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Abstract—1In this paper, we propose a self-triggered algo-
rithm to solve a class of convex optimization problems with
time-varying objective functions. It is known that the trajectory
of the optimal solution can be asymptotically tracked by a
continuous-time state update law. Unfortunately, implementing
this requires continuous evaluation of the gradient and the in-
verse Hessian of the objective function which is not amenable to
digital implementation. Alternatively, we draw inspiration from
self-triggered control to propose a strategy that autonomously
adapts the times at which it makes computations about the
objective function, yielding a piece-wise affine state update law.
The algorithm does so by predicting the temporal evolution
of the gradient using known upper bounds on higher order
derivatives of the objective function. Our proposed method
guarantees convergence to arbitrarily small neighborhood of
the optimal trajectory in finite time and without incurring
Zeno behavior. We illustrate our framework with numerical
simulations.

Index Terms— Time-varying optimization, self-triggered con-
trol, adaptive step size

I. INTRODUCTION

In this paper, we address a class of time-varying opti-
mization problems where the goal is to asymptotically track
a unique, time-varying optimal trajectory given by

x*(t) := argmin  fo(x,t), t € Ry. (1)

x€ER™

Problems of this form are generally referred to as time-
varying optimization or parametric programming in the lit-
erature, and often arise in dynamical systems that involve
an objective function or a set of constraints that have a
dependence on time or a dynamic parameter, in general.
Particular examples include real time convex optimization
in signal processing [2], distributed optimization of time-
varying functions [3], time-varying pose estimation [4],
traffic engineering in computer networks [5], neural network
learning [6], [7], and dynamic density coverage for mobile
robots [8].

From an optimization perspective, a general framework
for solving problem (1) is to sample the objective function
at particular times of interest, and solve the corresponding
sequence of stationary optimization problems by standard
iterative algorithms such as gradient or Newton’s methods.
However, these algorithms clearly ignore the dynamic aspect
of the problem which means they yield solutions with a final
steady-state error whose magnitude is related to the time-
varying aspects of the problem [9].

From a dynamical systems perspective, one could perform
time sensitivity analysis of the optimality conditions to
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propose a continuous-time dynamical system whose state
is asymptotically driven to the optimal solution [7], [10].
The resulting dynamics is a combination of standard descent
methods and a prediction term which tracks the drift in the
optimal solution. For error-free tracking, however, we need
to solve the dynamics continuously, implying that we need
continuous access to the objective function and all of its
derivatives that appear in the continuous-time dynamics. A
natural solution to this is to implement the continuous-time
dynamics periodically. In a recent work [11], the authors
proposed a periodic sampling strategy in which the objective
function is periodically sampled with a constant period
h > 0, and a single step of prediction along with multiple
iterations of standard gradient or Newton’s algorithm are
combined to achieve an asymptotic error bound that depends
on h and the number of descent steps taken between the
sampling times.

Instead, we are interested in utilizing self-triggered control
strategies [12]-[15] to adaptively determine when samples
of the objective function are needed without sacrificing
the convergence; see [16] for a survey. From a dynamical
systems perspective, this strategy plays a similar role as
step size selection in stationary optimization, where a proper
continuous-time dynamics (x(t) = —Vxf(x(t)) for in-
stance) is discretized aperiodically using a backtracking line
search method [17]. In time-varying optimization, however,
the line search method is no longer applicable as time
and space become entangled. In this context, we can view
our self-triggered sampling strategy as a way of adaptively
choosing a proper step size in both time and space to-
gether. There are similar works that propose event-triggered
broadcasting strategies to solve static distributed optimization
problem [18]-[21], but to the knowledge of the authors, no
work has been reported on an aperiodic discretization of
continuous time-varying optimization problems.

Statement of contributions: In this work we are interested
in developing a real-time algorithm that can asymptotically
track the time-varying solution x*(¢) to a time-varying
optimization problem. Our starting point is the availability
of a continuous-time dynamics x(t) = h(x(t),t) such that
the solutions to this satisfy ||x(t) — x*(¢)|| = 0 as ¢ — co.
Then, we are interested in a real-time implementation such
that x(t) is to be updated at discrete instants of time and
is held constant between updates. In contrast to standard
methods that consider periodic samples, our contribution
is the development of a self-triggered control strategy that
autonomously determines how often x(¢) should be updated.
Intuitively, the self-triggered strategy determines how long
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the current control input can be applied without negatively
affecting the convergence. Our algorithm guarantees that
the state x(¢) can asymptotically track an arbitrarily small
neighborhood around x*(¢) while ensuring Zeno behavior is
avoided. Simulations illustrate our results.

