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Abstract

We study first-order optimality for constrained composite optimization problems whose ob-
jective is the sum of a locally Lipschitz function and a proper lower semicontinuous function.
We focus on the case in which the limiting subdifferential of the latter function is empty at a
point of interest, so that the usual KKT conditions are unavailable. We examine what optimal-
ity conditions remain in this setting. We show that any local minimizer must have an active
constraint and satisfies a Fritz–John condition based on the horizon subdifferential, indepen-
dently of any constraint qualification. We then establish an approximate KKT condition that
retains information from the Lipschitzian part of the objective. Under differentiability away
from the point of interest, a safeguarded augmented Lagrangian method generates a sequence
of distinct points satisfying this condition and converging to the minimizer. If the function
values of the lower semicontinuous term also converge, the sequence yields the horizon-based
condition.

1 Introduction

We investigate constrained composite optimization problems of the form

min
x

f(x) + Φ(x) s.t. h(x) = 0, g(x) ≤ 0, (P)

where f : Rn → R, h : Rn → Rm, g : Rn → Rp are locally Lipschitz, and Φ : Rn → R is proper
and lower semicontinuous, but not necessarily locally Lipschitz at a minimizer x∗.

The nonsmooth terms in (P) call for generalized subdifferentials in the formulation of first-
order optimality conditions. For general nonconvex problems, the Fréchet and Mordukhovich
subdifferentials are commonly used [7], while the Clarke subdifferential is useful for locally Lipschitz
functions [8]. In particular, KKT-type conditions involving the Mordukhovich subdifferential of Φ,
also called limiting subdifferential and denoted by ∂Φ, have been established for (P) under suitable
constraint qualifications (CQs) and subdifferential sum-rule conditions [7, 8].

When ∂Φ(x∗) ̸= ∅, optimality conditions from the smooth setting can be adapted by replac-
ing gradients with ∂Φ(x∗). However, the case ∂Φ(x∗) = ∅ is more delicate. In the literature,
Fritz–John-type conditions for this case are derived using the so-called horizon subdifferential
∂∞Φ(x∗) [8]; see [6, 9]. Geometrically, ∂∞Φ(x∗) captures arbitrarily steep variations of Φ around
x∗, which cannot be represented by finite subgradients (see Definition 1). Although the condition
∂Φ(x∗) = ∅ may appear exceptional, it can occur in elementary problems; see Example 1.

However, optimality using ∂∞Φ(x∗) has an important limitation: the Lipschitzian term f is
not present, thereby losing the complete first-order structure of the objective. This motivates the
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sequential analyses developed in this work. We investigate how a local minimizer with an empty
limiting subdifferential can be approached by points at which ordinary first-order information is
still available. This allows us to preserve the contribution of f and, at the same time, establish
a connection with sequences generated by optimization methods. Specifically, our contributions
regarding (P) are:

• we show that, for x∗ to be a local minimizer with ∂Φ(x∗) = ∅, some constraint must be active
at x∗;

• we clarify the Fritz–John alternative when ∂Φ(x∗) = ∅, showing that it necessarily holds
without any CQ. We also explain why horizon-adapted CQs, as proposed in [6, 9], are
unnecessary for obtaining this certificate;

• we prove that every local minimizer with ∂Φ(x∗) = ∅ admits an approximate KKT (AKKT)
sequence {xk} with xk ̸= x∗, in the spirit of the construction used in smooth optimization [2].
Unlike the horizon condition, this sequential condition retains the first-order information of
f ;

• we connect AKKT with a safeguarded augmented Lagrangian (AL) method discussed, e.g.,
in [1, 5]. Under the additional hypothesis Φ(xk)→ Φ(x∗), we are able to recover the horizon-
based optimality. We also show by an example that this function-value convergence cannot
be omitted.

The paper is organized as follows. Section 2 recalls useful concepts from variational analysis
and Fritz–John conditions for (P). In Section 3, we present our sequential optimality condition
and investigate its connection with AL methods. Finally, Section 4 brings our conclusions.

