2P (5.5.5)

(2m —np+pp—1)2m —np+pp)

Numerically, we have following counter examples which prove that Ap restricted to false
negatives is neither submodular nor supermodular. We set m = 10, ng = [1 : 8], np =
nga—1 < ng, pa =8, pg = 5 < pa, and we plot the values of Equation (5.5.4) and
Equation (5.5.5) as a function of n4. We can see from Figure 5.1 that there exists a cross
point between these two plots, which indicates that submodularity (Definition 2.1) does
not hold for Ap or its negative. O

Lemma 5.3 implies Proposition 5.5 as the restriction of a submodular function is itself
submodular.
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Figure 5.2: The data for the synthetic problem. The negative samples are drawn from a
mixture of Gaussians.

5.6 Experimental Results

We demonstrate the correctness and feasibility of the proposed convex surrogate on experi-
ments using Dice loss, as well as on a face classification problem from video sequences with
a family of non-modular losses.

5.6.1 Dice Loss

We test the proposed surrogate on a binary set prediction problem. Two classes of 2-
dimensional data are generated by different Gaussian mixtures as shown in Fig 5.2. We
use the Bp during training time with the non-modular loss A, to construct a convex surro-
gate. We compare it to slack rescaling S with an approximate optimization procedure based
on greedy maximization. We additionally train an SVM (denoted 0-1 in the results table)
for comparison. During test time, we evaluate with Ap and with Hamming loss to calculate
the empirical error values as shown in Table 5.1.

We can see from the result that training Ap with Bp yields the best result while using
Ap during test time. Bp performs better than S in both cases due to the failure of the ap-
proximate maximization procedure necessary to maintain computational feasibility [Krause
and Golovin, 2014].

5.6.2 Face Classification in Video Sequences

We also evaluate the proposed convex surrogate operator on a real-world face track dataset [Ev-
eringham et al., 2006, 2009; Sivic et al., 2009]. The frames of the dataset are from the TV
series “Buffy the Vampire Slayer”. This dataset contains 1437 tracks and 27504 frames in
total.
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Test
p==~6 Ap 0-1
Bp | 0.1121 £0.0040 | 0.6027 £ 0.0125
0-1 0.1497 + 0.0046 | 0.5370 4+ 0.0114
S 0.3183 + 0.0148 | 0.7313 4+ 0.0209

Table 5.1: For the synthetic data experiment, the cross comparison of average loss values
(with standard error) using different surrogate operations during training, and different
evaluation functions during test time. Ap is the Dice loss as in Equation (5.5.1).

loss functions
A AV Az (Ags negative) | Ay (As negative)
Bp | 0.194 4+ 0.006 | 0.238 + 0.008 0.148 4+ 0.005 0.108 £ 0.004
0-1 | 0.228 4 0.007 0.284 + 0.004 0.144 4+ 0.004 0.107 £ 0.003
S 0.398 £0.015 | 0.243 +0.005 0.143 + 0.006 0.106 + 0.003

Table 5.2: For the face classification task, the cross comparison of average loss values (with
standard error) using different surrogate operator and losses as in Equation (5.6.1) to Equa-
tion (5.6.4) during training, respectively. For the cases that the submodular component is
non-negative, i.e. using A; and A, the lowest empirical error is achieved when using Bp.

(a) (b) (©

Figure 5.3: Examples of the face track images. Figure 5.3(a) shows the “Buffy” role thus a
positive-labelled image and Figure 5.3(b) shows a negative-labelled image. An automated
pipeline described in Everingham et al. [2006, 2009]; Sivic et al. [2009] was used for
feature extraction (Figure 5.3(c)).
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Figure 5.4: The plot of the four loss functions used in our experiments as in Equa-

tions (5.6.1) to (5.6.4). The z axis is the number of mispredictions for each track (we show
here the loss functions corresponding to track length equal to 10 as an example), and the
y axis is the value of loss function. The original losses are drawn in red; the supermodular
components are drawn in green, and the submodular components in blue.

We focus on a binary classification task to recognize the leading role: “Buffy” is positive-

labelled, “not Buffy” is negative-labelled. Example images are shown in Figure 5.3. Each

track is represented as a bag of frames, for which the size of the tracks varies from 1 frame

to more than 100 frames, and each image is represented as a Fisher Vector Face descriptor

of dimension 1937.