Notation Let R, R, and R, | be the set of real, nonnega-
tive, and strictly positive real numbers. Z and Z ., denote
nonnegative and positive integers, respectively. R™ is the
space of n-dimensional vectors and S™ is the space of n by n
symmetric matrices. The one-norm and two-norm of x € R"”
is denoted by ||x||; and ||x]|2, respectively. The gradient of
the function f(x,¢): R™ x Ry — R with respect to x € R”
is denoted by Vyf(x,t): R®™ x Ry — R". The partial
derivatives of Vy f(x,t) with respect to x and ¢ are denoted
by Vax f(x,1): R" xR, — S™and Vy f(x,t): R" xR, —
R™, respectively. Higher order derivatives are also defined
similarly.

II. PRELIMINARIES AND PROBLEM STATEMENT

Let x € R™ be a decision variable, ¢ € R a time index,
and f: R™ x Ry — R a real-valued convex function taking
values f(x,t). We interpret f as a time-varying objective
and consider the corresponding time-varying optimization
problem in which we want to find the argument x*(¢) that
minimizes the objective f(x,t) at time t,

x*(t) ;= argmin  f(x,1), (2)
xeR™

We impose the following assumption on f(x,t).

Assumption 1 The objective function f(x,t) is uniformly
strongly convex in x, i.e., f(x,t) satisfies Vxx f(x,t) = ml,
for some m > 0, and for all t € R,.

By virtue of Assumption 1, x*(¢) is unique for each ¢ €
R, [17]. The optimal trajectory x*(¢) is then implicitly
characterized by the optimality condition V, f(x*(¢),t) = 0
for all ¢ € R,. Using the chain rule to differentiate this
identity with respect to time and rearranging the terms yields

X(t) = =V (X (), 1) Ve f (X7 (1), 1). 3)

Notice that the last result requires twice differentiability and
strong convexity of f(x) (Assumption 1). To achieve error
free tracking, the optimizer needs to follow the minimizer
with the same dynamics, in addition to taking a descent
direction in order to decrease the suboptimality. Choosing
continuous time Newton’s method as a descent direction
yields the following dynamical system,

x(t) = h(x(t), 1), )
where the vector field h : R® x Ry — R™ is given by
h(x,t) = —V;,l (x,)[aVxf(x,1) + Vae f(x,8)],  (5)

Here o > 0 is arbitrary. Define the following Lyapunov
function for (4)

1
V(X, t) = §Hvxf(x7 t)H; (6)

which is nonnegative, and is zero along the optimal path,
ie., V(x*(t),t) = 0, ¢ > 0. It can be verified that under
the continuous-time dynamics (4), the Lyapunov function
evaluated at (x(¢),t) satisfies the ODE

V(x(t),t) = —2aV (x(t), ). (7)

Solving the latter ODE for the time interval [to,¢] and the
initial condition x(to) € R™ yields the closed form solution
V(x(t),t) = V(x(tg),to) exp(—2a(t — tg)). This implies
that exponential convergence of x(t) to x*(t) requires con-
tinuous evaluation of the gradient and the inverse Hessian,
according to (4) and (5), which is computationally expensive
and is not amenable to digital implementation. Instead, we
can use a simple Euler method to discretize (4). More
precisely, suppose we use a sequence of periodic sampling
times {ty}xrez,, with period 7 > 0, i.e., ty41 — t = 7 for
any k € Z to arrive at the following piece-wise affine state
update law,

d .

dt
Now if the vector field h(x,t) satisfies the uniformly Lip-
schitz property |h(x,t) — h(y,t)|| < L||x — y| for all
X,y € R™ and some L > 0, and that the initial condition
satisfies X(t9) = x(¢o), the discretization error at time tj
would satisfy the bound ||X(tx) — x(tx)|l2 < O(7) [22],
implying that we can only control the order of magnitude of
the discretization error by the step size 7. Instead, we are
interested in a sampling strategy that autonomously adapts
the sampling times to control the discretization error. We
formalize the problem next.