Notation ∥ · ∥ denotes the Euclidean norm in Rn and ∥ · ∥∞ denotes the maximum norm. The
open and closed balls centered at x with radius ε are denoted by B(x, ε) and B[x, ε], respectively;
unless otherwise specified, the norm will be arbitrary. R+ is the set of nonnegative real numbers
and R = R∪{−∞,∞}. Given z ∈ Rn, we write z+ = (max{0, z1}, . . . ,max{0, zn}). For sets A and
B, A+ B = {a+ b | a ∈ A, b ∈ B}. We write tk ↓ 0 to denote that the sequence {tk} of positive
scalars converges to zero. We write xk →Ψ x∗ to denote limk x

k = x∗ and limk Ψ(xk) = Ψ(x∗).

2 Mathematical background

2.1 Useful concepts and results from variational analysis

Following [8], a function Ψ : Rn → R is said to be lower semicontinuous at x if, for any sequence
{xk} converging to x, we have

lim inf
k→∞

Ψ(xk) ≥ Ψ(x).

If Ψ is lower semicontinuous at all points of its domain, we simply say that Ψ is lower semicon-
tinuous (l.s.c. for short). Moreover, we say that Ψ is proper if Ψ(x) < ∞ for at least one x and
Ψ(x) > −∞ for all x ∈ Rn. Ψ(x) is said to be finite whenever Ψ(x) ∈ R. Finally, a finite sum of
proper and l.s.c. functions is l.s.c.; see [8, Proposition 1.39].

Definition 1 ([8, Definition 8.3]). Let Ψ : Rn → R. For any x ∈ Rn such that Ψ(x) is finite,

• the regular (or Fréchet) subdifferential of Ψ at x is defined by

∂̂Ψ(x) := {v | Ψ(y) ≥ Ψ(x) + vT (y − x) + o(∥y − x∥) ∀y};

• the limiting (or Mordukhovich) subdifferential of Ψ at x is defined by

∂Ψ(x) := {v | ∃xk →Ψ x, vk ∈ ∂̂Ψ(xk) s.t. vk → v} = lim sup
y→Ψx

∂̂Ψ(y);
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• and the horizon subdifferential of Ψ at x is defined by

∂∞Ψ(x) := {v | ∃xk →Ψ x, vk ∈ ∂̂Ψ(xk), tk ↓ 0, such that tkv
k → v}.

Proposition 1 (Subdifferential properties [8, Theorem 8.6, Exercise 8.8]). For every x ∈ Rn such
that Ψ(x) is finite we have

(i) ∂̂Ψ(x) ⊂ ∂Ψ(x);

(ii) if additionally Ψ is smooth on an open neighborhood of x, then ∂̂Ψ(x) = ∂Ψ(x) = {∇Ψ(x)}
and ∂∞Ψ(x) = {0};

(iii) if Ψ = Ψ0 +Ψ1, where Ψ0 is smooth on an open neighborhood of x and Ψ1(x) is finite, then
∂Ψ(x) = ∇Ψ0(x) + ∂Ψ1(x) and ∂∞Ψ(x) = ∂∞Ψ1(x).

A useful characterization of local Lipschitz continuity is given in terms of the horizon subdif-
ferential [9]: if Ψ : Rn → R is l.s.c. and finite at x∗, then

Ψ is locally Lipschitz around x∗ ⇐⇒ ∂∞Ψ(x∗) = {0}. (1)

Below, we list other useful results.

Proposition 2 (Lipschitz sum rule [9, Proposition 2(i)]). Let f : Rn → R be locally Lipschitz
around x∗, and let Ψ : Rn → R be l.s.c. and finite at x∗. Then, for any α, β > 0, we have
∂(αf + βΦ)(x∗) ⊂ α∂f(x∗) + β∂Φ(x∗).

Proposition 3 ([8, Theorem 1.9.]). Let Ψ : Rn → R be a l.s.c. and proper function such that the
level set {x | Ψ(x) ≤ α} is bounded for all α ∈ R. Then inf Ψ(x) > −∞ and the set of minima of
Ψ is nonempty and compact.

