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On Iteratively Reweighted Algorithms for Nonsmooth Nonconvex Optimization
in Computer Vision∗
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Abstract. Natural image statistics indicate that we should use nonconvex norms for most regularization tasks
in image processing and computer vision. Still, they are rarely used in practice due to the challenge of
optimization. Recently, iteratively reweighed �1 minimization (IRL1) has been proposed as a way to
tackle a class of nonconvex functions by solving a sequence of convex �2-�1 problems. We extend the
problem class to the sum of a convex function and a (nonconvex) nondecreasing function applied to
another convex function. The proposed algorithm sequentially optimizes suitably constructed convex
majorizers. Convergence to a critical point is proved when the Kurdyka–�Lojasiewicz property and
additional mild restrictions hold for the objective function. The efficiency and practical importance
of the algorithm are demonstrated in computer vision tasks such as image denoising and optical flow.
Most applications seek smooth results with sharp discontinuities. These are achieved by combining
nonconvexity with higher order regularization.
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1. Introduction. In the last decade we have seen a strong interest in the development of
efficient first-order algorithms for minimizing structured convex optimization problems [61, 8,
28, 23, 62]. Nowadays, we have algorithms at hand that can be applied to efficiently solve
convex optimization problems frequently arising in computer vision, signal processing, and
machine learning problems.

However, while most of these problems can be modeled with sufficient accuracy using
convex objective functions, it is also well known that certain desirable modeling aspects, such
as the robustness to noise and the recovery of sparse and discontinuous signals, require the
use of nonconvex objective functions. The goal of this paper is therefore to develop efficient
optimization algorithms that can be applied to a certain class of nonsmooth and nonconvex
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Figure 1. Nonconvex prototype functions for F2.

objective functions of the form

(1) min
x∈X

F1(x) + F2(G(x)) ,

where F1 is a convex function, G is a coordinatewise convex function, and F2 is nonconvex.
Figure 1 shows nonconvex functions F2 that are particularly interesting in applications. The
structure of (1) differs from related convex problems, for which efficient algorithms are avail-
able, only in F2 ◦ G possibly being nonconvex. One would expect that such a strong analogy
can be exploited. Indeed, for the algorithm we propose in this paper we can show some favor-
able properties, including convergence of the function values and, under more assumptions,
convergence of the sequence of arguments. The numerical analysis demonstrates efficiency
and robustness towards local optima. At the same time, the algorithm allows us to deal with
several interesting nonconvex problems in image processing.

The proposed algorithm is in the fashion of classical majorization-minimization algorithms.
It generates and solves a sequence of convex optimization problems. The nonconvex part F2

is at each iteration approximated by means of a majorizing convex surrogate function. Then
the resulting convex optimization problem is solved. As a matter of fact, the convex surrogate
function has a structure that is amenable to efficient first-order methods for structured convex
optimization.

Although the convex subproblems are known to converge, it is not trivial to prove the
convergence for the overall nonconvex problem. We show two convergence results. The first
establishes convergence for a subsequence of the sequence generated by our algorithm. This
result is easy to obtain and mainly stems from the fact that majorization-minimization al-
gorithms generate a sequence of nonincreasing function values. The second result states the
convergence of the whole sequence. It requires a more sophisticated analysis and more as-
sumptions, such as Lipschitz continuity of the gradient of F2. For a subclass of problem (1)
satisfying these assumptions, convergence of the whole sequence of arguments to a critical
point is proved. One part of the stronger regularity assumption is that the objective is a KL-
function; i.e., the Kurdyka–�Lojasiewicz inequality holds on the whole domain. This implies a
sufficient descent property for gradient based methods also in areas where the function is flat
around local optima. Our approach to proving convergence is to show that the requirements
of [6] are satisfied.
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In our numerical experiments we will show that the performance of the proposed algo-
rithms is comparable to related algorithms for convex optimization, e.g., gradient descent
or forward-backward splitting algorithms. Moreover, the proposed algorithms are easy to
implement, which makes them interesting for practical applications.

Problems like (1) arise frequently in image processing, computer vision, or machine learn-
ing. The applicability of the iteratively reweighted �1 algorithm, which arises as a special case
of the algorithm presented in this paper, was already demonstrated in an earlier conference
paper [68]. Whereas the focus in the conference paper was the diversity of applications, such
as denoising, deconvolution, depth map fusion, and optical flow, in this paper we concentrate
on the difference in modeling concepts in denoising and optical flow estimation. However, the
concept of how the nonconvex penalty functions are used easily generalizes to many other
problems, e.g., deconvolution, depth map fusion, stereo estimation, or superresolution. Re-
placing convex penalty functions by nonconvex functions usually leads to better results. In
particular, we analyze robust data-terms and the usage of edge-enhancing nonconvex penal-
izers. As a special instance, we are the first to propose a nonconvex extension of the total
generalized variation (TGV) regularizer [17]. The TGV seminorm is a convex penalizer that
can reconstruct piecewise smooth functions. Due to the convexity of the regularizer, first-
and higher-order discontinuities are only preserved and are not enhanced. This may lead to
oversmoothing effects in the case of strong noise or weak data-terms. It turns out that this
effect can be partly avoided by using nonconvex penalizers in the TGV seminorm.

2. Related work. Since the seminal works of Geman and Geman [42], Blake and Zisser-
mann [12], and Mumford and Shah [59] on image restoration, the application of nonconvex
potential functions in variational approaches for computer vision problems has become a
standard paradigm. Nonconvexity can be motivated and justified from different viewpoints,
including robust statistics [11], nonlinear partial differential equations [69], and natural image
statistics [48]. Since then, numerous works demonstrated empirically [11, 77] that nonconvex
potential functions are the right choice for most regularization tasks in computer vision.

However, the downside is optimization. While there has been vast progress in convex
optimization—today, many nonsmooth convex optimization programs can be solved with
comparable efficiency to linear programs—nonconvex optimization is still rarely applied in
practice. Indeed, Rockafellar pointed out that “. . . the great watershed in optimization isn’t
between linearity and nonlinearity, but convexity and nonconvexity” [SIAM Review, 35 (1993),
p. 185].

Gradient descent based methods, such as steepest descent, quasi-Newton, or Newton meth-
ods [60, 65, 10], are the classical approaches for general optimization and are also applicable in
the nonconvex setting as long as the objective is smooth enough. Alternatives are hill-climbing
methods [79], annealing-type schemes [42], or graduated nonconvexity (GNC) [12, 63]. How-
ever, the efficiency of these methods leaves room for improvement. The worst-case complexity
bound for general nonconvex problems derived in [60] supports this statement. This means
that there is only hope for efficient algorithms when considering nonconvex optimization prob-
lems of a specific structure.

In convex optimization, many efficient algorithms, such as Douglas–Rachford [33, 34],
forward-backward splitting [55, 29, 8, 60], primal-dual approaches [23, 70, 45], or the aug-
mented Lagrangian method [10, 46, 74], originate from the proximal point algorithm [58, 75].
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While it seems to be difficult to generalize primal-dual approaches to the nonconvex setting
directly, the augmented Lagrangian method in [38, 3], the gradient projection method in [54,
44, 6], and a forward-backward splitting in [39, 78, 62, 6] were used for nonconvex optimization.
In [67] the iPiano algorithm is introduced in the nonconvex setting. It combines ideas from
the forward-backward splitting and the heavy-ball method from Polyak [73]. In our numerical
experiments, we will consider this algorithm because several algorithms, such as gradient
descent, projected gradient descent, heavy-ball, and forward-backward, are special cases of it.

From another perspective, the gradient descent method can also be interpreted as a
majorization-minimization (MM) algorithm [9, 53, 49]. The iteration step of the gradient de-
scent method is equivalent to minimizing an isotropic quadratic upper bound—the quadratic
upper bound that appears in the descent lemma (see, e.g., Lemma 2). This way, many
algorithms can be considered as special instances of the MM algorithm. Also, expectation-
maximization algorithms are MM algorithms [35, 36, 51]. The MM algorithm generates a
sequence of simpler majorizing functions and computes the next iterate as a minimizer of this
surrogate function. The MM principle can also be used for analytically estimating step size
parameters for a given search direction (on a subspace) [25, 26, 37]. In this context majorizers
are mostly quadratic functions.

An important subclass of the MM algorithms related to our algorithm is that of Geman
and Reynolds [41]. They rewrote the (smooth) nonconvex potential function as the infimum
over a family of quadratic functions. This transformation suggests an algorithmic scheme that
solves a sequence of quadratic problems, leading to the so-called iteratively reweighted least
squares (IRLS) algorithm. This algorithm quickly became a standard solver, and hence it has
been extended and studied in many works; see, e.g., [81, 64, 31]. Convergence results can be
found in [50, 1].

The IRLS algorithm can be applied only if the nonconvex function can be well approxi-
mated from above with quadratic functions. However, this does not cover interesting functions,
such as log(1 + |x|), that are nondifferentiable at zero. Candes, Waken, and Boyd [21] tack-
led this problem by the so-called iteratively reweighted �1 (IRL1) algorithm, which solves a
sequence of nonsmooth �1 problems, and hence can be seen as a nonsmooth counterpart to
the IRLS algorithm. Originally, the IRL1 algorithm was proposed to improve the sparsity
properties in �1 regularized compressed sensing problems.

First convergence results for the IRL1 algorithm have been obtained by Chen and Zhou
in [24] for a class of nonconvex �2-�p problems used in sparse recovery. In particular, they show
that the method monotonically decreases the energy of the nonconvex problem. Unfortunately,
the class of problems they considered is not suitable for typical computer vision problems, due
to the absence of a linear operator that is needed in order to represent spatial regularization
terms.

In our previous work [68], the convergence analysis of [24] was generalized to linearly
constrained optimization problems. This analysis made the algorithm and the theoretical
results applicable to many computer vision problems. In the present paper, the algorithm
will be generalized further and the convergence analysis will be further extended compared to
[24, 68]. The convergence result is based on the analysis of an abstract descent algorithm [6]
and requires the objective function to be a Kurdyka–�Lojasiewicz (KL) function, i.e., to satisfy
the KL inequality (see the appendix). See [56, 57, 52] for smooth KL functions and [14, 15]
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for nonsmooth functions. Almost all functions used in computer vision are KL functions. For
the examples considered in this paper the property will explicitly be verified. For informa-
tion about the abstract classification of KL functions, we refer the reader to [6, 16, 52] and
references therein.

During the last few years, using the Kurdyka–�Lojasiewicz property, several algorithms have
been shown to converge [27, 6, 4, 5]. Also the iPiano algorithm, considered for comparison in
this paper, was recently shown to converge when the objective function has the KL property
[67]. A last class of problems, where the KL property is allowed to show convergence, is
the class of DC-programming [80, 2, 47] (nonconvex functions that can be written as the
difference of convex functions). The algorithm proceeds by constructing a sequence of convex
optimization programs by linearizing sequentially one of the two convex functions.

Another line of research for solving nonconvex optimization problems, where an algo-
rithm’s convergence is not in doubt, is minimizing the convex envelope of the objective
[30, 22, 71, 43]. Here, the challenge is the construction of a suitable convex envelope and
efficient minimization due to the (usually) increasing number of dimensions.

3. The model. We study a nonconvex optimization problem of a specific structure in a
finite dimensional real vector space X of dimension dim(X) = n ∈ N. The standard inner
product and norm are denoted by 〈·, ·〉 and ‖ · ‖22 := 〈·, ·〉, respectively. The optimization
problem reads

(2) min
x∈X

F (x) := min
x∈X

F1(x) + F2(G(x)) ,

with a lower semicontinuous (lsc), extended, real-valued, proper function F : X → R where
R := R ∪ {∞}. In addition we assume that F is bounded from below, i.e., infx∈X F (x) =:
F > −∞. We require that F1 : X → R be proper, lsc, and convex. Note that we explicitly
allow the function F1 to take on values at infinity, and hence it can be, for example, the
indicator function of a convex set. The function G : X → X2 maps from X into another finite
dimensional real vector space X2 with dimension n2 := dim(X2) ≤ n. We assume that each
coordinate function Gi, i = 1, . . . , n2, is convex. The function F2 : G(X) → R we assume
to be coordinatewise nondecreasing, i.e., F2(x) ≤ F2(x + λei), whenever x, x + λei ∈ G(X)
and λ > 0, where ei is the ith standard basis vector of X2, i = 1, . . . , n2. We note that
coordinatewise convexity of G gives very simple structure to the set G(X): it is a Cartesian
product of intervals, with each infinite on one or both ends.