(t) = h(g(tk),tk), te [tk,tk+1). (8)

Problem 1 Given the dynamics (8), find a strategy that
determines the least frequent sequence of sampling times
{tk}rez,, such that:

(i) for each k € Z, ti+1 is determined without having
access to the objective function for t > ty,

(ii) X(t) converges to any neighborhood of the optimal
trajectory after a finite number of samples, and remains
there forever, and

(iii) tg41—tx > c > 0 for somec € Ryy and allk € Z 4.

The first property guarantees that the proposed method is
completely online. The second property enables the opti-
mizer to arbitrarily bound the discretization error. The last
property ensures Zeno behavior is avoided. In order to
develop the main results, we make the following Assumption
about the objective function.

Assumption 2 The objective function f(x,t) is twice con-
tinuously differentiable and satisfies the bounds

Vi f (3, )| < Coy [V, f (%, 1) l2 < O, @ € [n]
||thf(xv t)H2 S C:Et7 ||vxttf(xvt)||2 g Cztt>
||vxxtf(xvt)||2 S met~

forall x e R" and all t € Ry.
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The first two Assumptions are equivalent to Lipschitz conti-
nuity of the gradient and the Hessian function, respectively,
and are standard in second-order methods [17]. All other
bounds are related to the time-varying aspect of the objective
function and bound the rate at which the gradient and
Hessian functions vary with time. Notice that except for
the bound ||Vt f(x,1)||2 < Cye, all the other bounds are
required for h(x,t) to be uniformly Lipschitz [11].

III. SELF-TRIGGERED STRATEGY

In this section, we design a self-triggered sampling strat-
egy that meets the desired specifications defined in Problem
1.

A. Triggering Policy

Consider the discrete implementation of the ideal dy-
namics (4) at a sequence of times {ty}rez, that is to be
determined,

x(t) = h(x(ty), t), th <t <trir. )

Recalling the Lyapunov function (6), the instantaneous
derivatives of V'(x,t) at the discrete sampling times {ty}
are precisely

V(x(tr), tr) = —2aV (x(ty), tr), k € Z. (10)

In other words, the property (7) that holds at all times
in the continuous-time framework is now only preserved
at discrete sampling times. This means in general there is
no guarantee that V(t) remains negative between sampling
times ¢ € (fx,tr+1), as the optimizer is no longer updating
its dynamics during this time interval. We are interested in
predicting the earliest time after ¢, at which the Lyapunov
function could possibly increase, without having access to the
objective function or its derivatives for ¢ > {j, and update
the state dynamics at that time, denoted by tx4;1. To do so,
we desire a tight upper bound on V (t) = V(x(t),t) so that
we are taking samples as conservatively as possible. Mathe-
matically speaking, for each ¢t > t;, we can characterize the
upper bound as follows,

0u(t) =sup (V(x(t).1): 5(t) = h(x(te). o). ¢ 1),
(1D

where F is the class of all strongly convex objective func-
tions f’: R™ x Ry — R such that

D Ve f' (x(tk), te) = Vi f (x(tk); tk),
2) Ve f'(x(tk), tr) = Ve f(x(tk), k),
3) vxxf/(x(tk)a tk) = vxxf(x(tk)7 tk)a
4) f'(x,t) satisfies Assumption 2.

In words, F is the set of all possible objective functions that
agree with f(x,t) and its first and second-order derivatives
at (x(tx), tx), and satisfy the bounds in Assumption 2. Intu-
itively, the set F formalizes, in a functional way, the fact that
we find ¢y (t) without having access to the objective function
for ¢ > t;.. The above definition implies that V (t) < ¢y (t).
In particular, we have that V (t,) = ¢ (tx) = —2aV (t3) < 0

by (11) and (10). Once ¢y (t) is characterized at time ¢, as a
function of ¢, the next sampling time is set as the first time
instant at which ¢y (t) crosses zero, i.e.,

trir =61 (0), k € Zy.

where ¢; '(.) is the inverse of the map ¢y(.). This choice
ensures that V(t) < ¢p(t) < ¢r(txr1) = O for t €
[tk,tr+1). With this policy, the evaluated Lyapunov func-
tion V(¢) becomes a piece-wise continuously differentiable
monotonically decreasing function of ¢ with discontinuous
derivatives at the sampling times. We can view ¢ (t) as a
triggering function which triggers the optimizer to sample
when the event ¢, (t') = 0 occurs for some ¢’ > tj. This
concept is illustrated in Figure 1. In the next proposition, we
characterize ¢y (t) in closed-form.