Proposition 4 (Fermat rule [8, Theorem 10.1]). If x∗ is a local minimizer of a proper function

Ψ : Rn → R, then 0 ∈ ∂̂Ψ(x∗).

2.2 Fritz–John optimality conditions for (P)

Fritz–John conditions for (P) were established in [6]. Specifically, if x∗ is a local minimizer, then

there exist multipliers λ ∈ Rm and µ ∈ R|I(x∗)|
+ , not all zero, such that at least one of the following

conditions holds:

0 ∈ ∂∞Φ(x∗) +

m∑
j=1

∂(λjhj)(x
∗) +

∑
i∈I(x∗)

µi∂gi(x
∗), (2)

0 ∈ ∂(f +Φ)(x∗) +

m∑
j=1

∂(λjhj)(x
∗) +

∑
i∈I(x∗)

µi∂gi(x
∗), (3)

where I(x∗) = {i | gi(x∗) = 0}. Expression (3) is known as the KKT condition for (P). Since
this condition cannot hold when ∂Φ(x∗) = ∅, the assumptions imposed in [6] to guarantee KKT
at a local minimizer necessarily exclude this case. Note that when Φ is Lipschitz around x∗, we
have ∂∞Φ(x∗) = {0} by (1), and thus (2) becomes a linear independence-type condition between
the subdifferentials. In particular, (2)–(3) recover the classical necessary condition “KKT or not
LICQ” when all data functions are smooth (“LICQ” stands for the linear independence CQ).

As we mentioned in the introduction, we focus on the case ∂Φ(x∗) = ∅, for which KKT
condition (3) is automatically ruled out. The next example shows that this phenomenon may
occur at a local minimizer even when the constraints satisfy LICQ. Nevertheless, conditions (2)
may still hold, which motivates our analysis of its role in this setting.

Example 1. Consider the problem of minimizing x + x1/3 subject to −x ≤ 0. In view of (P),
we set f(x) = x and Φ(x) = x1/3. At the unique minimizer x∗ = 0, the gradient of the active
constraint is non-zero, and thus LICQ holds.
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However, Proposition 2 implies ∂(f +Φ)(0) ⊂ ∂f(0) + ∂Φ(0) = ∅ because ∂Φ(0) = ∅ To verify
that ∂Φ(0) = ∅, note that for any y < 0 we have

Φ(y)− Φ(0)− v(y − 0)

|y − 0|
= − 1

y2/3
+ v, for all v ∈ R,

which converges to −∞ as y → 0. This shows that ∂̂Φ(0) = ∅. Furthermore, for x ̸= 0 we have
∂Φ(x) = {∇Φ(x)} =

{
1
3x

−2/3
}
, which tends to ∞ as x→ 0. Thus, ∂Φ(0) = ∅ (see Definition 1),

and (3) does not hold.

On the other hand, for any given v ≥ 0, we choose xk := 1/k, vk := ∇Φ(xk) = 1
3k

2/3 ∈ ∂̂Φ(xk),
and tk := v/vk and use the last item of Definition 1 to conclude that ∂∞Φ(0) = [0,∞). Thus, (2)
holds for any µ > 0.

3 Optimality under empty limiting subdifferential

Since the usual KKT condition (3) is unavailable when ∂Φ(x∗) = ∅, we examine what can still
be said about local minimizers in this setting. We first show that a local minimizer must have
an active constraint and that condition (2) holds independently of any CQ. We then introduce a
sequential optimality condition that retains the first-order information of the Lipschitzian term f .
Throughout the remainder of the paper, we assume that Φ(x∗) is finite.

3.1 Basic facts and the role of CQs

In Example 1, the unique constraint is active at the minimizer and, if it is removed, x∗ = 0 is
no longer a minimizer of f + Φ. Geometrically, the bounded slope of the graph of any Lipschitz
function f is insufficient to compensate for the vertical tangent to the graph of Φ at x∗. In other
words, for x∗ to be a local minimizer of f + Φ with ∂Φ(x∗) = ∅, some constraint must be active.
The next result shows that this is a general phenomenon.