Example 1 (denoising). Image denoising is a simple example from image processing that
fits into the framework of (2). Given a noisy image f ∈ X the goal of denoising is to find the
image u ∈ X such that f = u + h, where h ∈ X is the noise that deteriorated the recording.
Commonly, u instead of x denotes the optimization variable in image processing. The denoised
image, i.e., the result, can be sought as minimizer of

min
u∈X

λ‖u − f‖1 +
∑
i

log(1 + |Du|i) ,

where λ ∈ R+ and |Du| ∈ G(X) denotes the vector of coordinates |Du|i :=√
((Dxu)i)2 + ((Dyu)i)2, where Dxu is a discrete implementation of the x-derivative of the
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image (considered as a function R
2 → R). The first term measures the discrepancy between

the measurements and the sought-after denoised image. It is called a data-term and given
by the proper, convex (nonsmooth) function F1(u) = λ‖u − f‖1 in (2). The second term,
called the regularization-term, invokes some prior knowledge about natural image statistics.
The use of the nonconvex function F2(y) =

∑
i log(1 + yi) on G(X) for the regularization-

term stresses the general properties of images of being smooth and having some sharp jump
discontinuities. Obviously, F2 is coordinatewise nondecreasing on G(X) (see Figure 1). The
coordinate functions Gi(u) = |Du|i are convex and make F2 ◦ G nonsmooth.

Finding global minimum of a nonsmooth nonconvex function, as in (2), is in general not
feasible. We hence only aim to find a critical point of the function F , i.e., x ∈ X : 0 ∈ ∂F (x).
Here we make use of limiting-subgradient; see Definition 4 in the appendix. Critical points are
connected to local minima of the function by the following Fermat’s rule ([76, Thm. 10.1]).

Theorem 1 (Fermat’s rule). If a proper function F : Rn → R has a local minimum at x̄,
then 0 ∈ ∂F (x).

4. Iterative convex majorization minimization. In this paper, we study a subclass of MM
methods that is suitable for solving the minimization problem (2). The idea of MM algorithms
is to minimize majorizers of the function instead of the function itself. The major challenge is
the construction of majorizing functions that are easier to minimize than the original function.
Invoking only some weak assumptions about the structure of the optimization problem (2),
as done above, makes it possible to design such majorizing functions.

We propose to majorize F2 with a convex function F xk

2 that approximates F2 such that

F xk

2 ◦ G is convex and meets F2 ◦ G at xk. More formally, consider the generic Method 1.

Method 1 (iterative convex majorization-minimization method).
• Initialization: Choose a starting point x0 ∈ X with F (x0) < ∞ and define a

suitable family of convex surrogate functions (F x
2 )x∈X such that for all x ∈ X,

F x
2 ∈ F2,G(x) holds, where

(3) F2,G(x) :=

{
f : X2 → R

∣∣∣∣∣
f proper, convex,

f nondecreasing on G(X),

f(G(x)) = F2(G(x))

∀y ∈ G(X) : f(y) ≥ F2(y).

}

• Iterations (k ≥ 0): Update

(4) xk+1 = arg min
x∈X

F1(x) + F xk

2 (G(x)) .

Nondecreasingness of F x
2 provides convexity of the composition F x

2 ◦ G. As the above
formulation is rather abstract, we exemplify the algorithm.
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Figure 2. Visualization of one update step (4) for optimization problem (5) at xk = −0.5. Left: convex
function F1. Middle: nonconvex function F2 ◦ G (red) and its convex majorizer F−0.5

2 ◦ G (blue). Right: the
function F = F1 +F2 ◦G (red) and its majorizer F−0.5 = F1 +F−0.5

2 ◦G (blue). The blue function in the right
plot is to be minimized to obtain xk+1.

Example 2. We consider a simplified version of Example 1 and restrict X = X2 = R,
G(x) = |x| :

(5) min
x∈R

F (x) = min
x∈R

F1(x) + F2(x) = min
x∈R

2|x − 1| +
1

2
log(1 + 25x2) .

Figure 2 visualizes one update step using (4) at xk = −0.5. For details on how to choose
the surrogate function, we refer the reader to the specialized algorithms (here, Algorithm 5)
introduced in the following subsections.

We call Method 1 “generic” because it still requires the choice of suitable convex surrogate
functions. As F1 is already convex, the approximation F xk

2 of F2 is the focus of attention. A
choice of approximation follows from the following property of MM algorithms.

Proposition 1. Let (xk)k∈N be generated by Method 1, and let F x
2 ∈ F2,G(x) for all x ∈ X.

Then, the sequence (F (xk))k∈N monotonically decreases and converges.
Proof. The proof directly follows from F being bounded from below by F and the defini-

tions of xk and F xk

2 :

F ≤ F (xk+1) ≤ F1(xk+1) + F xk

2 (G(xk+1)) ≤ F1(xk) + F xk

2 (G(xk)) = F (xk) .

The sequence (F (xk))k∈N decreases and is bounded from below. Hence, it converges.
Clearly, at each iteration the value of the function F decreases at least as much as the

value of the majorizing function. This suggests using surrogate functions whose minimum is
minimal. Of course, it could happen that another surrogate function with a higher minimum
yields a lower value of the original function; however, there is no guarantee of this. Finding the
optimal approximation according to the criterion of guaranteed maximal decrease of function
values is hard. In general, a majorizer f ∈ F2,G(xk) that is not the sum of F1 and another
convex function can have a lower minimum than our approximation. However, this better
majorizer may be complex to construct and difficult to optimize. Thus, we aim to fulfill the
criterion of guaranteed maximal decrease of function values in the class of surrogate functions
that are the sum of F1 and another convex function. If we talk about optimal majorizers in
the following, we mean optimality according to the guaranteed decrease of function values
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in this class. These are majorizers (constructed under certain conditions) with the lowest
minimum.

The different algorithms that will be presented in the following section take into account
the characteristics of F2. Considering again Figure 1, it is obvious that there is no simple
universal choice for the surrogate function. For instance, close to 0 the functions in Figures 1(a)
and (b) may be well approximated by the absolute value function, whereas this is a bad choice
for Figure 1(c). Different functions require different construction principles of the majorizer.
In this paper, we show constructions of majorizers, which address (2). Some majorizers are
proved to be optimal in the sense explained above. Method 1 serves as a tool to prove their
convergence in a unified framework. However, it covers many other possible constructions
(thus also convergence) of majorizers that are not explicitly presented here.

5. Iteratively reweighted convex algorithms. As the function F2 in the optimization
problem (2) does not change, it may be possible to find a single convex function that, weighted
appropriately, can serve as majorizer for F2 at each step of Method 1. This is the principle of
iteratively reweighted algorithms. The construction of majorizers according to this principle is
easier than for the very general Method 1 and allows for explicit algorithms. The reweighting
algorithms considered in the subsequent subsections are all special cases of the IRconvex
Method 2, which is an instance of Method 1.

Method 2 (iteratively reweighted convex method (IRconvex)).
• Initialization: Define a convex function F c

2 : G(X) → R
n′
2, n′

2 ∈ N, and a family
of vectors (wx)x∈X such that

y → 〈wx, F c
2 (y)〉 ∈ F2,G(x), x ∈ X ,

and starting point x0 ∈ X with F (x0) < ∞.
• Iterations (k ≥ 0): Update

(6) xk+1 = arg min
x∈X

F1(x) +
〈
wxk

, F c
2 (G(x))

〉
.

Remark 1. As the optimization problem in (6) is independent of constants, y → 〈wx, F c
2 (y)〉

may be in F2,G(x) only after adding a constant. Formally this could be achieved by setting

F̃2
c

:= (F c
2 , 1) and w̃x := (wx, a), where a ∈ R. Being aware of it now, subsequently we will

simply neglect the constant.

5.1. Iteratively reweighted �1 algorithm. Algorithm 3, the iteratively reweighted �1 al-
gorithm, will be shown to be optimal for the optimization problem (2), in a certain sense,
when F2 is concave on G(X). We denote here by ∂̄f := −∂(−f) the limiting-supergradient,
the analogue of the limiting-subgradient but for concave functions. The usage of ∂̄ instead of
∂ makes the algorithm slightly more general. For F2 concave it is ∂F2(x) ⊂ ∂̄F2(x) on the
interior of G(X).
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Algorithm 3 (iteratively reweighted �1 algorithm (IRL1)).
• Assumption: F2 is concave on G(X).
• Initialization: Define a family of vectors (wx)x∈X with

wx ∈ ∂̄F2(y), y = G(x), x ∈ X ,

and starting point x0 ∈ X with F (x0) < ∞.
• Iterations (k ≥ 0): Update

(7) xk+1 = arg min
x∈X

F1(x) +
〈
wxk

, G(x)
〉

.

Remark 2. As mentioned in Remark 1, the functions x → 〈wxk
, G(x)〉 may not be ma-

jorizers of F2. However, they become majorizers when shifted by suitable constants which do
not affect (7). The exact majorizer will be considered in Proposition 2.

Example 3. We consider the same optimization problem as in Example 1. Obviously,
F2(y) =

∑
i log(1 + yi) is nondecreasing and concave on G(X) = [0; +∞), and F1(u) =

λ‖u − f‖1 and Gi(u) = |Du|i are convex. For uk ∈ X the vectors wuk
in Algorithm 3 read

wuk

i = 1/(1+|Duk |i), which is defined as |Duk|i :=
√

((Dxuk)i)2 + ((Dyuk)i)2, and the convex
surrogate optimization problem in (7) reads

min
u∈X

λ‖u − f‖1 +
∑
i

wuk

i |Du|i .

Each of these subproblems is a denoising problem with total variation regularization with
coordinates differently weighted.

As discussed before, in general it is hard to construct the best surrogate function according
to the criterion of guaranteed maximal decrease of function values. However, assuming that
F2 is concave on G(X), the construction is possible and used in Algorithm 3.

Proposition 2. If F2,G(xk) is defined as in (3) and F2 is concave on G(X) and differentiable
at G(xk), then the optimal majorizer of F2 ◦ G at xk

arg min
f∈F2,G(xk)

(
min
x∈X

f(G(x))

)
is given by

F̂2(y) =
〈
∇F2(G(xk)), y − G(xk)

〉
+ F2(G(xk)).

Moreover, F1+ F̂2 ◦G is also the optimal majorizer of F among majorizers of F corresponding
to majorizers of F2 ◦ G from the class F2,G(xk).

Proof. Due to concavity of F2, the function F̂2 is a majorizer of F2. It also clearly fulfills
all other conditions belong to the class F2,G(xk). On the other hand, for any convex function f

such that f(G(xk)) = F2(G(xk)) and f(y) ≥ F2(y) for all y ∈ G(X), we have f(y) ≥ F̂2(y) for
all y ∈ G(X). Indeed, suppose there exists y∗ such that f(y∗) < F̂2(y∗). Then differentiability
of F2 at G(xk) implies that there exists t∗ ∈ (0, 1) such that

t∗f(y∗) + (1 − t∗)f(G(xk)) < F2(t∗y∗ + (1 − t∗)G(xk)) ≤ f(t∗y∗ + (1 − t∗)G(xk)).
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This contradicts convexity of f ; hence our supposition was not valid, and f(x) ≥ F̂2(x) for all
x ∈ X. Therefore, f(G(x)) ≥ F̂2(G(x)) for all x ∈ X, which immediately gives

min
x∈X

f(G(x)) ≥ min
x∈X

F̂2(G(x)),

i.e., F̂2 ◦G is the best majorizer of F2. Moreover, F1(x) + f(G(x)) ≥ F1(x) + F̂2(G(x)) for all
x ∈ X, and hence F1 + F̂2 ◦ G is also the optimal majorizer of F .

5.2. Iteratively reweighted tight convex algorithm. The iteratively reweighted �1 algo-
rithm, Algorithm 3, is optimal for a certain class of functions, but not applicable to many
other practically interesting cases, such as, for example, F2(|x|) = log(1 + |x|2) (see Figure 1).
The reason is that close to 0, this prototype function is strongly convex, and hence not ma-
jorized by tangents. Fortunately, the structure of this function allows for a simple and tight
majorizer. Namely, let us consider the class Fcc consisting of functions f : Rn

+ → R such that
1. f is additively separable, i.e., f(x1, . . . , xn) = f1(x1) + · · · + fn(xn);
2. every fj is convex in the convexity region [0, rj] and concave in the concavity region

[rj, +∞) for some rj ≥ 0.
For simplicity we also suppose that there exist left and right derivatives f ′

j(r
−
j ) and f ′

j(r
+
j ).