12)

V(t), pu(t)

Gr(try1) =0

Lk (bk(t) 7381

V(t) V(t)

Fig. 1: Concept of the self-triggered strategy. The triggering
function ¢y (t) is a tight upper bound on V(t), and the
optimizer is triggered to sample when the event ¢ (t') = 0
occurs for some t' > t.

Lemma 1 (Triggering Function) Let k € Z. Then, given
the bounds {Cpz, Crnt, Cutt} in Assumption 2, the trigger-
ing function ¢y (t) on the time interval t), < t < tgy1 is
given by the third order polynomial

¢k(t) = cCok + C1,k(t — tk) + Cg,k(t - tk)Q + C37k(t — tk)g,
(13)

with the coefficients defined by
co.x = —2aV (tg), C1E =/ 2V (tg)br + QOéZV(tk),

Cop = ga\/mbk, C3p = %bi. (14)
where by, > 0 is computed as
be = (Cazal[X(tr) 11 + 2C0at) [IX(tk)[l2 + Core- (15)
and %(ty,) is computed according to (9).
Proof: See Appendix A. ([

It can be observed from (13) that ¢ (¢) is fully characterized
at time t; without having access to the objective function for
t > t. In this context, the self-triggered strategy is online,
implying the property (i) in Problem 1. Moreover, ¢ (t) has
a unique root on the interval (¢x,00) when V(t;) > 0,
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implying that the sampling time t;11 = ¢; '(0) is well-
defined and the step size satisfies tx4+1 — ¢t > 0 for all k.
See Figure (1).

In the next subsection, we show the asymptotic conver-
gence of the sampled dynamics (9) with the triggering policy
tht1 =07 (0),k € Zy.

B. Asymptotic Convergence

The triggering function developed in the previous lemma
has the following properties by construction:
(a) ¢x(t) is convex in and strictly increasing on ¢ < ¢ <

lht1.

(b) V(t) < gr(t) <Oonty <t <tpyg.
(© ¢r(ty) = V(ty) = —2aV (t).
(d) ¢r(tps1) =0.
We establish in the next theorem that the above properties
guarantee asymptotic monotone convergence of the Lya-
punov function to zero.

Theorem 1 Let {ty}rez,, be the sequence of sampling
times generated according to (12), where ¢ (t) is defined in
(13). Then, for any k € Zy the Lyapunov function satisfies
V(tkt1) < V(tx), and that kli_)nolo V(ty) = 0.

Proof: See Appendix B. |

Remark 1 (Role of ) In the proof of Theorem 1, we
showed that the Lyapunov function at the sampling times
satisfies the inequality

V(tr+1) = V(te) < —aV(te) (tr1 — ).

Combining this inequality with the trivial inequality
—V(tx) < V(tg+1) — V(tg) lets us conclude that for all
k € Z., the step sizes are bounded as tj 1 — tx < a~ L.
Therefore, increasing o will reduce the step sizes such that
the effective step size a(ty+1 — tx) is bounded by one.
This observation is consistent with backtracking line search
method in stationary optimization in which the step sizes are
bounded by one.

We have the following corollary as an immediate conse-
quence of Theorem 1.

Corollary 1 Let {t;}rez, . be the sequence of sampling
times generated according to (12), where ¢y (t) is defined
in (13). Then, for any € > 0, there exist a finite positive
integer k'(€) € Zy such that V(ty (o)) < €.

Next, we discuss the objective (ii) and (iii) of Problem 1.

C. Implementation

It can be seen from Theorem 1 and the expression of
¢r(t) in (13) that as k — oo, V(t) — 0, and therefore
tk+1—1tr — 0, i.e., the step sizes vanish asymptotically. This
might cause Zeno behavior, i.e., the possibility for infinitely
many samples over a finite interval of time. To avoid this
possibility, we need to modify the algorithm to ensure that
the step sizes are lower bounded by a positive constant all

the time; a stronger property than no Zeno behavior. For
this purpose, we implement the algorithm in two phases: In
the first phase, we use the sampling strategy developed in
Subsection III-A until the state x(¢) reaches within a pre-
specified neighborhood around x*(t¢). In the second phase,
we switch the triggering strategy so as to merely maintain
x(t) in that neighborhood forever. More specifically, for the
sequence of sampling times {t; }xez, and any € > 0, define

K'(€) = min{k € Z;: V(tx) < €}.