Chapter 5. Convex Surrogate Operator for General Non-modular Loss Functions 96

Loss functions We have used different non-supermodular and non-submodular loss func-
tions in our experiments as shown in Equations (5.6.1) to (5.6.4):

Aq(y,y) = min <\I|, |Z|, I — |Z3/|> (5.6.1)
Bafy3) = win (10, 2,1 - 2.0 5.6
o)< i (e (o1 1), 1) .
A4(y, §) = min <max <o, I - ’g') ,a> (5.6.4)

ly| gives the length of each sequence, I = {i|y’ # §'} gives the set of incorrect prediction
elements; « is a parameter that allows us to define the value of ¢(V'). Due to the fact that
the size of the tracks varies widely, we further normalize the loss function with respect to
the track size. We use « = 2 for Ay and o = 0.5 for Ay in the experiments.

As we can see explicitly in Figure 5.4, no A is supermodular or submodular (plotted
in red, with legends ¢). A, Ay and Ajg are increasing loss functions, while A4 is non-
increasing. For A; and A,, we notice that the values of the set functions on a single element
are non-zeroi.e. (1({j}) > 0, ¢2({j}) > 0, Vj € V; while for the loss A3 and A, these values
are zero i.e. (3({j}) = l4({j}) =0, Vj € V.

These non-modular functions are motivated by the fact that in a sequence of frames,
the roles that appear in the scene should maintain certain continuity, thus the penalization
on the misprediction doesn’t need to be linear with respective to the size of misprediction,
which is equivalent to have different submodularity of the loss function that is to be mini-
mized.

Figure 5.4 shows the corresponding decomposition of each loss into the supermodular
componendts (plotted in green, with legends ¢g) and submodular components (plotted in
blue, with legends f) as specified in Definition 5.2. We denote each loss function as ¢ =
fr + g, for k ={1,2,3,4}.

By construction, all supermodular g, for £ = {1,2, 3,4}, are non-negative increasing.
For the submodular component, f; is non-negative increasing, f> is non-negative and non-
increasing, while f5 and f, are both non-positive decreasing.

We compare different convex surrogates during training for these non-modular func-
tions. And we additionally train on the Hamming loss (labelled 0-1) as a comparison. As
training non-supermodular loss with slack rescaling is NP-hard, we have employed the sim-
ple application of the greedy approach as in Krause and Golovin [2014].

Empirical results For each experiment, we use 30% of the dataset for training, 30% for
validation and the rest for testing. We retrain on the training/validation set and finally
test on the testing dataset. 10-fold-cross-validation has been carried out and we obtain an
average performance and standard error as shown in Table 5.2.
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Figure 5.5: The primal-dual gap as a function of the number of cutting-plane iterations
using different convex surrogates for the four non-modular functions in Equations (5.6.1)
to (5.6.4). The primal-dual gap from Bp is drawn in red; the gap from S is drawn in green
and gap from Hamming loss (labelled 0-1, and equivalent to a SVM) in blue. Our convex
surrogate operator Bp can achieve a comparable convergence rate to an SVM, demonstrat-
ing that optimization is very fast in practice and the method scales well to large datasets.



Chapter 5. Convex Surrogate Operator for General Non-modular Loss Functions 98

p=10 p =250 p =100
Bp | 0.002 +0.000 | 0.018 +0.003 | 0.060 % 0.008
S | 0.002 £ 0.000 | 0.016 +0.002 | 0.057 & 0.002

Table 5.3: The comparison of the computation time (s) for one loss augmented inference.

From Table 5.2 we can see that when the submodular component of the decomposition
is non-negative, i.e. in the case of using A; and A,, the lowest empirical error is achieved
by using our convex surrogate operator Bp.

Figure 5.5 shows the primal-dual gap as a function of the cutting plane iterations for
each experiment using different loss functions and different convex surrogate operators
(more than one training procedure are plotted). We can see that in all cases, the con-
vergence of Bp is at a rate comparable to an SVM, supporting the wide applicability and
scalability of the convex surrogate. We have also compared the expected time of one loss
augmented inference. Table 5.3 shows the comparison using A; with Bp and S. As the
cost per iteration is comparable to slack-rescaling, and the number of iterations to conver-
gence is also comparable, there is consequently no computational disadvantage to using the
proposed framework, while the statistical gains are significant.