Then for f ∈ Fcc we denote sj = max(f ′
j(r

−
j ), f ′

j(r
+
j )) and define the following functions:

(8) tj(xj) =

{
fj(xj) if xj ≤ rj,

fj(rj) + sj(xj − rj) if xj > rj.

We set Tf (x) = (t1(x1), . . . , tn(xn))� to be the vector of all these functions. Each tj majorizes
corresponding fj because in the convexity region these two functions coincide, while in the
concavity region, tj majorizes the tangent fj(rj) + f ′

j(r
+
j )(xj − rj) of the concave function fj.

Moreover, each tj is convex by construction. We hence can plug T into Method 2, yielding
the following algorithm.

Algorithm 4 (iteratively reweighted tight convex algorithm: IRTight).
• Assumption: F2 ∈ Fcc.
• Initialization: Define a family of vectors wx defined for all i = 1, . . . , dim(X2) by

wx
i =

{
1, yi ≤ ri
(vx)i
t′i(yi)

, yi > ri
, vx ∈ ∂̄F2(y) , y = G(x), x ∈ X,

and starting point x0 ∈ X with F (x0) < ∞.
• Iterations (k ≥ 0): Update

(9) xk+1 = arg min
x∈X

F1(x) +
〈
wxk

, TF2(G(x))
〉

.

As we already have shown, the functions tj majorize corresponding fj. Weighting the func-
tions with wx

i does not remove the majorization property. More precisely, if vi ∈ ∂̄fi(y
0
i ), wi =

vi · (t′i(y
0
i ))−1, then witi(yi) + fi(y

0
i ) − witi(y

0
i ) ≥ f(yi) for all yi.
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5.3. Iteratively reweighted Huber algorithm. Consider the same class of functions Fcc

as in the previous subsection. In practice it is beneficial when the majorizing function has
simple analytic form. This may not be the case for tight convex majorizers introduced above.
However, a wide class of functions can be majorized with the help of the Huber function,
which is defined as

(10) hε(‖x‖2) =

{
1
2ε‖x‖22 if ‖x‖2 ≤ ε,

‖x‖2 − ε
2 otherwise.

We define Hε(y) := (hε(y1), . . . , hε(yK)), which applies (10) coordinatewise. Supposing that
F2 is differentiable on an open superset of G(X), we can formulate the following algorithm.

Algorithm 5 (iteratively reweighted Huber algorithm: IRHuber).
• Assumption: F2 ∈ Fcc.
• Initialization: Define a family of vectors wx defined for all i = 1, . . . , dim(X2) by

wx
i =

(∇F2(y))i
h′
ε(yi)

, y = G(x), x ∈ X,

and starting point x0 ∈ X with F (x0) < ∞.
• Iterations (k ≥ 0): Update

(11) xk+1 = arg min
x∈X

F1(x) +
〈
wxk

,Hε(G(x))
〉

.

Example 4. Consider the optimization problem

min
u∈X

λ‖u − f‖1 +
1

2

∑
i

log(1 + |Du|2i ) ,

where the convention for |Du|i is as in Example 3. The only difference between Examples 3
and 4 is the square in the second term. However, as mentioned already, this makes IRL1 an
unsuitable choice (see Remark 3). The term F2(G(x)) = 1

2

∑
i log(1+|Du|2i ) with G(x) = |Du|i

is better approximated using the Huber function, which is quadratic close to 0. Vice versa,
approximating the function from Example 3 with the Huber function is also a bad choice.

Obviously, F2 is smooth and belongs to the class Fcc. In order to write down the surrogate
function we need to calculate the derivative of F2. For all i, it is (∇F2(y))i = yi/(1 + y2i ).
The weights are chosen such that the surrogate function has the same slope as ∇F2 at uk. As
the Huber function has the derivative (∇Hε(y))i = yi/ε, if |yi| ≤ ε, and (∇Hε(y))i = yi/|yi|
otherwise, the weight vector wuk

is inferred as

wuk

i =
max{ε, |∇uk|i}

1 + |∇uk|2i
.

Remark 3. Within our framework there are different ways to approximate the function
F2(G(x)) = log(1 + |x|2). We consider this in one dimension here. The option we used in the
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preceding example corresponds to setting G(x) = |x|, F2(y) = log(1 + y2) and approximating
F2(y) using the Huber function. However, we could also set G(x) = |x|2, F2(y) = log(1 + y)
and approximate F2(y) as in the IRL1 algorithm. Then, the (convex) surrogate function to be

minimized in the IRL1 algorithm is F1(x)+wxk
G(x) = F1(x)+wxk |x|2 and the approximation

is by a quadratic function, and hence worse than the approximation with the Huber function.
This choice of G and F2 corresponds to the well-known iteratively reweighted least squares
algorithm (IRLS), which we will recap in subsection 5.4.

The following natural question arises: Which of the two interpretations of the problem
leads to better results? We argue that setting G(x) = |x|, F2(y) = log(1 + y2) is better.
In this case we can approximate F2(y) by the Huber function Hε(y), and the corresponding
approximation for G(x) = |x|2, F2(y) would be Hε(

√
y). However, Hε(

√
y) is nonconvex and

therefore not feasible for our iteratively reweighted convex method (Method 2). This suggests
to always choose F2 and G such that G is as close as possible to |x| (i.e., “as nonconvex as

possible”). In this case, F xk

2 ◦ G can better approximate F2 ◦ G. For instance, IRHuber is a
better approximation than IRLS.

As the majorization property of IRHuber is not immediately clear in this setup, we prove
a general condition under which it holds and verify it for the preceding example.

Proposition 3. Suppose f : X → R and m : X → R, X ⊂ R open, are continuously differ-
entiable nondecreasing functions and there exists a nonincreasing function r : R → R+ such
that f ′(x) = r(x) m′(x). Then for every x0 ∈ R the function mx0(x) = r(x0) m(x) + f(x0) −
r(x0) m(x0) majorizes the function f .

Proof. Obviously, f(x0) = mx0(x0) and f ′(x0) = m′
x0

(x0). We then have for x > x0

mx0(x) − f(x) =

∫ x

x0

(
m′

x0
(t) − f ′(t)

)
dt =

∫ x

x0

(
(r(x0) − r(t))m′(t)

)
dt ≥ 0.

Similarly, for x < x0

mx0(x) − f(x) = −
∫ x0

x

(
m′

x0
(t) − f ′(t)

)
dt = −

∫ x

x0

(
(r(x0) − r(t))m′(t)

)
dt ≥ 0.

We now apply this proposition to the special case f(x) = log(1 + μx2), m(x) = hε(x).
Since both functions are symmetric, we only consider x ≥ 0. We then have

f ′(x) =
2μx

1 + μx2
,

m′(x) = min
(x

ε
, 1
)

=

{
x
ε , 0 ≤ x ≤ ε,

1, x > ε,

r(x) =
f ′(x)

m′(x)
= 2μ

max(x, ε)

1 + μx2
,

r′(x) = 2μ

{
− 2μεx

(1+μx2)2
, 0 ≤ x ≤ ε,

1−μx2

(1+μx2)2
, x > ε.

Obviously, r is nonincreasing as soon as ε ≥ 1√
μ .
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5.4. Iteratively reweighted least squares algorithm. The well-known IRLS algorithm
also arises as a special case of Method 2. We present it in Algorithm 6 using our notation.
Obviously, it is applicable at least to the same class of problems as Algorithm 5. Thus, the
majorization property is clear.

Algorithm 6 (iteratively reweighted least squares algorithm: IRLS).
• Assumption: F2 ∈ Fcc.
• Initialization: Define a family of vectors wx defined for all i = 1, . . . , dim(X2) by

wx
i =

(∇F2(y))i
yi

, y = G(x), x ∈ X,

and starting point x0 ∈ X with F (x0) < ∞.
• Iterations (k ≥ 0): Update

(12) xk+1 = arg min
x∈X

F1(x) +
〈
wxk

, 1
2(G(x))2

〉
,

where the square is to be understood coordinatewise.

Example 5. Consider Example 4. Using the IRLS algorithm, the weight vector wuk
is

given by

wuk

i =
1

1 + |Duk|2i
.

However, the quadratic function is a worse approximation of the nonconvex norm than the
Huber function. We hence expect IRHuber to outperform IRLS.

5.5. Convergence analysis. Throughout the whole convergence analysis, let (xk)k∈N be
a sequence generated by Method 1. We also always suppose that the functions F, F1, F2, G
fulfill the conditions stated in section 3. We make frequent use of the tools from variational
analysis presented in the appendix. In addition, from now on we assume F to be coercive,
i.e., F (x) → ∞, whenever ‖x‖ → ∞.

Proposition 4. Let F be coercive. Then the sequence (xk)k∈N is bounded and has at least
one accumulation point.

Proof. By Proposition 1, the sequence (F (xk)) is monotonically decreasing, and therefore
the sequence (xk) is contained in the level set

L(x0) := {x ∈ X : F (x) ≤ F (x0)}.

From coercivity of F we conclude boundedness of the set L(x0). This allows us to apply
the Bolzano–Weierstraß theorem, which gives the existence of a converging subsequence, and
hence an accumulation point.

Additional assumptions. In order to prove convergence for the whole sequence (xk)k∈N, two
additional assumptions are required. Let us discuss them.

1. We assume that F2 has locally Lipschitz continuous gradient (see Definition 5 and
the subsequent comment) on a compact set B containing all the points xk and that
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F x
2 have globally Lipschitz continuous gradients on B for all x ∈ X with a common

Lipschitz constant L̃ ≥ 0. This assumption is less restrictive than it seems. Many
nonsmooth functions may be written as a sum of a function with locally Lipschitz
gradient and a convex function. Then the convex part may be shifted to F1. This
class of functions was, for example, considered in [3].

2. F1 + F xk

2 ◦ G must be strongly convex (see Definition 6) with a constant independent

of k. Otherwise, the sum F1 + F xk

2 ◦ G can have a plateau as local minimum; i.e.,
there is no unique minimizer. This happens, for example, when F1(x) = |x − 1| and

F xk

2 (G(x)) = |x| for all xk ∈ [0, 1]. Our algorithm then has to choose from multiple,
equally good solutions, and hence may not converge. One standard way to resolve this
problem is to add a proximity term c‖x − xk‖22 to the convex surrogate problem (4)
with arbitrarily small c > 0. This makes the surrogate problem strongly convex and
makes the algorithm converge to one solution from the plateau.

A technical assumption we make from now on is that F2 and F x
2 for all x ∈ X are defined

on open sets comprising G(X) and continuously differentiable on G(X). In all practical cases
this is clearly fulfilled. The following properties then hold.

Lemma 1. Under the aforementioned conditions, it holds for all x̄ ∈ X
1. and for all x ∈ X,

∂(F x̄
2 ◦ G)(x) = ∂ 〈y,G〉 (x) with y = ∇F x̄

2 (x) ,

∂(F2 ◦ G)(x) = ∂ 〈y,G〉 (x) with y = ∇F2(x) ;

2. and for all x ∈ dom F1 and all x ∈ X,

∂(F1 + F x̄
2 ◦ G)(x) = ∂F1(x) + ∂(F x̄

2 ◦ G)(x) ,

∂(F1 + F2 ◦ G)(x) = ∂F1(x) + ∂(F2 ◦ G)(x) .

Proof. We verify the second equality for both items. The first one follows analogously.
1. Since F2 is continuously differentiable on an open set containing G(X), for x ∈ X it

is ∂∞F2(G(x)) = {0} [76, Ex. 8.8]. Continuous differentiability also yields regularity
of F2 at G(x) for x ∈ X [76, Ex. 7.28]. By assumption, F2 is coordinatewise nonde-
creasing, which implies that 〈y,G〉 (x) with y = ∇F2(x) is an lsc, convex function. As
a consequence, 〈y,G〉 (x) is regular at x ∈ X, which verifies the conditions for equality
in Proposition 10. As a by-product, F2 ◦ G is regular for all x ∈ X.

2. Convexity of G implies its local Lipschitz continuity [76, Ex. 9.14], and hence also local
Lipschitz continuity of F2 ◦ G. Therefore, ∂∞(F2 ◦ G)(x) = {0} (see Proposition 8),
which, together with convexity of F1 (hence ∂F1(x) = ∂̂F1(x)) and Clarke regularity
of F2 ◦ G at x (see first point in this proof), ensures ∂F1(x) + ∂(F2 ◦ G)(x) = ∂(F1 +
F2 ◦ G)(x) (see Proposition 9).