Theorem 1. If ∂Φ(x∗) = ∅, then x∗ cannot be an unconstrained local minimizer of f +Φ.

Proof. If x∗ were an unconstrained local minimizer of f +Φ, then Propositions 1, 2, and 4 would
imply 0 ∈ ∂̂(f +Φ)(x∗) ⊂ ∂(f +Φ)(x∗) ⊂ ∂f(x∗) + ∂Φ(x∗) = ∅, which is a contradiction.

In view of the above result, we henceforth focus on constrained minimization problems. To-
gether with ∂Φ(x∗) = ∅, the very existence of a non-null multiplier vector (λ, µ) satisfying (2), as
discussed in [6], shows that the constraints need not satisfy a CQ for (2) to hold. In this case,
∂∞Φ(x∗) provides a “legitimate certificate of optimality”. This is summarized in the next result.

Theorem 2. If x∗ is a local minimizer of (P) with ∂Φ(x∗) = ∅, then (2) holds for some 0 ̸=
(λ, µ) ∈ Rm × R|I(x∗)|

+ , independently of any CQ.

Remark 1. In [6, Definition 1], the so-called ∂∞-quasinormality CQ was defined, which states
that there is no nonzero vector (λ, µ), µ ≥ 0, such that there exists a sequence {xk} converging to x∗

for which (2) holds, λihi(x
k) > 0, and gj(x

k) > 0 for all k, i ∈ {i | λi ̸= 0}, and j ∈ {j | µj > 0}.
In other words, ∂∞-quasinormality consists of using (2) instead of the classical expression, without
∂∞Φ(x∗). However, in view of Theorem 2, such adaptations are not necessary since CQs only need
to be imposed to ensure (3). The same comment is valid for other adapted CQs, like ∂∞-RCPLD
and ∂∞-NNAMCQ [6].

3.2 Approximate optimality

Note that expression (2) does not contain the Lipschitzian part of the objective function, f . In
this section, we provide an approximate characterization of optimality that takes into account
f and encompasses (3). Approximate optimality conditions have been widely used in smooth
optimization to establish the global convergence of different methods, especially the (safeguarded)
AL method developed in [1]. See [3] and references therein.
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Definition 2. We say that a feasible x∗ for (P) satisfies the approximate KKT (AKKT) condition,
or that x∗ is an AKKT point, if there are sequences {xk} → x∗, {λk} ⊂ Rm, {µk} ⊂ Rp

+,
{uk} ⊂ Rn, and {εk} ↓ 0 such that, for all k, xk ̸= x∗,

uk ∈ ∂f(xk) + ∂Φ(xk) +

m∑
i=1

∂(λk
i hi)(x

k) +

p∑
j=1

µk
j ∂gj(x

k), ∥uk∥ ≤ εk,

∥(h(xk), g(xk)+)∥∞ ≤ εk, and µk
j = 0 if gj(x

k) ≤ −εk, j = 1, . . . , p.

The requirement xk ̸= x∗ is essential in our setting. Since ∂Φ(x∗) = ∅, stationarity cannot be
verified at x∗ itself, and a constant AKKT sequence is not available. The analysis must therefore
be done through nearby points at which ∂Φ is nonempty. Moreover, we impose the following
assumption:

(H1) f , g, and h are continuously differentiable. Moreover, there exists δ > 0 such that Φ is
differentiable on B(x∗, δ) \ {x∗} and ∂Φ(x∗) = ∅.

Under H1, we show that every local minimizer admits an AKKT sequence. By approaching x∗

through distinct points, this sequence retains the first-order information of both f and Φ.

Theorem 3. Let x∗ be a local minimizer of (P), and suppose that (H1) holds. Then, x∗ is an
AKKT point.