5.7 Discussion

The experiments have demonstrated that the proposed convex surrogate is efficient, scal-
able, and reduces test time error for a range of loss functions, including the Sgrensen-Dice
loss, which is a popular evaluation metric in many problem domains. We see that slack
rescaling with greedy inference can lead to poor performance for non-supermodular losses.
This is especially apparent for the results of training with A;, in which the test-time loss
was approximately double that of the proposed method. Similarly, ignoring the loss function
and simply training with 0-1 loss can lead to comparatively poor performance, e.g. A; and
As. This clearly demonstrates the strengths of the proposed method for non-modular loss
functions for which a decomposition with a non-negative submodular component is possi-
ble (A; and A,, but not Az or A4). The characterization and study of this family of loss
functions is a promising avenue for future research, with implications likely to extend be-
yond empirical risk minimization with non-modular losses as considered in this paper. The
primal-dual convergence results empirically demonstrate that the loss function is feasible
to apply in practice, even on a dataset consisting of tens of thousands of video frames. The
convex surrogate is directly amenable to other optimization techniques, such as stochastic
gradient descent [Bottou and Bousquet, 2008], or Frank-Wolfe approaches [Lacoste-Julien
et al., 2013], as well as alternate function classes including neural networks.

In this work, we have introduced a novel convex surrogate for general non-modular
loss functions. We have defined a decomposition for an arbitrary loss function into a su-
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permodular non-negative function and a submodular function. We have proved both the
existence and the uniqueness of this decomposition. Based on this decomposition, we have
proposed a novel convex surrogate operator taking the sum of two convex surrogates that
separately bound the supermodular component and the submodular component using slack-
rescaling and the Lovasz hinge, respectively. We have demonstrated that our new operator
is a tighter approximation to the convex closure of the loss function than slack rescaling,
that it generalizes the Lovasz hinge, and is convex, piecewise linear, an extension of the
loss function, and for which subgradient computation is polynomial time. Open-source
code of ¢, regularized risk minimization with this operator is available for download from
https://github.com/yjq8812/aistats2016.


https://github.com/yjq8812/aistats2016
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6.1 Contributions

This thesis studies the interface between discrete optimization, combinatorial optimization
and continuous optimization, in particular using statistical learning theory for structured
prediction problems. Non-modularity is one of the fundamental analysis tools in structured
prediction. Viewing the outcome as a joint set prediction is then essential so as to better
incorporate real-world circumstances.

In this thesis, we proposed tractable and efficient methods for dealing with supermod-
ular loss functions, submodular loss functions as well as in general non-modular loss func-
tions, with correctness and scalability validated by empirical results. A list of non-modular
loss functions that have been derived in this thesis is shown in Table 6.1. The structure of
the contributions of this thesis is shown in Figure 6.1.

Supermodular loss functions First, in Chapter 3, we proposed a novel supermodular loss
functions that penalizes more on the neighboring pixels that are both mispredicted. We ap-
plied a 8-connected graph structure for which the isomorphism to a supermodular function
is not the same as from the inference term. More generally, the structure of the loss function
is not necessary the same as the inference term, thus it will be non-trivial to solve the loss
augmented inference problem. In this work, we proposed an ADMM-based framework to
solve the loss augmented inference problem that only depends on two individual solvers for
the loss function term and for the inference term as two independent subproblems. In this
way, we can achieve more flexibility in choosing our loss function of interest. For an image
segmentation task, we showed that the novel supermodular loss function can empirically

101
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Loss Functions Non-modularity Chapter
8- connected loss:
kg =k a1y~

Z £V Z W #9" Ny #91; supermodular Chapter 3

Jj=1 (k,1)€E,
Square loss:

) b o i\2
Aly,y) = (ijl[y] # yﬂ]) ;
Ay 9) = Xy e min (Sio [y # 57), §);
A(y, ) = min (lma)n </87 = y®y>>, Imax < [|Bll1 5
Aly,g) =1 - exp ( @ Zj:l[yj 7 ;&]]>; submodular Chapter 4
(v,

g)=1—exp ( Z;;ﬂyj # ﬂ]]) + <B’ 1_%@%
Jaccard loss:

AJ(yvg) =1-

cluster-label loss:

‘Pympzﬂ.
‘Pyupﬂ ?