Proposition 5. Let B be a bounded set containing all xk. Let F2 have a locally Lipschitz
continuous gradient on B and let F x

2 have a globally Lipschitz continuous gradient on B for

all x ∈ X with a common Lipschitz constant L̃ ≥ 0. Let also F1 + F xk

2 ◦ G be strongly convex
with convexity parameter μ > 0 for all xk ∈ X. Then the following hold:

1. F (xk+1) ≤ F (xk) − μ
2‖xk − xk+1‖22 for all k ∈ N,
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2. there exists C > 0 such that for all k ∈ N there exists ξk+1 ∈ ∂F (xk+1) fulfilling

‖ξk+1‖2 ≤ C‖xk+1 − xk‖2 ,

3. and for any converging subsequence (xkj)j∈N with x̄ := limj→∞ xkj , we have F (xkj ) →
F (x̄) as j → ∞.

Proof.
1. The strong convexity of F1 + F xk

2 ◦ G provides, for all ξ1 ∈ ∂F1(xk+1) and ξk2 ∈
∂(F xk

2 ◦ G)(xk+1), the inequality

F1(xk+1) − F1(xk) + F xk

2 (G(xk+1)) − F xk

2 (G(xk))

≤
〈
ξ1, x

k − xk+1
〉

+
〈
ξk2 , xk − xk+1

〉
− μ

2
‖xk+1 − xk‖22 .

As xk+1 is a minimizer of (4), and thanks to Lemma 1, we can choose ξ1 + ξk2 =

0 ∈ ∂(F1 + F xk

2 ◦ G)(xk+1). Using F2(G(xk+1)) ≤ F xk

2 (G(xk+1)) and F2(G(xk)) =

F xk

2 (G(xk)), we conclude this part of the proof.
2. Local Lipschitz continuity of G (which follows from its convexity) and the gradient

of F2 yield global Lipschitz continuity on B. We denote the corresponding Lipschitz
constants by LG and L, respectively.
Using Lemma 1, we can select ξ1 ∈ ∂F1(xk+1) and ξk2 ∈ ∂(F xk

2 ◦ G)(xk+1) such that

ξ1 + ξk2 = 0 ∈ ∂(F1 + F xk

2 ◦ G)(xk+1) = ∂F1(xk+1) + ∂(F xk

2 ◦ G)(xk+1) .

Then for all ξ2 ∈ ∂(F2 ◦ G)(xk+1) it holds that

(13) ‖ξ1 + ξ2‖2 = ‖ξ1 + ξ2 − ξ1 − ξk2‖2 = ‖ξ2 − ξk2‖2 .

Using the chain rule from Proposition 10 and Lemma 1, we have (define yk :=

∇F xk

2 (G(xk+1)))

∂(F xk

2 ◦ G)(xk+1) = ∂
〈
yk, G

〉
(x) =

∑
i

∂(yki Gi)(x
k+1) =

∑
i

yki ∂Gi(x
k+1),

and thus we can decompose ξk2 =
∑

i y
k
i ηi with ηi ∈ ∂Gi(x

k+1). We then define
ξ2 :=

∑
i yiηi, where y := ∇F2(G(xk+1)). The combination of both decompositions,

together with the Lipschitz continuity of G and [76, Prop. 9.24], yields

(14) ‖ξ2 − ξk2‖2 =

∥∥∥∥∥∑
i

(y − yk)iηi

∥∥∥∥∥
2

≤ LG‖y − yk‖2 .

Now, using (13) and (14), the equality ∇F2(G(xk)) = ∇F xk

2 (G(xk)), and the Lipschitz

continuity of ∇F2 and ∇F xk

2 , and noting that ξ1 + ξ2 ∈ ∂F (xk+1), the following
estimation concludes this part of the proof:

‖ξ1 + ξ2‖2 ≤ LG‖y −∇F2(G(xk)) + ∇F xk

2 (G(xk)) − yk‖2
≤ (L + L̃)LG‖G(xk+1) − G(xk)‖2
≤ (L + L̃)L2

G‖xk+1 − xk‖2 ,

where the last transition follows from the Lipschitz continuity of G.
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3. Let (xkj )j∈N be a converging subsequence of (xk)k∈N. Define the sequences (ξ
kj
1 )j∈N

and (ξ
kj
2 )j∈N by 0 = ξ

kj
1 + ξ

kj
2 ∈ ∂F1(xkj ) + ∂(F xkj−1

2 ◦ G)(xkj ), which by Lemma 1

coincides with ∂(F1+F xkj−1

2 ◦G)(xkj ). Due to the local Lipschitz continuity of F xkj−1

2 ◦
G, Proposition 8 implies x → ∂(F xkj−1

2 ◦ G)(x) bounded, and therefore the sequence

(ξ
kj
1 )j∈N is bounded and limj→∞〈ξkj1 , x̄ − xkj〉 = 0. Using this, F lsc, F1 convex, and

F2 ◦ G locally Lipschitz continuous, the following chain of inequalities concludes the
proof (all limits are considered for j → ∞):

F (x̄) ≤ lim inf F (xkj ) ≤ lim sup F (xkj)

≤ lim sup F1(xkj ) + lim sup F2(G(xkj ))

= lim sup F1(xkj ) + lim
〈
ξ
kj
1 , x̄ − xkj

〉
+ F2(G(x̄))

= lim sup
(
F1(xkj ) +

〈
ξ
kj
1 , x̄ − xkj

〉)
+ F2(G(x̄))

≤ F1(x̄) + F2(G(x̄)) = F (x̄) .

In [6], an abstract convergence result for descent methods for semialgebraic and tame
problems is proved. We recap the result in Theorem 3 in the appendix. The notions of
semialgebraic functions and the KL property, which is central to the theorem, are introduced in
the appendix (Definitions 7 and 8). In the following theorem, we benefit from their convergence
analysis by simply proving our algorithm to satisfy their assumptions.

Theorem 2. Let the assumptions be as in Proposition 5. Let the sequence (xk)k∈N be gen-
erated by Method 1. If F has the KL property at the cluster point x∗ := limj→∞ xkj , then the
sequence (xk)k∈N converges to x∗ ∈ X as k → ∞ and x∗ is a critical point of F . Furthermore,
the sequence (xk)k∈N has finite length

∞∑
k=0

‖xk − xk+1‖2 < ∞ .

Proof. The results of Propositions 4 and 5 are exactly the requirements of Theorem 3
(which is copied from [6, Thm. 2.9]). Applying this result proves the theorem.

6. Prototypes for computer vision applications. Many computer vision examples involve
a linear operator in order to enforce spatial regularity of the solution. For example, this can
be achieved using the gradient operator. We consider the prototype of inverse problems in
computer vision,

(15) min
u∈X

‖Au − g‖qq + F2(G̃(Ku)) ,

where q ∈ {1, 2} and K : X → X may be any continuous linear operator (for example,
gradient operator). Since in computer vision the optimization variable, which often is an
image, is most often denoted by u, we adapt this notation from now on. In the original
formulation (2), it is G = G̃ ◦ K. Here, we further assume G̃(0) = 0, and G̃(u)i ≥ 0. A
common choice for K is the gradient operator D = (D�

x ,D�
y )� (Dx is a matrix implement-

ing forward-differences in x-direction; the same for Dy) and for G̃ the length of a vector
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G̃((Dxu)i, (Dyu)i) =
√

(Dxu)2i + (Dyu)2i . In the first term of (15), called the data-term, we

denote by A : X → X1 a continuous linear operator and by X1 a finite dimensional real vector
space. This linear operator maps into a space, where measurements g ∈ X1 are taken. The
second term is denoted the regularization-term. Nonconvex regularization functions F2 suit-
able for computer vision applications were already shown in Figure 1. The prototypes for the
function F2 ◦ G are

u → 1

p
‖G̃(Ku)‖pp,ε :=

1

p

∑
i

(G̃i(Ku) + ε)p, ε > 0, p ∈ (0, 1],(16)

u → 1

μ
log(1 + μG̃(Ku)) :=

1

μ

∑
i

log(1 + μG̃i(Ku)), μ > 0,(17)

u → 1

2μ
log(1 + μG̃(Ku)2) :=

1

2μ

∑
i

log(1 + μ(G̃i(Ku))2), μ > 0 .(18)

The first and second functions F2 are concave and nondecreasing on G(X) but nondiffer-
entiable, and the third is nondecreasing and differentiable. These functions clearly fulfill
differentiability and Lipschitz continuity conditions required for our convergence analysis to
hold. We now show that the KL property also holds.

Proposition 6. Let F2 be prototype (16), (17), or (18), and let G̃ be semialgebraic. Then,
the function F (u) = ‖Au − g‖qq + F2(G̃(Ku)) is a KL function.

Proof. As G̃, K, and ‖Au − g‖qq are semialgebraic (simple compositions of semialgebraic
functions), it is enough to verify that F2 is definable in an o-minimal structure. However,
thanks to the log–exp structure [84, 32], this fact is also clear for prototypes (18), (17),
and (16) (note that (u + ε)p = exp(p log(u + ε)), u ≥ 0). Then, [15, Thm. 14] implies that F
has the KL property at any stationary point.

6.1. Total generalized variation regularization. In constrast to TV regularization, which
is used very frequently and can be seen as basic knowledge, total generalized variation (TGV)
regularization was introduced only recently [17]. The following introduction to TGV will be
given in the continuous setting. For details we refer the reader to [17].

TGV generalizes TV based on the dual formulation incorporating the space of k-tensors

T k(Rd) := {ξ : Rd × · · · × R
d → R : ξ is k-linear},

Symk(Rd) := {ξ : Rd × · · · × R
d → R : ξ is k-linear and symmetric} .

Let Ω ⊂ R
2 be the image domain and u : Ω → R be a function; then the TGV seminorm of

order k ≥ 1 with smoothness parameter α = (α0, . . . , αk−1) is defined by

TGV α
k (u) := sup

{∫
Ω

u divk ϕdx
∣∣∣ϕ ∈ Ck

c (Ω, Symk(R2)), ‖divl ϕ‖∞ ≤ αl, l = 0, . . . , k − 1

}
,

where Ck
c (Ω, Symk(R2)) denotes the space of continuously differentiable symmetric k-tensor

fields with compact support in Ω, and divk is the generalization of the divergence operator to
these tensor fields. For k = 1, the definition of TGV reduces to the dual formulation of the
TV seminorm.
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Usually a primal formulation yields more intuition about a new concept. As we are
interested only in TGV α

2 (u), we specify the order k = 2 in the following. Applying the
Legendre–Fenchel transform yields

TGV α
2 (u) = inf

u1∈C1(Ω,Sym(R2))
α1‖Du − u1‖1 + α0‖E(u1)‖1 ,

where E denotes the symmetrized gradient operator E(u1) = (Du1 + Du�
1 )/2, which is a

2 × 2-matrix. There is also an asymmetric version of TGV defined in the primal formulation
as

asymTGV α
2 (u) = inf

u1∈C1(Ω,T (R2))
α1‖Du − u1‖1 + α0‖Du1‖1 .

Note that the primal formulation of seminorm TGV α
2 itself is stated as a minimization problem.

However, when optimizing a function with TGV α
2 as a regularizer, we consider the single

minimization problem in the variables u and u1.
The main property of TGV α

2 is the ability to reconstruct piecewise affine functions without
penalty. This makes TGV α

2 favorable compared to TV, which can only reconstruct piecewise
constant functions. Considering the primal formulation, the intuition about the behavior of
TGV α

2 can be explained as follows. Note that u1 may be constant without increasing the
norm. Then, u is allowed to be linear because Du may be constant (the constant of u1)
without increasing the TGV seminorm.

7. Experimental analysis.

7.1. Implementation details. The convex subproblems arising for the nonconvex opti-
mization problems that are considered in the following can be solved efficiently; see, for
example, [61, 8, 23]. If not stated differently, we use the respective optimal algorithm from
[23]. It has a proven optimal convergence rate: O(1/en) when F1 and F ∗

2 (convex conjugate
of F2) are uniformly convex or when F1 is uniformly convex and F2 has Lipschitz continuous
gradient, O(1/n2) when F1 or F2 is uniformly convex, and O(1/n) for the general case.

Here, we focus on the (outer) nonconvex problem. Let (uk,l) be the sequence generated
by Method 2 (or Method 1), where the index l refers to the inner iterations for solving
the convex problem, and k refers to the outer iterations. Proposition 1, which proves that
(F (uk,0)) is monotonically decreasing, provides a natural stopping criterion for the inner and
outer problems. We verify every 10th inner iteration and stop as soon as

(19) F (uk,l) < F (uk,0) or l > mi,

where mi is the maximal number of inner iterations. For a fixed k, let lk be the number
of iterations required to satisfy the inner stopping criterion (19). Then, outer iterations are
stopped when

(20)
F (uk,0) − F (uk+1,0)

F (u0,0)
< τ or

k∑
i=0

li > mo,

where τ is a threshold defining the desired accuracy and mo is the maximal number of iter-
ations. The difference in (20) is normalized by the initial function value being invariant to a
scaling of the energy.
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In order to obtain a guarantee for a converging sequence of function values, checking the
decent property is required. However, throughout the experiments we observed that a fixed
number of 10 iterations is a good choice and we can omit computing the energy.