Proof. Denote the feasible set of (P) by Ω := {x ∈ Rn | h(x) = 0, g(x) ≤ 0}. As x∗ is a local
minimizer, there is r ∈ (0, δ) such that

(f +Φ)(x∗) ≤ (f +Φ)(x) for all x ∈ Ω ∩B[x∗, r]. (4)

By H1, ∂Φ(x) ̸= ∅ for all x ∈ B := B[x∗, r]. Consider the penalized problem

min
x∈B

Fk(x) := (f +Φ)(x) +
ρk
2
∥h(x)∥2 + ρk

2
∥g(x)+∥2 +

1

2
∥x− x∗∥2. (5)

As f , g, h are continuous by H1, and Φ is l.s.c. and proper, it follows that Fk is l.s.c. for all k
and thus lim infk Fk(x

k) > −∞. Then, as B is compact, (5) admits a global minimizer xk ∈ B by
Proposition 3. Therefore, we have

(f +Φ)(xk) +
ρk
2
∥h(xk)∥2 + ρk

2
∥g(xk)+∥2 +

1

2
∥xk − x∗∥2 ≤ (f +Φ)(x∗) (6)

for all k. Taking ρk →∞, we arrive at

lim
k
∥h(xk)∥ = 0 and lim

k
∥g(xk)+∥ = 0. (7)

As B is compact, {xk} admits a feasible accumulation point, let us say, x̄ = limk∈K xk ∈ Ω ∩ B.
Taking the limit in (6) over K and using (4), we have (f + Φ)(x∗) ≤ (f + Φ)(x) + 1

2∥x − x∗∥2 ≤
(f + Φ)(x∗). Thus, x̄ = x∗ and we can suppose without loss of generality that xk ∈ B(x∗, r) for
all k ∈ K.

We affirm that xk ̸= x∗ for all k. In fact, suppose that xk = x∗. As xk ∈ B(x∗, r), (5) becomes
a locally unconstrained problem, and then Propositions 2 and 4, together with ∂Φ(x∗) = ∅, imply
0 ∈ ∂(f +Φ)(x∗) ⊂ ∂Φ(x∗) + ∂f(x∗) = ∅, which is absurd. Thus, xk ̸= x∗ for all k. Consequently,
Proposition 4 and the differentiability of Fk on B(x∗, δ) allow us to write

0 ∈ ∇Fk(x
k) = ∇f(xk) +∇Φ(xk) +

m∑
i=1

λk
i∇hi(x

k) +

p∑
j=1

µk
j∇gj(xk) + (xk − x∗),

where λk
i := ρkhi(x

k), i = 1, . . . ,m, and µk
j := ρkgj(x

k)+, j = 1, . . . , p. Taking εk := max{∥xk −
x∗∥∞, ∥h(xk)∥∞, ∥g(xk)+∥∞} ↓ 0, the statement follows by considering (7) and the subsequence
{xk}k∈K .
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Remark 2. For clarity, we keep ∂f and ∂Φ in Definition 2 separate, as in [6]. Although they could
be combined as in (2), this makes no difference since, under H1, ∇(f + Φ)(x) = ∇f(x) +∇Φ(x)
at x ̸= x∗. Also, we note that imposing xk ̸= x∗ excludes some simple problems beyond the one
considered here. For example, our AKKT condition is not suitable for characterizing the minimizer
of f(x) = |x|, since ∂f(x) = {±1} for x ̸= 0. Establishing approximate stationarity conditions for
such cases is a subject for future work.

3.3 Application to an augmented Lagrangian method

The proof of Theorem 3 uses the external penalty method. Since AL methods are similar [3], we
investigate whether they also generate AKKT points.

We consider the AL scheme proposed in [1], whose robustness and theoretical properties are
supported by an extensive literature; see, e.g., [3, 4]. It is essentially the same method described
in [5], where subproblems are adapted to encompass the composite structure of (P). More precisely,
we employ the stationarity criterion considered in [5, Algorithm 3.1] (expression (8)).

Algorithm 1 Safeguarded augmented Lagrangian method

The parameters are τ ∈ [0, 1), γ > 1, −∞ < λmin ≤ λmax < ∞, 0 ≤ µmax < ∞, and ρ1 > 0. Let
λ̄1 ∈ [λmin, λmax]

m, µ̄1 ∈ [0, µmax]
p, and a sequence εk ↓ 0. Initialize k ← 1.