(v,9) = Vm ({jly! # 57}),m({7}) = X acpli € Al;
Ay, §) =min(37_ [y7 # 71, lyl/3, 51 [ # @1 = 1yl/3);
Aly,g) = min(30_ [y # 671, yl/4, 20 [y # 7] — |yl /4, 0)
Ay, ) = n(maX(O, Sy #6) — 1yl/3), 1yl/3); neither submodular

' ' Chapter 5

A(y, §) = min(max(0, > 27_, [y? # #°] — y[/3), ); nor supermodular
Dice loss:
Ap(y§) =1 -t

Table 6.1: A summary of loss functions that appeared in this thesis, on given a groundtruth
y and a predicted output ¢, «, 3, v and Inax are real-valued parameters, F' is the set of

frequent itemsets.
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Chapter 5
General losses:
Submodular-supermodular decomposition

Chapter 4 Chapter 3
Submodular losses: Supermodular losses:

Lovasz hinge ADMM framework for LAI

Figure 6.1: The structure of the contribution of this thesis in a Venn diagram related to the
submodularity of the loss functions.

achieve better performance on the boundary of the objects, finding elongated structures
such as legs and heads, which we have validated on a binary segmentation task.

Submodular loss functions Second, in Chapter 4, we proposed a novel convex surro-
gate loss function, the Lovasz hinge, which provides for the first time in the literature a
polynomial-time feasible solution for training with submodular loss functions. The compu-
tation of the gradient or cutting plane can be achieved in O(plogp) time. We showed that
the Jaccord loss which is based on the intersection over union score, a popular evaluation
criterion in computer vision tasks, is a submodular function with respect to the set of mis-
predictions. We have proven the correctness and feasibility of the Lovasz hinge in learning
different submodular loss functions, including Jaccard loss, a cluster-label loss and others,
on various tasks, including multilabel prediction tasks on the Pascal VOC and the MS COCO
datasets. We showed that for submodular loss functions, training with the Lovéasz hinge
achieves lower empirical error value than margin rescaling and slack rescaling, which is
expected from a correctly defined convex surrogate.

General non-modular loss functions Third, in Chapter 5, based on the developments in
the previous chapters, we further extended our work to deal with general non-modular loss
functions. Given a loss function that is neither submodular nor supermodular, we proposed
to decompose this function into an unique pair of a submodular function plus a supermod-
ular function, under the constraint that the supermodular function has minimum values.
We have proven formally the existence and uniqueness of this constrained decomposition.
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Based on this, we are able to introduce a novel surrogate function, that uses slack rescaling
on the supermodular function, and the Lovasz hinge on the submodular function. We are
unaware of previous methods in the literature that provide a convex surrogate to such a
wide range of non-modular loss functions. In addition, we have proven that the Dice loss,
which is defined based on the Dice score, a popular evaluation criterion in computer vi-
sion especially in medical imaging tasks, is neither supermodular nor submodular. We have
demonstrated that our new operator is a tighter approximation to the convex closure of the
loss function than slack rescaling, that it generalizes the Lovasz hinge, and is convex, piece-
wise linear, an extension of the loss function, and its subgradient computation is polynomial
time.

6.2 Publication list

A complete list of publications is as follows:

Top international conferences

e Jiagian Yu and Matthew B. Blaschko. Efficient learning for discriminative segmenta-
tion with supermodular losses. In Proceedings of the British Machine Vision Conference.
BMVA Press, 2016c¢

e Jiagian Yu and Matthew B. Blaschko. A convex surrogate operator for general non-
modular loss functions. In Arthur Gretton and Christian Robert, editors, International
Conference on Artificial Intelligence and Statistics, volume 51 of Journal of Machine
Learning Research: W&CP, pages 1032-1041, 2016a

e Jiagian Yu and Matthew B. Blaschko. Learning submodular losses with the Lovasz
hinge. In Proceedings of the 32nd International Conference on Machine Learning, vol-
ume 37, pages 1623-1631, 2015b

Under submission

e Jiagian Yu and Matthew B. Blaschko. An efficient decomposition framework for dis-
criminative segmentation with supermodular losses. 2017. arXiv:1702.03690

e Jiagian Yu and Matthew B. Blaschko. The Lovasz hinge: A convex surrogate for sub-
modular losses. 2015a. arXiv:1512.07797