Remark 4. As long as we can guarantee that the energy decreases, we can expect a con-
verging sequence of function values. However, if the subproblem is not solved exactly, the
convergence properties from Theorem 2 are partially lost. The convergence theorem allows
for inexact descent methods, i.e., it allows for some errors in the evaluation of the subproblem.
However, the granted quantity of the error is not addressed in the theorem. Therefore, we
focus on the convergence of the energy values.

7.2. Competing method. We compare our algorithm against another recently proposed
algorithm for nonconvex optimization: iPiano [67]. It is a forward-backward splitting algo-
rithm incorporating an inertial force. We compare our algorithm against iPiano because it
is proven to be very efficient and is applicable to problems similar to those in this paper,
namely, problems that can be decomposed as a sum of a (simple) convex function and a
function with Lipschitz continuous gradient. Moreover, iPiano finds special cases in the NIPS
algorithm [78] when the inertial term is turned off, in the Heavy-ball method for differentiable
nonconvex problems [86], and in the well-known gradient projection algorithm. Therefore,
our comparison actually is against several algorithms.

Assuming that our F2 ◦ G has Lipschitz continuous gradient with constant L > 0, the
update scheme of iPiano using our notation can be written as

(21) un+1 = (I + α∂F1)−1(un − α∇(F2 ◦ G)(un) + β(un − un−1)) .

Due to the smoothness assumption to F2 ◦ G in this algorithm, when comparing it to the
proposed IRL1 algorithm, the nondifferentiable points must be smoothed.

7.3. Analysis of local minima. In this part, we experimentally study the sensitivity of
our algorithm with respect to local stationary points.

7.3.1. A one dimensional example. Here, we show that the proposed algorithm has the
ability to avoid local minima. We consider the model problem (see red function in Figure 3)

min
u∈R

λ|u − f | +
1

2
log(1 + μ|u|2) ,

where f = 1, μ = 25, λ = 2. As F2(|u|) = 1
2 log(1 + μ|u|2), we use the iteratively reweighted

Huber algorithm, Algorithm 5, (ε = 1) to find a minimum of this function. Figure 3 shows
three outer iterations of IRHuber initialized at u0 = −0.45. Depending on the initialization,
different local optima are reached. Initializing u0 = ±0.4, the local maximum at u = 0.4
is found; for u0 ∈ (−0.4, 0.4), the left local optimum is the solution; and initializing with
u0 ∈ (−∞,−0.4) ∪ (0.4,∞), the global optimum is found. Although the algorithm can also
converge to a local maximum, this is rarely the case. When we initialize at u0 ∈ (−0.4, 0.4),
the algorithm is already trapped to the left local minimum. However, in contrast to many
other methods, it does not necessarily converge to the nearest local minimum.
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(a) Outer iteration 1.
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(b) Outer iteration 2.
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(c) Outer iteration 3.

Figure 3. Three (outer) iteration steps of the proposed algorithm to minimize the red nonconvex function.
In each plot a few steps of the solver for the (inner) convex problem (minimization of the blue function) are
visualized. The red circle shows the point in which the original function is approximated. Although there is a
local minimum close to the starting point, the algorithm jumps over this and finds the global optimum.

7.3.2. A high dimensional example. In image processing, optimization problems usually
have a very high dimensionality, and it is not possible to visualize the objective functions.
Conclusions about whether the algorithm is attracted by local minima or whether it is “ro-
bust” against local minima can only be drawn indirectly. If the energy value (function value)
corresponding to one algorithm is lower than with another, we conclude that the first algo-
rithm has found a better local minimum. This will be shown in the following example. In this
experiment, we consider the problem

(22) min
u∈R6305

λ‖u − f‖1 +
1

2

∑
i

log(1 + μ|Du|2i )

and solve it using iPiano and our IRHuber (ε = 1/
√

μ) method. For all methods we fix a
maximum of 50000 iterations and use the break condition (20) with τ = 10−12. Table 1
confirms that our algorithm usually finds the lowest energy. The difference is more significant
the higher the values of λ and μ. For larger μ the “nonconvexity” is stronger. For small λ
the optimal result is constant; i.e., |Du|i is small everywhere and lies in the convexity region
of log(1 + μy2). Thus the nonconvexity of the second term is of little importance.

7.3.3. Robustness towards the initialization. We fix λ = 1 and μ = 1 and solve the
optimization problem

(23) min
u∈RN

λ‖u − f‖1 +
∑
i

log(1 + μ|Du|i)

starting from different initializations u0 using the iteratively reweighted �1 algorithm (Algo-
rithm 3). Here N = 154401. The noisy input image and the ground truth are shown in
Figure 4(a). The energy values of the initialization and the final values are shown in Table 2.
The energy values of the solutions differ slightly.

The maximal difference of energy values is between initializing with the noisy image and
initializing with the zero image. The energy difference is approximately d ≈ 8.11. Let us
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Table 1
Comparison of the final energy for our IRHuber algorithm compared to iPiano for the problem (22) and

different parameter settings with a maximum of 50000 iterations. Min. energy is the minimal final energy value
among the four methods. The other values describe the multiplication factor to this minimal energy. In most
experiments, IRHuber finds the lowest energy.

μ = 1 λ = 0.10 λ = 0.50 λ = 1.00 λ = 2.00 λ = 5.00

Min. energy 92.39 369.69 592.51 683.67 683.67

Primal-dual–IRHuber 1.0000 1.0000 1.0000 1.0000 1.0000

iPiano, β = 0.7 1.0000 1.0000 1.0000 1.0000 1.0000

μ = 50 λ = 0.10 λ = 0.50 λ = 1.00 λ = 2.00 λ = 5.00

Min. energy 124.80 559.76 1060.89 1984.31 5097.96

Primal-dual–IRHuber 1.0000 1.0000 1.0000 1.0000 1.0000

iPiano, β = 0.7 1.0000 1.0000 1.0000 1.0000 1.0006

μ = 100 λ = 0.10 λ = 0.50 λ = 1.00 λ = 2.00 λ = 5.00

Min. energy 130.96 586.67 1118.07 2101.04 5945.98

Primal-dual–IRHuber 1.0000 1.0000 1.0000 1.0000 1.0000

iPiano, β = 0.7 1.0000 1.0000 1.0000 1.0002 1.0050

μ = 250 λ = 0.10 λ = 0.50 λ = 1.00 λ = 2.00 λ = 5.00

Min. energy 140.87 623.65 1189.83 2255.34 6986.61

Primal-dual–IRHuber 1.0000 1.0007 1.0007 1.0000 1.0000

iPiano, β = 0.7 1.0000 1.0000 1.0000 1.0014 1.0145

Table 2
Initial and final energy values for the optimization problem (23) with λ = 1 and μ = 1. Numerically,

the result values differ slightly from each other. On average the difference is very small. Visually, different
initializations yield very similar results. This suggests that our algorithm is robust towards the initialization in
this experiment.

Initialization

Noisy

Zero Random

Random with

image square of zero-valued

pixel

Initial energy 45308.479 70803.569 116368.474 114674.008

Final energy 23583.466 23575.354 23576.401 23576.01

consider what it means per pixel on average and in the worst case. If we assume that this
error is caused only by the data-term, we can conclude that

d =
N∑
i=1

|ui − fi| ≥ N min
i

|ui − fi| ⇒ min
i

|ui − fi| ≤ d/N ≈ 5.25 · 10−5 .

This means that the average (minimal) error per pixel is bounded by approximately 5.25·10−5 .
Pixels that cause an error that is higher than the minimal one reduce the upper bound for
the error for all other pixels. Considering the worst case, only 8 pixels can have the maximal
error of 1, which is the range of the gray values. On the other hand, if we assume the error is
solely caused by the regularization term, it holds that

d =

N∑
i=1

log(1 + |yi|) ≥ N log(1 + min
i

|yi|) ⇒ min
i

|yi| ≤ exp(d/N) − 1 ≈ 5.25 · 10−5 .

Therefore, the energy difference could also be caused by an average (minimal) error for the
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(a) Ground truth and noisy image. (b) Result for initialization with noisy image and zero
image.

Figure 4. Visualization of the experiment in (23). The results for two different initializations, the zero
image and the noisy image, are shown in (b). As the corresponding energy values from Table 2 suggest, the
result images are visually close to each other.

gradient of maximal 5.25 · 10−5. The worst-case analysis shows that only 8.11/ log(2) ≈ 11
pixels can have an error in the gradient of 1. These numbers suggest a small difference between
the two solutions. Figure 4(b) visualizes this difference. In this experiment, the final results
are very similar. The error seems to be better reflected by the worst-case analysis as it is
concentrated on a few outliers.

Unfortunately, it is hard to generalize this observation. For input images with more noise
or for different parameter settings, the results can differ more depending on the initialization.
The main problem is that the high dimensionality makes it hard to gain intuition about local
minima and maxima. In the following experiments, we always initialize with the noisy image.

7.4. Numerical comparison. The existence of local minima and the missing information
about the global optimum for nonconvex optimization problems complicate the evaluation.
For all of the following experiments, we agree on the following evaluation: We use the method
that achieves the lowest energy value and run it for 106 iterations; we use the solution u106 to
define E∗ := E(u106). Then we use the relative distance to this “optimal” energy value and
analyze the convergence of the sequence(

E(un) − E∗

E(u0) − E∗

)
n∈N

.

Note that if the sequence does not convergence to E∗, then the sequence can still converge to
another local optimum. As we choose E∗ such that it is minimal among the methods under
consideration, a method that does not converge to E∗ only finds a higher energy.

Iteratively reweighted Huber vs. iteratively reweighted tight convex. First, we compare IR-
Tight (Algorithm 4) against IRHuber (Algorithm 5 with ε = 1/

√
μ as suggested at the end of

subsection 5.3) for the optimization problem

(24) min
u∈R154401

λ

2
‖u − f‖22 +

1

2μ

∑
i

log(1 + μ|(Du)i|2) ,
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Figure 5. Comparison of the energy decrease for problem (24) between Algorithms 4 (IRTight) and 5
(IRHuber). The legend is the same for both plots. The proximity operator arising in the convex optimization
algorithm for IRTight is solved analytically or by using 1, 5, or 10 Newton iterations. The proximal operator
for IRHuber can be solved analytically. Therefore, in terms of runtime IRHuber is faster than IRTight, whereas
in terms of iterations all methods perform equally well.

(a) Ground truth. (b) Gaussian noise added. (c) (24) with λ = 0.1, μ =
800.

(d) (24) with λ = 0.3, μ =
250.

Figure 6. Visualization of the experiment (24).

where λ = 0.1, μ = 800, and f ∈ R
154401 is the given noisy input image from Figure 6.

The convergence plot of the energy is shown in Figure 5. IRHuber converges faster in terms
of the actual computation time than IRTight. This result is explained by the simple structure
of the IRHuber surrogate function. The proximity operator that arises in the convex surrogate
problem for the IRHuber can be solved analytically. For IRTight, solving the proximity
operator requires finding the zero of a cubic polynomial in a certain interval. For IRTight
{1,5,10}, this proximity operator is solved using Newton’s method with a maximum of 1, 5,
or 10 iterations and a break condition for the maximal absolute difference of two successive
iterates of 10−4. Closer to the optimal value, the number of iterations required by Newton’s
method decreases due to the initialization. The analytic solution for the proximity operator
needs always the same time. In terms of iterations, all methods perform equally well.