In words, t3/() is the first sampling time at which the
Lyapunov function is below the threshold e. By Corollary 1,
K'(e) is finite. Now for ¢ > t;(.), we propose another self-
triggered sampling strategy such that the Lyapunov function
satisfies V(¢) < € for all ¢ > /(). Recalling the inequality

V(t) < ¢x(t), we can obtain an upper bound for V(t) as
follows,

V(t) < 1/)k(t) = V(tk) +/ ¢k(0)d0, t >t (16)

The right-hand side is a polynomial in ¢ which can be fully
characterized at t;. Now for k > k(e), we set the next
sampling time ;41 as the first time instant after ¢; at which
the upper bound function in the right-hand side crosses e,
i.e., we select t;1 according to the following rule,

thar = Vg ' (e), k€ Zy.

This policy guarantees that V(¢) < ¥y (t) < Vp(tps1) =

e for all k > k'(¢). As a result, by virtue of strong

convexity [17], i.e., the inequality |x(t) — x*(¢)]2 <

2/m||Vxf(x(t),t)||2, and recalling (6), the following bound
2v/2¢

I(t) = x(0) < ==

a7)

(18)

will hold for all ¢ > #;.(.). The following theorem accom-
plishes the main goals defined in Problem 1.

Theorem 2 Let {t;} ez, be the sequence of sampling times
generated by Algorithm 1. Then, for any € > 0, there exists
a nonnegative integer m € Z. such that: (i) V (t,,) < € for
all t > t,,; and (ii) t41 — t, > 7(€) for all k € Z and
some 7(€) > 0.

Proof: The first statement follows directly from Corol-
lary 1. For the proof of the second statement, see Appendix
C. ]

We summarize the proposed implementation in Table 1,
where we use the notation xj, := x(¢x) and X := X(tx).

IV. SIMULATION

In this section, we perform numerical experiments to
illustrate our results. For simplicity in our exposition, we
consider the following convex problem in one-dimensional
space

1 k
x*(t) = argmin 5(1’ — cos(wt))? + B cos?(2wt) exp(ux?).
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Algorithm 1: Self-triggered optimizer

Third-order self-triggered strategy
Given: Cyzz, Cuzt, Czet in Assumption 2, «, to, ty, x(to), €.

1: Initialization: Set k = 0, and xo = x(¢0).
2: while t;, <ty do
3: Compute

%i = —Viw fo(Xk, te) [0V fo Xk, t) + Vit fo (X, tr)]-

4 if | Vafo(xp tr)]l2 > (2€)2 then

S:

6: Compute 41 = (j),Zl(O) from (13).

7: else

8: Compute g1 = w;l(e) from (16).

9: end if

10: Update  Xp41 = X + Xk(tk+1 — 1K)
11: Update k=k+ 1.

12: end while

where z € R, t € Ry, w = 7/5, k = 2, and p = 1/2.
For these numerical values, we have that C,,, = 3.7212,
Cyrzt = 2.6924, and C sy = 6.9369. We solve this problem
for the time interval ¢ € [0,7] via Algorithm 1 using the
triggering function (13), and setting & = 5 and € = 0.01. The
total number of updates are N = 108, with the step sizes
having a mean value of A = 0.0662 and standard deviation
o = 0.0501. For comparison, we also solve the optimization
problem by a more standard periodic implementation. We
plot all the solutions x(¢) in Figure 2 along with the log,
of the total number of samples required in each execution.
It can be observed that small sampling periods, e.g., h =
0.0001,0.001, 0.01, yield a convergence performance similar
to the self-triggered strategy, but uses a far higher number
of updates. On the other hand, larger sampling periods, e.g.,
h = 0.1,0.2,0.3, result in comparable number of samples
as the self-triggering strategy at the expense of slower
convergence. It should also be noted that we do not know a
priori what sampling period yields good convergence results
with a reasonable number of requires samples; however, the
self-triggered strategy is capable of automatically tuning the
step sizes to yield good performance while utilizing a much
smaller number of samples. This advantage comes at the cost
of knowing the upper bound constants in Assumption 2

Effect of e: Next, we study the effect of the design
parameter ¢ on the number of samples and the convergence
performance of the self-triggered strategy. More specifically,
we run Algorithm 1 with all the parameters as before, and
with different values of e. Figure 3 shows the resulting
trajectories for various values of e. It is observed that e does
not change the transient convergence phase, but rather affects
the steady state tracking phase. Moreover, the number of
samples are almost unaffected by changing e.