National conferences and Workshops

e Jiagian Yu and Matthew B. Blaschko. Efficient learning for discriminative segmen-
tation with supermodular losses. In Women in Machine Learning Workshop (WiML),
Barcelona, Spain, 2016d
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e Jiagian Yu and Matthew B. Blaschko. A convex surrogate operator for general non-
modular loss functions. In Benelearn, Kortrijk, Belgium, 2016b

e Matthew B. Blaschko and Jiagian Yu. Hardness results for structured learning and
inference with multiple correct outputs. In Constructive Machine Learning Workshop
at ICML, Lille, France, July 2015

e Jiagian Yu and Matthew B. Blaschko. Lovasz hinge for learning submodular losses.
In NIPS Workshop on Representation and Learning Methods for Complex Outputs, Mon-
treal, Canada, December 2014
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Appendix A

Résumeé

Cette these aborde le probleme de 'apprentissage avec des fonctions de perte non-modulaires.
Pour les problemes de prédiction, ol plusieurs sorties sont prédites simultanément, les in-
terdépendances dans la perte entre les prédictions peuvent étre exprimées comme étant
des fonctions de perte non séparable. L’affichage du résultat comme un ensemble commun
de prédiction est alors essentiel afin de mieux incorporer les circonstances du monde réel.
Dans la minimisation du risque empirique, nous visons a réduire au minimum une somme
empirique sur les pertes encourues sur I'échantillon fini avec une certaine perte fonction qui
pénalise sur la prévision compte tenu de la réalité du terrain. Dans cette these, nous pro-
posons des méthodes analytiques et algorithmiquement efficaces pour traiter les fonctions
de perte supermodulaires, submodulaires ainsi que des fonctions de perte non modulaires
des fonctions de perte en général. L’exactitude et I'évolutivité sont validées par des résultats
empiriques.

D’abord, nous analysons la faisabilité de l'utilisation d’une sortie structurée des ma-
chines a vecteurs de support (SVM) avec redimensionnement de marge et des fonctions
de perte supermodulaires. Nous présentons la dureté de I'intégration de fonctions de perte
dans le terme supermodular inférence lorsqu’ils ont des structures graphiques différents.
Nous avons ensuite introduit une méthode de décomposition pour la perte d’inférence aug-
mentée. Le principe est basé sur la méthode d’orientation alternée des multiplicateurs, qui
ne dépend que de deux solveurs individuels pour la fonction de perte et pour l'inference
comme deux sous-problémes independants. De cette facon, nous acquérons une méthode
algorithmiquement plus efficace permettant d’obtenir plus de flexibilité dans le choix de nos
fonctions de perte d’intéréts.

Deuxiemement, nous démontrons la nécessité d’utiliser des fonctions de perte submod-
ulaires en problemes de la prédiction structurés. L’apprentissage avec fonctions submodu-
laires n’a pas été suffisamment développé. Nous avons prouvé que le redimensionnement
de la marge et le redimensionnement de mou dans menent a des substituts, convexe si
et seulement si la fonction de perte augmentation en fonction du nombre de prédictions
incorrectes. Cependant, le calcul du gradient ou la méthode des plans sécants pour ces
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fonctions non-supermodulaire est NP-difficile. En conséquence, nous proposons une nou-
velle fonction de substitution pour ces pertes submodulaires, la Lovasz hinge, qui conduit
a une compléxité en O(plogp) avec O(p) oracle pour la fonction de perte pour calculer un
gradient ou méthode de coupe. Nous valider 'exactitude de la Lovdsz hinge sur diverses
taches. Nous montrons que pour les fonctions de perte submodulaires, la formation avec
le Lovész hinge réalise une erreur empirique inférieure a la valeur du redimensionnement
de la marge et du redimensionnement de mou. Ce résultat est conforme di au fait que le
convexe est définit correctement comme substitut.

Enfin, sur la base des contributions précédentes, nous introduisons un nouvel opérateur
de fonction de substitution convexe pour des fonctions de perte non-modulaires, qui fournit
pour la premiere fois une solution facile pour les pertes qui ne sont ni supermodulaires
ni submodulaires. Cet opérateur est basé sur une décomposition canonique submodulaire-
supermodulaire. De plus, il est prouvé que cet opérateur est linéaire par morceaux, convexe,
une extension de la fonction de perte, et pour lesquels le calcul du subgradient est en temps
polynomial. Nous prouvons aussi que la perte de Dice, qui est définie en fonction de I'indice
de Sgrensen-Dice, n’est ni supermodular ni submodular. Les résultats empiriques utilisant la
perte de la Sgrensen-Dice et un ensemble de fonctions de perte non-modulaires démontrent
I'amélioration de la performance, l'efficacité algorithmiquement et I'évolutivité du nouveau
substitut convexe.
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