Thanks to the simple structure of IRHuber, it is more efficient for regularization problems
involving terms log(1 + y2). Therefore, in the following experimental comparison, we consider
only IRHuber. However, we should keep in mind that if the proximity operator in IRTight is
easy to solve, it is a better approximation and converges faster.
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Iteratively reweighted Huber and reweighted least squares.. We evaluate our algorithm in
terms of speed compared to iPiano (and its special case NIPS with β = 0). We consider the
problem

(25) min
u∈R154401

λ

2
‖u − f‖22 +

1

2μ

∑
i

log(1 + μ|Du|2i ) ,

where λ = 0.3, μ = 250, and f ∈ R
154401 is the given noisy input image from Figure 6 (also

see this figure for the result image).
The Lipschitz constant required by iPiano is set to L = 8. Then α = 2(1 − β)/L is

set according to the step size rules (see [67] for details). Using Algorithms 5 and 6, the
(convex) surrogate function is strongly convex and can be solved with linear convergence rate,
which is optimal for this class of problems. Algorithm iPiasco-IRHuber solves the primal
problem using iPiasco [66], and D-iPiasco-IRHuber solves the surrogate problem in the dual
formulation. Analogously, iPiasco-IRLS solves the primal problem arising in Algorithm 6,
and D-iPiasco-IRLS solves the dual problem. CG-IRLS solves the primal inner problem
using conjugate gradient. In this experiment we do not show the result of solving the inner
problem with the optimal primal dual algorithm [23, Algorithm 3], because it performed worse
and the constants in the estimate for the linear convergence rate are suboptimal.

Figure 7 analyzes the differences in convergence depending on the number of inner iter-
ations and whether the inner problem is formulated as the primal or the dual problem. In
general, we found 10 inner iterations to be a good choice for the iteratively reweighted algo-
rithms, although the optimal choice in this particular example is 5 iterations. For IRLS, the
best performance is achieved by solving the primal inner problem, whereas for IRHuber it is
advantageous to solve the dual problem.

Figure 8 shows the comparison of the energy decrease between IRHuber and IRLS. In
terms of actual computation time IRLS performs better. This is due to the split definition
of the Huber function, which additionally requires us to distinguish two cases (norm less or
greater than ε). As this extra computation cost does not matter in terms of the number of
iterations, IRHuber converges the quickest in that case. Regarding both number of iterations
and computation time, the iteratively reweighted algorithms perform better than iPiano.

Iteratively reweighted �1 on TV-term. As mentioned before, our iteratively reweighted �1
algorithm is not well suited for problems that have a quadratic behavior around 0. The cases
where the IRL1 algorithm becomes interesting is beyond the applicability of iPiano when
F2(|u|) = log(1 + |u|). iPiano can only be applied to a smoothed version of F2. However, then
a different energy is minimized. We evaluate the IRL1 algorithm on the following objective,

(26) min
u∈R154401

‖u − f‖1 +
∑
i

log(1 + |Du|i),

and use log(1 + |Du|i,ε) for iPiano. The input f and the visual result are shown in Figure 10.
The numeric comparison against iPiano with backtracking (nmiPiano in [67]) is shown in
Figure 9. On the one hand, reducing the ε in the regularization of |Du|i,ε better approximates
the original problem, but on the other hand, the problem is more difficult to solve for iPiano
and needs many more iterations. The Lipschitz constant for iPiano depends on ε and therefore
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Figure 9. Comparison of the energy decrease for problem (26) between IRL1 and different parametrizations
of iPiano. As our algorithm can optimize the nonregularized energy in (26) it achieves a lower energy. The
version PD-IRL1 no check does not check the energy decrease but updates the weights every 10th iteration. It
is the fastest in this experiment up to an accuracy of about 10−3; then PD-IRL1 takes over.

Figure 10. Visualization of the experiment (26).

directly influences the feasible step sizes. The method PD-IRL1 no check finds a worse local
optimum than PD-IRL1 and iPiano (β = 0.7, ε = 10−8) with a difference of about 10−3

compared to the “optimal” one E∗. It is faster in terms of actual computation time than
PD-IRL1 because it does not have to compute the energy. PD-IRL1 achieves a better local
optimum by doing more iterations if required. IRL1 performs better than iPiano in terms of
speed and, as it optimizes the original energy, achieves a higher accuracy.

Iteratively reweighted �1 on TGV-term. As a last numerical experiment we consider the
total generalized based variation model

(27) min
u∈RN ,v∈R2N

λ

2
‖u − f‖22 +

(
α1

μ

∑
i

log(1 + μ|Du − v|i) +
α0

μ

∑
i

log(1 + μ|Dv|i)
)

.

The experiment is performed on an image whose 3D-mesh is shown in Figure 12(a). Its
dimension is N = 16384. We compare our IRL1 algorithm against the iPiano algorithm (with
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Figure 11. Comparison of the energy decrease for problem (27) between our method and different
parametrizations of iPiano. As our algorithm can optimize the nonregularized energy, it achieves a lower
energy. Furthermore, as we solve a sequence of convex problems, we can benefit from an efficient convex pro-
gramming algorithm such as that in [23]. The version PD-IRL1 no check does not check the energy decrease
but updates the weights every 10th iteration. It is the fastest in this experiment.

backtracking) on an ε-regularized energy (nmiPiano in [67]) for the nonconvex TGV model in
terms of convergence. The model parameters are set to μ = 8, λ = 4, α1 = 0.5, and α0 = 1.
In Figure 11 the energy decrease for different methods is plotted. From the optimization
viewpoint, it is well known [17, 72] that the TGV-regularization model is a hard problem even
in the convex case. In [72], the problem is efficiently solved using the primal-dual algorithm
[23], which is also used here for the convex surrogate problems. As for our algorithm, a
sequence of convex problems arises, and we can benefit from efficient convex programming
algorithms. Therefore, we observe a faster convergence for the IRL1 algorithm compared to
iPiano. The difference becomes more and more significant the smaller the ε chosen for making
the TGV differentiable in 0.

7.5. Total generalized variation experiment. As the TGV-regularizer has been developed
only recently and first used in the nonconvex setting here, we perform another experiment
with the energy model (27) where the focus is on accuracy. Figures 12(c) and (f) compare the
convex TGV with the nonconvex TGV. For each of them, the parameters are optimized with
respect to the PSNR (peak signal-to-noise ratio) value, which is 35.835 for the convex model
and 36.672 for the nonconvex model. In (c) we set λ = 1, α1 = 0.1, and α0 = 1, and in (f) we
set μ = 8, λ = 4, α1 = 0.5, and α0 = 1.

Nonconvex norms in the regularization make a good choice when (1) sharp discontinuities
are desired or (2) the properties of the regularizer (here the ability to reconstruct piecewise
affine functions) are to be enforced.

On the other hand, the comparison between (d), (e), and (f) reveals the importance of
solving a nonregularized energy model. The result in (f) is nicely piecewise smooth. The
problem in (d) and (e) of several small outliers does not arise in the IRL1 algorithm, as the
first inner subproblem is the convex TGV model which already yields a smooth result. Then
in the next iterations, discontinuities are enhanced again.
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(a) Ground truth. (b) Noisy input image. (c) Convex TGV, PSNR: 35.825.

(d) iPiano, nonconvex log-TGV,
β = 0.75, ε = 10−4, PSNR:
33.515.

(e) iPiano, nonconvex log-TGV,
β = 0.75, ε = 10−8, PSNR:
35.679.

(f) IRL1, nonconvex log-TGV,
PSNR: 36.672.

Figure 12. Comparison of TGV regularization for the noisy input (b) using the model (27). (c) shows
the result in the convex setting is shown, and (d), (e), and (f) show the nonconvex setting with log-norm.
The comparison between (c) and (f) shows that nonconvex penalizers are the better choice, and the comparison
between (d), (e), and (f) shows the importance of solving the nonregularized energy model. As the result with
IRL1 has fewer spikes and the energy is smaller, it found a better local optimum.

8. Optical flow estimation with nonconvex regularizers. In this section we show appli-
cation examples of nonconvex energy models for the task of optical flow estimation. The same
modeling principles can be transferred directly to many other vision tasks, as demonstrated
in our conference paper [68], where we showed examples on denoising, deconvolution, depth
map fusion, and optical flow estimation. Here we focus on a more detailed analysis of optical
flow including nonconvex data-terms and nonconvex regularizers and their effects.

Optical flow describes dense correspondences between a pair of images f(x, t) and f(x, t+
1). Modeling of variational optical flow usually consists of a regularization-term and a data-
term. The first models the smoothness of the flow field. The data-term measures the difference
between the motion compensated second frame and the image of the first frame. A simple
example is the difference of gray values (brightness constancy assumption) ‖f(x+u(x), t+1)−
f(x, t)‖22, where u = (u1, u2)� is the sought-after optical flow field. Since the unknown flow
field is a variable of the generally nonconvex image, the data-term is nonconvex independent
of the properties of the penalty function. In practice, this kind of nonconvexity is dealt with
by a Gauss–Newton scheme in combination with a continuation method [18].1

Previous works on variational optical flow estimation always employ a convex penalty
function for the data-term and the regularizer. The results of the following experiments

1It cannot be approached well with our algorithm.
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(a) market6 0005 to market6 0006. (b) Ground truth flow.

(c) LDOF [19], EP (endpoint error): 13.18. (d) Oversmoothed flow field, EP: 6.59.

Figure 13. Considering only the quantitative result shows that the method from (d) is better than that in
(c). However, the oversmoothed result in (d) is practically useless compared to (c).

indicate that one can benefit from using nonconvex penalties. Details such as parameter
optimization, the optimal usage in conjunction with a continuation method, etc., need further
investigation to compete with heavily tuned methods on standard benchmark datasets. Such
optimization is beyond the scope of this paper. In the following, we present three ways to
apply and use the nonconvex penalties with the algorithm proposed in this paper: a nonconvex
penalty on the brightness constancy assumption, a nonconvex regularizer, and a nonconvex
penalty for integrating point correspondences into variational methods.

The experiments are performed on image pairs (clean version) from the Sintel benchmark
[20].2 The standard quality measure of the Sintel benchmark is the average endpoint error. It
is well known that average errors emphasize global properties of the flow fields while details
such as sharp discontinuities are underrepresented. Figure 13 shows an example. This fact
is disadvantageous for nonconvex regularization penalties, which are particularly good for
obtaining sharp discontinuities. For this reason, we present mainly qualitative results, but we
also report the endpoint errors.

8.1. Nonconvex data-term: Robust optical flow. Outliers in the data-term, mostly
caused by occlusion, are a major issue in optical flow estimation. There are two aspects
of this problem: detection of occluded points and interpolation of the flow field at these
points. Nonconvex penalty functions allow for a straightforward approach to implicitly deal
particularly with the first aspect. The basic assumption for estimating the optical flow is the
brightness constancy (or color constancy) assumption. As it is typically not satisfied in occlu-

2The Sintel benchmark provides ground truth optical flow fields for a realistically rendered video. It provides
three different stages of this rendering process: albedo, clean, and final.
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(a) bandage1 0011 to bandage1 0012. (b) Ground truth flow.

(c) Final data-term weighting. (d) Flow estimated using (28).

Figure 14. The weighting mask is part of the optimization using our algorithm due to using a robust,
nonconvex norm. It is not introduced separately. The algorithm automatically weights down the brightness
constancy assumption where it is violated (darker areas in (c)). Each color channel is weighted individually
and the corresponding color represents the weighting.

sion areas, the penalty on the brightness constancy should be reduced there. This is naturally
achieved by nonquadratic penalties, which implicitly weigh down the influence of points that
contradict the constancy assumption. With convex penalty functions, however, the effect is
often not strong enough. With nonconvex penalty functions, the influence of outliers can be
reduced much more. In the limit, this approaches the algorithmic two-step treatment, where
outliers are first detected explicitly and then removed completely from the estimation process.

As in occlusion areas the measured data is invalid, the optical flow field in these areas
must be inferred by prior knowledge such as smoothness of the flow field. In a variational
formulation, which seeks a global agreement of all constraints, the reduction of the penalty
on the brightness constancy assumption automatically assigns more importance to the regu-
larization term in these areas. It is an open question as to what is the best regularizer for
this job. We consider regularization with total variation, which is easy to use and preserves
discontinuities. It could be easily replaced by some other, more complex prior.

We consider the following energy model:

(28) min
u

∑
i

|∇u|i +
λ

μ

∑
i,k

log(1 + μ|ρk(u)|i) ,

where ρk(u) = fk
t +(∇fk)�(u−u0) implements the linearized brightness constancy assumption

for the color channel k ∈ {1, 2, 3}, and λ = 15, μ = 5.
We minimize the energy with the iteratively reweighted �1 algorithm. The algorithm gen-

erates an automatic weighting for the data-term. The weights are small where the brightness
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constancy assumption does not hold, i.e., for outliers. The weighting is directly inferred from
the cost function. The approach in [7] models occlusions explicitly, but in the end it comes
down to a similar weighting. Figure 14 shows an example. As expected, the weighting in
Figure 14(c) shows a reduction of the penalty, particularly in occlusion areas.

Despite the quite good detection of the occlusion region due to the nonconvex penalty,
the optical flow of the arms still leaks into the background. This is due to the weak smooth-
ness prior, which does not take the direction of the occlusion into account. Future work on
smoothness priors may exploit the detected occlusion regions more effectively.