Step 1 (Solving the subproblem): Compute an εk-approximate stationary point xk of
minx L(x, λ̄

k, µ̄k, ρk), that is, x
k satisfying

dist (0,∇xφ(x
k, λ̄k, µ̄k, ρk) + ∂Φ(xk)) ≤ εk. (8)

Step 2 (Updating the penalty parameter): Define V k := min{−g(xk), µ̄k/ρk}. If k = 1 or

max{∥h(xk)∥∞, ∥V k∥∞} ≤ τ max{∥h(xk−1)∥∞, ∥V k−1∥∞},

set ρk+1 := ρk. Otherwise, take ρk+1 ≥ γρk.

Step 3 (New estimated multipliers): Choose λ̄k+1 ∈ [λmin, λmax]
m and µ̄k+1 ∈ [0, µmax]

p.

Step 4: Set k ← k + 1 and go to Step 1.

A point xk satisfying (8) can be computed by the nonmonotone proximal-gradient method
described in [5, Algorithm 3.2]. In fact, the authors proved its finite termination depending solely
on the Lipschitz constant of φ [5, Theorem 3.4]. Note that if Φ is differentiable, (8) reduces to
∥∇xφ(x

k, λ̄k, µ̄k, ρk)+∇Φ(xk)∥ ≤ εk, recovering the usual criterion employed in [1, Algorithm 3.1].
We now examine the behavior of Algorithm 1 under the condition ∂Φ(x∗) = ∅. In what follows,

we show that such a point cannot itself be an iterate of the method. Consequently, a sequence
generated by the method approaches x∗ through distinct points, as required by Definition 2.

Theorem 4. Suppose that ∂Φ(x∗) = ∅. Then, for every ε > 0, ρ > 0, µ̄ ≥ 0, and λ̄, the point x∗

is not ε-approximate stationary in the sense of (8).

Proof. Since ∂Φ(x∗) = ∅, we have ∇xφ(x
∗, λ̄, µ̄, ρ) + ∂Φ(x∗) = ∅, and thus condition (8) cannot

hold at x∗ for any εk > 0.

The next result shows that, under convergence of the function values, the AL sequence recov-
ers the horizon-based optimality condition (2) at every feasible accumulation point x∗ satisfying
∂Φ(x∗) = ∅.

Theorem 5. Let {xk} be a sequence generated by Algorithm 1, and let x∗ = limk∈K xk be a feasible
accumulation point of it with ∂Φ(x∗) = ∅. Suppose that limk∈K Φ(xk) = Φ(x∗) and that H1 holds.
Then (2) holds for some (λ, µ) ̸= 0.

Proof. By Step 1 of Algorithm 1 there exist uk and vk ∈ ∂Φ(xk) such that

uk = ∇f(xk) + vk +

m∑
i=1

λk
i∇hi(x

k) +

p∑
j=1

µk
j∇gj(xk), (9)
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where limk ∥uk∥ = 0, λk := λ̄k + ρkh(x
k), and µk := [µ̄k + ρkg(x

k)]+ for all k.
For each k ∈ K, since vk ∈ ∂Φ(xk), the definition of ∂Φ(xk) allows us to choose yk and

wk ∈ ∂̂Φ(yk) such that ∥yk − xk∥ < 1/k, |Φ(yk) − Φ(xk)| < 1/k, and ∥wk − vk∥ < 1/k (see
Definition 1). Thus, yk →Φ x∗ along K. If {vk}k∈K had a bounded subsequence, passing to a
subsequence would yield vk → v and wk → v. Again, the definition of ∂Φ(xk) would then give
v ∈ ∂Φ(x∗) = ∅, a contradiction. Therefore, limk∈K ∥vk∥ =∞. On the other hand, (9) gives

∥vk∥ ≤ ∥uk∥+ ∥∇f(xk)∥+
m∑
i=1

|λk
i | ∥∇hi(x

k)∥+
p∑

j=1

µk
j ∥∇gj(xk)∥.