8.2. Nonconvex TGV regularized optical flow. Total variation is the most popular reg-
ularizer for the optical flow field. However, it penalizes flow fields that describe rotation and
scaling motion. Total generalized variation deals with this problem, as affine motion can be
described without penalty. Therefore, we consider the variational model given by

(29) min
u,v

λQ(f, u) + α1F2,1(|∇u − v|) + α0F2,0(|∇v|),

where Q(f, u) is the quadratic fitting term from [83] using normalized cross correlation, and
F2,1, F2,0 are (possibly different) nonconvex penalty functions. The model described in (29)
can be used to enforce the TGV properties by using nonconvex norms. This yields highly
desirable sharp motion discontinuities as can be seen in Figures 15(e),(f). The penalty on
|∇v| can be seen as a penalty on kinks in the flow field. Reducing the cost of sharp kinks
by a nonconvex penalty often leads to the fact that sharp discontinuities in the flow field are
replaced by a linear transition with two sharp kinks. Therefore, we set F2,0 = id.

8.3. Nonconvex integration of point correspondences. Current state-of-the-art methods
[85, 19, 82] usually incorporate a sparse or semidense feature matching in the optimization
procedure. In LDOF (large displacement optical flow) [19], the deviation of the estimated
flow field from these feature matches is penalized. The penalty is based on the �1-norm.
Nonconvex norms are more robust and can deal with more erroneous feature matches in a
certain local area than the �1-norm. In the following model, we propose using a nonconvex
penalty function for the deviation from the initial feature matches:

(30) min
u,v

λ‖Q(f, u)‖1 +
β

p
‖u − uFM‖p,ε + α1‖∇u − v‖1 + α0‖∇v‖1,

where Q(f, u) is the quadratic fitting term from [83] using normalized cross correlation, uFM

are sparse feature correspondences estimated as in [19], and p ≤ 1 determines the nonconvexity
of the feature matching penalizer. Figure 16 compares the convex and nonconvex penalty
terms. In this formulation, we evaluate a convex energy (cFMcTGV ) with p = 1, ε = 0,
λ = 1, and β = 2 versus a nonconvex energy (ncFMcTGV ) with p = 0.5, ε = 0.001, λ = 0.8,
and β = 3. Both settings use α1 = 0.2 and α0 = 1. All parameters were optimized for
two challenging image pairs of the Sintel optical flow benchmark [20]. The two image pairs
are chosen complementary in the way feature matches should be used. For market6 0005,
many feature matches (bottom of the image) should be considered as outliers, whereas for
cave2 0015 the few correct feature matches on the dragon must be used to capture the large
motion. Our results show that feature matching driven optical flow methods can benefit highly
from nonconvex penalty functions.
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(a) mountain 0001 to mountain 0002. (b) Ground truth flow.

(c) EP: 0.156 (convex regularizer). (d) EP: 0.152 (nonconvex regularizer).

(e) Zoom into (c) (convex regularizer). (f) Zoom into (d) (nonconvex regularizer).

Figure 15. (c) is obtained with model (29) and λ = 0.3, α1 = 0.1, α0 = 1.0, F2,1 = ‖ · ‖2, F2,0 = ‖ · ‖2; (d)
uses the parameters λ = 0.25, α1 = 0.1, α2 = 1.0, F2,1(|x|) = 2 log(1 + 1

2
|x|), F2,0 = ‖ · ‖2. The result in (d)

and its zoom (f) show that using nonconvex penalizers is beneficial and yields sharp discontinuities.

9. Conclusion. In this paper, we proposed a general algorithm for a certain class of
nonsmooth nonconvex optimization problems: the sum of a convex function and a compo-
sition of a coordinatewise convex function with a nonconvex function. It is a majorization-
minimization (MM) algorithm that contains the iteratively reweighted least squares and the
iteratively reweighted �1 algorithm as special cases. Moreover, we introduced two other special
instances of the algorithm with favorable properties.
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(a) LDOF feature matches for market6 0005. (b) Ground truth flow.

(c) cFMcTGV, EP: 11.78. (d) ncFMcTGV, EP: 7.77.

(e) LDOF feature matches for cave2 0015. (f) Ground truth flow.

(g) cFMcTGV, EP: 9.20. (h) ncFMcTGV, EP: 8.79.

Figure 16. Result for two image pairs from the Sintel optical flow benchmark using the model (30). The two
image pairs are chosen because they require complementary usage of the feature matches. In (a) many matches
at the bottom should be considered as outliers, whereas in (e) the few matches on the dragon are important.
With the algorithm proposed in this paper the usage of a robust penalty for the feature matching term is possible.
Such a robust penalty is used for ncFMcTGV. In cFMcTGV an �1-penalty is used. The parameters for both
methods have been optimized. ncFMcTGV can deal with the two complementary requirements of the feature
correspondences much better than cFMcTGV.
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As the proposed algorithm is an MM algorithm, it yields nonincreasing function values,
which together with coercivity imply the existence of a converging subsequence for proper
functions. In the second part of our convergence analysis, convergence for the whole sequence
of iterates was proved under additional mild assumptions such as Lipschitz continuity of the
gradient of the nonconvex part of the objective function. Assuming that the objective has
the Kurdyka–�Lojasiewicz (KL) property at accumulation points, we benefit from a recently
proved convergence result for abstract descent methods. A careful analysis of our situation
allowed us to verify the conditions under which this abstract theorem holds.

The second part of the paper is devoted to the numerical analysis. It was shown that,
starting with different initializations, the algorithm mostly ends up in the same local optimum
and that the proposed algorithm converges quickly. Particularly for nonsmooth, nonconvex
problems, other methods are applicable only after regularization, which usually makes the
convergence dependent on the regularization parameter. There is always a trade-off between
approximation accuracy (with the regularization parameter) and speed, which is not the case
for our algorithm. This is also demonstrated on a computer vision example with nonconvex
total generalized variation (TGV) regularization (special penalization of first- and higher-
order derivatives). To the best of our knowledge, we are the first to consider and solve such
nonconvex variants of TGV regularization.

Finally, in order to prove the practical impact of our algorithm, we applied it to sev-
eral situations with nonconvex terms in optical flow estimation and observed a consistent
improvement compared to corresponding convex penalty terms.

10. Appendix.

10.1. Mathematical preliminaries. We review here some definitions and results from [76].
Definition 1 (domain). The domain of a function f : Rn → R is the set dom f := {x ∈ R

n :
f(x) < ∞}. The domain of a point-to-set mapping F : Rn ⇒ R

m is the set dom F := {x ∈
R
n : F (x) �= ∅}.

Definition 2 (normal vectors, normal cone). Let C ⊂ R
n and x̄ ∈ C. A vector v is a regular

normal vector to C at x̄, written v ∈ N̂C(x̄), if

lim sup
x→

C
x̄

x �=x̄

〈v, x − x̄〉
‖x − x̄‖2

≤ 0 ,

where x →
C

x̄ means all sequences (xν)ν∈N converging to x̄ with xν ∈ C for all ν ∈ N. It is a

(general) normal vector to C at x̄, written v ∈ NC(x̄), if there are sequences xν →
C

x̄, vν → v

with vν ∈ N̂C(xν).
Definition 3 (Clarke regularity). A function f : Rn → R is called (Clarke) regular at x̄ if

f(x̄) is finite and the epigraph epi f := {(x, t)|x ∈ dom f, t ≥ f(x)} is Clarke regular at
(x̄, f(x̄)) as a subset of Rn ×R, i.e., epi f is locally closed and it holds Nepi f (x̄) = N̂epi f (x̄).

We need the following generalization of the subgradient of convex functions [76, Def. 8.3].
Definition 4 (limiting-subgradient, regular subgradient, horizon subgradient). For a function

f : Rn → R and a point x̄ ∈ dom f,
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1. the subgradient (or limiting-subgradient) is defined by

(31) ∂f(x̄) = {v ∈ R
n| ∃xν → x̄, f(xν) → f(x̄), vν → v, vν ∈ ∂̂f(xν)} ,

which makes use of the regular subgradient defined by

∂̂f(x̄) =

{
v ∈ R

n| lim inf
x→x̄
x �=x̄

1

‖x − x̄‖2
(f(x) − f(x̄) − 〈x − x̄, v〉) ≥ 0

}
;

2. the horizon subgradient is defined by

∂∞f(x̄) = {v ∈ R
n| ∃xν → x̄, f(xν) → f(x̄), ∃λν ↘ 0 : λνvν → v, vν ∈ ∂̂f(xν)} .

This definition allows the optimality of a point x̂ ∈ X to be characterized by 0 ∈ ∂F (x̂).
Such an x̂ is called a stationary point.

The following corollary relates this definition to the notions of subgradient and regular
subgradient [76, Cor. 8.11].

Corollary 1. For a function f : Rn → R and a point x̄ with f(x̄) finite and ∂f(x̄) �= ∅, one
has that f regular at x̄ implies that f is locally lsc at x̄ with

∂f(x̄) = ∂̂f(x̄) .

An important concept for many results in variational analysis is Lipschitz continuity. We
formulate it as defined in [76, Def. 9.1].

Definition 5 (Lipschitz continuity). Let F : D → R
m be a single-valued mapping defined on

a set D ⊂ R
n and let X ⊂ D. Then, we define F as Lipschitz continuous on X if there exists

L ∈ [0,∞) with

‖F (x) − F (y)‖2 ≤ L‖x − y‖2 for all x, y ∈ X .

Then L is called the Lipschitz constant for F on X.
For the convergence analysis of our algorithm, a certain class of functions, namely func-

tions with Lipschitz continuous gradient, will be of importance. A continuously differentiable
function f : X → R with X ⊂ R

n open and with Lipschitz continuous gradient L > 0 satisfies,
by definition,

‖∇f(x) −∇f(y)‖2 ≤ L‖x − y‖2 for all x, y ∈ X .

Another property for such functions is given by the following lemma.
Lemma 2. Let f : X → R have a Lipschitz continuous gradient with L > 0 and let X ⊂ R

n

open. Then for any y ∈ X it holds that

(32) f(x) ≤ f(y) + 〈∇f(y), x − y〉 +
L

2
‖x − y‖22 for all x ∈ X .

Proof. See [60].
Proposition 7. Let f : Rn → R have a Lipschitz continuous gradient; then f is a regular

function.
Proof. See [76, Thm. 9.18].
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Where Lipschitz continuity of the gradient of a function is important to find quadratic
majorizers of the function, strong convexity provides a way to access quadratic minorizers for
convex functions. This property can be defined as follows.

Definition 6 (strongly convex function). A proper function f : Rn → R is called strongly
convex if there exists μ > 0 such that f(x) − μ/2‖x‖22 is a convex function. The parameter μ
is denoted as the convexity parameter.

Lemma 3. Let f : X → R, X ⊂ R
n, be a proper, strongly convex function with convexity

parameter μ > 0. Then for any y ∈ dom ∂f it holds that

(33) f(x) ≥ f(y) + 〈ξ, x − y〉 +
μ

2
‖x − y‖22 for all ξ ∈ ∂f(y) and x ∈ X .

Proof. The statement is a simple consequence of Definition 6.
The following proposition combines the definition of Lipschitz continuity with [76, Thm.

9.13].
Proposition 8 (relation horizon and limiting-subgradient). Let f : Rn → R be a locally lsc

function with finite value at x̄. Then the following statements are equivalent:
1. f is locally Lipschitz continuous at x̄,
2. ∂∞f(x̄) = {0},
3. ∂f : x → ∂f(x) is locally bounded at x̄,
4. ∂̂f : x → ∂̂f(x) is locally bounded at x̄.

The next proposition relates the subgradient of a sum of functions to the sum of the
subgradients of functions (see [76, Cor. 10.9]).

Proposition 9 (addition of functions). Suppose f = f1 + · · · + fm for proper, lsc functions
fi : R

n → R, and let x̄ ∈ dom f . Then

∂̂f(x̄) ⊃ ∂̂f1(x̄) + · · · + ∂̂fm(x̄) .

If the only combination of vectors vi ∈ ∂∞fi(x̄) with v1 + · · · + vm = 0 is v1 = · · · = vm = 0,
one also has that

∂f(x̄) ⊂ ∂f1(x̄) + · · · + ∂fm(x̄) .

If also each fi is Clarke regular at x̄, then f is Clarke regular at x̄ and

∂f(x̄) = ∂f1(x̄) + · · · + ∂fm(x̄) .

In our analysis, we will need an extended version of the chain rule that applies to compo-
sitions of nonsmooth functions as in [76, Thm. 10.49].

Proposition 10 (extended chain rule). Let f(x)=F (G(x)) for a proper, lsc function F : Rm→
R and a locally Lipschitz continuous vector-valued function G : X → R

m, X ⊂ R
n. Then, for

x̄ ∈ X it holds that

∂̂f(x̄) ⊃ D̂∗G(x̄)[∂̂F (G(x̄))] =
⋃

{∂̂ 〈y,G〉 (x̄)| y ∈ ∂̂F (G(x̄))} .

If the only vector y ∈ ∂∞F (G(x̄)) with 0 ∈ ∂ 〈y,G〉 (x̄) is y = 0, one also has

∂f(x̄) ⊂ D∗G(x̄)[∂F (G(x̄))] =
⋃

{∂ 〈y,G〉 (x̄)| y ∈ ∂F (G(x̄))} .
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If in addition F is regular at G(x̄) and 〈y,G〉 is regular at x̄ for each y ∈ ∂F (G(x̄)), then f
is regular at x̄ and ∂f(x̄) = D∗G(x̄)[∂F (G(x̄))].

Finally, the convergence analysis will be valid only for functions satisfying the so-called
Kurdyka–�Lojasiewicz (KL) property. From a practical point of view, this is not a restriction,
as almost all functions of practical relevance in computer vision or machine learning have
this property. The KL property was originally introduced in [56] for smooth functions and
generalized in [52] for functions with o-minimal structure. Now it is known that real analytic,
semialgebraic, or more general globally subanalytic functions have the KL property [14], and
even more general lsc functions that are definable in an o-minimal structure [15]. Recently,
this property became widely used for proofs of convergence for nonsmooth nonconvex func-
tions. Before we give a proper definition of the KL property, we consider the definition of
semialgebraic functions, which provide a rich class of KL functions.

Definition 7 (semialgebraic sets and functions (from [6])).
1. A subset S of R

n is a real semialgebraic set if there exists a finite number of real
polynomial functions fi,j, gi,j : Rn → R, 1 ≤ i ≤ q, 1 ≤ j ≤ p such that

S =

p⋃
j=1

q⋂
i=1

{x ∈ R
n : fi,j(x) = 0, gi,j(x) < 0} .

2. A function f : Rn → R is called a semialgebraic function if its graph {(x, λ) ∈ R
n+1 :

f(x) = λ} is a semialgebraic subset of Rn+1.
Simple examples of semialgebraic functions are polynomials, ‖ · ‖2, or indicator functions

of semialgebraic sets. In order to generate more examples, usually the behavior under combi-
nation with certain operations is considered. The following can be shown (see, e.g., [13]):

• Semialgebraic sets are stable under finite unions, finite intersections, complementation,
and Cartesian products.

• The image and preimage of a semialgebraic set under a semialgebraic function is
semialgebraic.

• Finite sums and products of semialgebraic functions are semialgebraic.
• Compositions of semialgebraic functions are semialgebraic.

Although we do not define o-minimal structures, it is worth mentioning that semialgebraic
functions are definable in an o-minimal structure. In some definitions of o-minimal structures,
the class of semialgebraic sets is even part of the definition. It is usually considered as the
smallest o-minimal structure. Actually, o-minimal structures are an axiomatic collection of
the favorable properties of semialgebraic functions. They are stable under the same operations
as those mentioned above. o-minimal structures that properly contain the semialgebraic sets
are globally subanalytic sets [40]. There is even a larger o-minimal structure, namely the
log–exp structure, which comprises the globally subanalytic structure and the graph of the
exponential function [32, 84]. As mentioned above, functions that are definable in such an
o-minimal structure have the KL property [15, Thm. 14].

Now, as we have some examples, we consider the formulation of the KL property as in [6].
Definition 8 (Kurdyka–�Lojasiewicz property). Let f : Rn → R be an extended real-valued

function and let x̂ ∈ dom ∂f . If there exists η ∈ (0,∞], a neighborhood U of x̂ and a contin-
uous concave function ϕ : [0, η) → R+ such that ϕ(0) = 0, ϕ ∈ C1((0, η)) for all s ∈ (0, η) is
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ϕ′(s) > 0 and for all x ∈ U ∩ {x ∈ R
n : f(x̂) < f(x) < f(x̂) + η} the KL inequality

(34) ϕ′(f(x) − f(x̂)) dist(0, ∂f(x)) ≥ 1

holds, then the function has the KL property at x̂.
If, additionally, the function is lsc and the property holds for each point in dom ∂f , then

f is called a KL function.
It is easy to see that the KL property is satisfied for all nonstationary points (see, e.g.,

[5]). For the purpose of intuition, it should be mentioned that for smooth functions (with
f(x̂) = 0) (34) is equivalent to ‖∇(ϕ ◦ f)(x)‖2 ≥ 1. This means that after reparametrization
via ϕ, the gradient ∇f may be bounded away from 0.

Reference [6] proves convergence of a sequence (xk)k∈N under the following assumptions.
This convergence theorem is central to our analysis, as we verify the sequence generated by
Method 1, which is the most general, to obey these properties. We recap this result of [6]
here.

Let f : Rn → R be a proper lsc function and let a and b be fixed positive constants. We
consider the following properties:

(H1) (sufficient decrease condition). For each k ∈ N,

f(xk+1) + a‖xk+1 − xk‖22 ≤ f(xk) .

(H2) (relative error condition). For each k ∈ N, there exists wk+1 ∈ ∂f(xk+1) such that

‖wk+1‖2 ≤ b‖xk+1 − xk‖2 .

(H3) (continuity condition). There exists a subsequence (xkj)j∈N and x̃ such that

xkj → x̃ and f(xkj) → f(x̃), as j → ∞ .

Theorem 3 (convergence of descent methods [6, Thm. 2.9]). Let f : Rn → R be a proper lsc
function. Consider a sequence (xk)k∈N that satisfies H1, H2, and H3.

If f has the KL property at the cluster point x̃ specified in H3, then the sequence (xk)k∈N
converges to x̄ = x̃ as k goes to infinity, and x̄ is a critical point of f .

Moreover, the sequence (xk)k∈N has a finite length, i.e.,

∞∑
k=0

‖xk+1 − xk‖2 ≤ ∞ .
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[58] B. Martinet, Brève communication. Régularisation d’inéquations variationnelles par approximations
successives, ESAIM Math. Model. Numer. Anal., 4 (1970), pp. 154–158.

[59] D. Mumford and J. Shah, Optimal approximations by piecewise smooth functions and associated vari-
ational problems, Comm. Pure Appl. Math., 42 (1989), pp. 577–685.

[60] Y. Nesterov, Introductory Lectures on Convex Optimization: A Basic Course, Appl. Optim. 87, Kluwer
Academic Publishers, Boston, MA, 2004.

[61] Y. Nesterov, Smooth minimization of non-smooth functions, Math. Program., 103 (2005), pp. 127–152.
[62] Y. Nesterov, Gradient methods for minimizing composite functions, Math. Program., 140 (2013),

pp. 125–161.
[63] M. Nikolova, Markovian reconstruction using a gnc approach, IEEE Trans. Image Process., 8 (1999),

pp. 1204–1220.
[64] M. Nikolova and R. H. Chan, The equivalence of half-quadratic minimization and the gradient lin-

earization iteration, IEEE Trans. Image Process., 16 (2007), pp. 1623–1627.
[65] J. Nocedal and S. J. Wright, Numerical Optimization, 2nd ed., Springer, New York, 2006.
[66] P. Ochs, T. Brox, and T. Pock, iPiasco: Inertial Proximal Algorithm for Strongly Convex Opti-

mization, Technical Report, 2014. http://lmb.informatik.uni-freiburg.de/Publications/2015/OB15/
ipiasco.pdf.

[67] P. Ochs, Y. Chen, T. Brox, and T. Pock, iPiano: Inertial proximal algorithm for nonconvex opti-
mization, SIAM J. Imaging Sci., 7 (2014), pp. 1388–1419.

[68] P. Ochs, A. Dosovitskiy, T. Pock, and T. Brox, An iterated �1 algorithm for non-smooth non-convex
optimization in computer vision, in Proceedings of the IEEE International Conference on Computer
Vision and Pattern Recognition (CVPR), Portland, OR, 2013, pp. 1759–1766.

[69] P. Perona and J. Malik, Scale space and edge detection using anisotropic diffusion, in Proceedings of
the IEEE Computer Society Workshop on Computer Vision, Miami Beach, FL, 1987, pp. 16–22.

[70] T. Pock and A. Chambolle, Diagonal preconditioning for first order primal-dual algorithms in convex
optimization, in Proceedings of the IEEE International Conference on Computer Vision (ICCV),
Barcelona, 2011, pp. 1762–1769.

[71] T. Pock, D. Cremers, H. Bischof, and A. Chambolle, An algorithm for minimizing the Mumford-
Shah functional, in Proceedings of the 12th IEEE International Conference on Computer Vision
(ICCV), Kyoto, 2009, pp. 1133–1140.

[72] T. Pock, L. Zebedin, and H. Bischof, TGV-fusion, in Rainbow of Computer Science, C. S. Calude,
G. Rozenberg, A. Salomaa, eds., Lecture Notes in Comput. Sci. 6570, Springer, Heidelberg, 2011,
pp. 245–258.

[73] B. T. Polyak, Some methods of speeding up the convergence of iteration methods, USSR Comput. Math.
Math. Phys., 4 (1964), pp. 1–17.

[74] M. J. D. Powell, A method for nonlinear constraints in minimization problems, in Optimization,
R. Fletcher, ed., Academic Press, New York, 1969, pp. 283–298.

[75] R. T. Rockafellar, Monotone operators and the proximal point algorithm, SIAM J. Control Optim.,
14 (1976), pp. 877–898.

[76] R. T. Rockafellar and R. J.-B. Wets, Variational Analysis, Grundlehren Math. Wiss. 317, Springer-
Verlag, Berlin, 1998.

[77] S. Roth and M. J. Black, Fields of experts, Internat. J. Comput. Vision, 82 (2009), pp. 205–229.
[78] S. Sra, Scalable nonconvex inexact proximal splitting, in Advances in Neural Information Processing

Systems (NIPS), Lake Tahoe, NV, P. Bartlett et al., eds., 2012, pp. 539–547.

http://lmb.informatik.uni-freiburg.de/Publications/2015/OB15/ipiasco.pdf
http://lmb.informatik.uni-freiburg.de/Publications/2015/OB15/ipiasco.pdf


372 P. OCHS, A. DOSOVITSKIY, T. BROX, AND T. POCK

[79] E.-G. Talbi and T. Muntean, Hill-climbing, simulated annealing and genetic algorithms: A com-
parative study and application to the mapping problem, in Proceedings of the Twenty-Sixth Hawaii
International Conference on System Sciences, vol. ii, Wailea, HI, 1993, pp. 565–573.

[80] H.A. Le Thi, V. N. Huynh, and T. Pham Dinh, Convergence Analysis of DC Algorithm for DC
Programming with Subanalytic Data, Technical Report, 2009. http://www.optimization-online.org/
DB HTML/2013/08/3996.html.

[81] C. R. Vogel and M. E. Oman, Fast, robust total variation-based reconstruction of noisy, blurred images,
IEEE Trans. Image Process., 7 (1998), pp. 813–824.

[82] P. Weinzaepfel, J. Revaud, Z. Harchaoui, and C. Schmid, DeepFlow: Large displacement optical
flow with deep matching, in Proceedings of the IEEE International Conference on Computer Vision
(ICCV), Sydney, NSW, 2013, pp. 1385–1392.

[83] M. Werlberger, T. Pock, and H. Bischof, Motion estimation with non-local total variation regu-
larization, in Proceedings of the IEEE International Conference on Computer Vision and Pattern
Recognition (CVPR), San Francisco, CA, 2010, pp. 2464–2471.

[84] A. J. Wilkie, Model completeness results for expansions of the ordered field of real numbers by restricted
pfaffian functions and the exponential function, J. Amer. Math. Soc., 9 (1996), pp. 1051–1094.

[85] L. Xu, J. Jia, and Y. Matsushita, Motion detail preserving optical flow estimation, IEEE Trans.
Pattern Anal. Mach. Intell., 34 (2012), pp. 1744–1757.

[86] S. K. Zavriev and F. V. Kostyuk, Heavy-ball method in nonconvex optimization problems, Comput.
Math. Model., 4 (1993), pp. 336–341.

http://www.optimization-online.org/DB_HTML/2013/08/3996.html
http://www.optimization-online.org/DB_HTML/2013/08/3996.html


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