Since the gradients of f , h, and g are bounded near x∗ by H1, it follows that limk∈K ∥(λk, µk)∥∞ =
∞.

For each k ∈ K, define Mk := ∥(1, λk, µk)∥∞. Then limk∈K Mk = ∞ and, after passing to a
subsequence, limk∈K(λk, µk)/Mk = (λ, µ) with ∥(λ, µ)∥∞ = 1 and µ ≥ 0. Dividing (9) by Mk and
using the continuity of the gradients, we obtain

lim
k∈K

vk

Mk
= v∗ := −

m∑
i=1

λi∇hi(x
∗)−

p∑
j=1

µj∇gj(x∗).

Since ∥wk − vk∥ < 1/k, we also have limk∈K wk/Mk = v∗. Together with yk →Φ x∗ and

wk ∈ ∂̂Φ(yk), this implies v∗ ∈ ∂∞Φ(x∗) by taking tk := 1/Mk ↓ 0 in Definition 1. If gj(x
∗) < 0,

then gj(x
k) < 0 for all sufficiently large k ∈ K, and hence 0 ≤ µk

j = [µ̄k
j +ρkgj(x

k)]+ ≤ µ̄k
j ≤ µmax.

Dividing by Mk →∞ yields µj = 0. Consequently, x∗ satisfies (2) with (λ, µ) ̸= 0.

The assumption Φ(xk)→ Φ(x∗) is essential in the above theorem. The following example shows
that convergence of the iterates to a feasible point, by itself, is not sufficient to guarantee (2).

Example 2. Consider the problem (P) in one variable, where f(x) := −x, g(x) := x, and

Φ(x) :=

{
x1/3, x ≤ 0

1 + x, x > 0
.

The function Φ is proper, l.s.c., and differentiable on R \ {0}. Moreover, similar to Example 1, we
can conclude that ∂Φ(0) = ∅ and ∂∞Φ(0) = [0,∞).

The point x∗ = 0 is feasible and can be achieved by Algorithm 1. In fact, choosing γ > 1 and
τ ∈ (0, 1/γ] ⊂ [0, 1), we set

{xk := τk} and {µ̄k := 0}.
Supposing that in Step 2 of Algorithm 1 we choose ρk+1 = γρk when ρ must grow, we have
ρk ≤ γρk−1 ≤ · · · ≤ γk−1ρ1 ≤ γkρ1, and thus ρkτ

k ≤ (γτ)kρ1 ↓ 0. Therefore, we can define
εk := (γτ)kρ1 for all k. Since xk > 0, we have f ′(xk) = −1, ∂Φ(xk) = {1}, and g′(xk) = 1.
Consequently, dist (0, ρkτ

k) = ρkτ
k ≤ εk, and therefore (8) holds. Moreover, V k = min{−τk, 0} =

−τk for all k, and hence |V k+1| = τ |V k| for all k. This shows that, actually, ρk = ρ1 for all k.
Thus, x∗ may be reached by Algorithm 1.

However, (2) does not hold at x∗: as g′(0) = 1, it requires 0 ∈ ∂∞Φ(0) + µg′(0) = [0,∞) + µ
for some µ > 0, which is impossible. Note that {Φ(xk)} does not accumulate at Φ(x∗) since
Φ(xk) = 1 + τk → 1 ̸= 0 = Φ(0).

4 Conclusions

We studied the constrained minimization of a composite function f + Φ at local minimizers x∗

for which the limiting subdifferential ∂Φ(x∗) = ∅. We showed that some constraint must be
active at x∗, and that the horizon-based Fritz–John condition [6] holds without any CQ. Under
differentiability of Φ near x∗, we established an approximate KKT condition that retains the first-
order contribution of the Lipschitzian term f . Finally, for an augmented Lagrangian method, we
showed that every feasible accumulation point x∗ satisfying ∂Φ(x∗) = ∅ satisfies the horizon-based
condition, provided that the corresponding values of Φ converge to Φ(x∗). We exhibit an example
showing that this function-value convergence assumption is essential for this conclusion.
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