Effect of o: Finally, we study the performance of the
self-triggered strategy as « changes. Intuitively, higher val-
ues of a puts more weight on the descent part of the
dynamics (Vi f(x,t)Vxf(x,t)) than the tracking part
(Vi f(x,t) Ve f(x,1)), according to (4). Hence, we expect
more rapid convergence to the e-neighborhood of the optimal
trajectory by increasing «. Figure 4 illustrates the resulting

——optimal trajectory
—e—self-triggered T
——h =0.0001
h =0.001
h =0.01
h=0.1
h=02 N
—h=03 e=0.01
—h=04 a=5
5L = i

=10

Fig. 2: Plot of x(t) against ¢ for the self-triggered strategy
in Algorithm 1, and for periodic discretization with various
sampling periods.

0.5 - 1
0OF B 4
051 1
At 1
T -15¢ 7
——optimal trajectory
2 —¢=10.0001 a=5 |
—¢=0.001 6
2.5¢ €=0.01
e=0.1 —~4
3r €=02 z
e=0.3 L2
3.5 —e=04
—ec=05
4 ‘ ‘ dr I
0 1 2 3 4 5 6 7

t

Fig. 3: Plot of x(t) against ¢ for the self-triggered strategy
in Algorithm 1, and for various values of e.

trajectories for different values of a. As we increase a,
the trajectory converges faster to the optimal trajectory.
The number of samples, however, are not affected by a.
This observation is in agreement with Remark 1, where we
showed that the effective step sizes a(tx1 —tx) are bounded
by one. In the limiting case o — oo, the step sizes get
arbitrarily small, which is not desirable.

V. CONCLUSION

In this paper, we proposed a real-time self-triggered strat-
egy to aperiodically implement a continuous-time dynamics
that solves continuously time-varying convex optimization
problems. The sampling times are autonomously chosen
by the algorithm to ensure asymptotic convergence to the
optimal solution while keeping the number of updates at the
minimum. We illustrated the effectiveness of the proposed
method with numerical simulations.

There are possibly other triggering strategies that are less
conservative than the proposed algorithm. For instance, one
could design a self-triggered strategy to guarantee that the
Lyapunov function constitutes a decreasing sequence at the
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Fig. 4: Plot of x(t) against ¢ for the self-triggered strategy
in Algorithm 1, and for various values of «.

sampling times, as opposed to the proposed method in this
paper where the Lyapunov function is guaranteed to decrease
all the time. Furthermore, once could consider the case where
the term Vi f(x,¢) in (5) is not known, and needs to be
estimated with backward difference in time. We will address
these extensions in our future work.

APPENDIX
A. Proof of Lemma 1

We begin by fixing k¥ € Z and analyzing the Lyapunov
function during the inter-event time ¢ € [tg,tx41). We aim
to find a tight upper bound on V/(t). First, we write V(t) in
integral form as

t
V(t) =V (tx) +/ V(o)do
tr
Applying Jensen’s inequality gives us the inequality

t
|V (o)|do, t > tg.

tr

V() < V(te) + (19)

The main idea is then to bound |V (¢)| for o > t;, using the
bounds in Assumption 2. By adopting the notation gy (¢) :=
Vi fo(x(t),t), we can rewrite the Lyapunov function as
1
V(t) = sei(t) k()

2
By (8), we have that x(t) = x(¢ ) =
x(ty) + x(t

and therefore, x(t) =
Whence, gy (t) reads as

gr(t) =

We can write the first two time derivatives of V'(¢) from (20)
as follows,

V(t) = gi(t) Tgn(t),
V(t) = gi(t) "gr(t) + g () &1 (0),

t > 1.

h(x(ty),
R =t

(20)

ty) for t > ty,
)frt Z tk.

Vi fo(x(tr) +x(te)(t — ty).t), t >tp.  (21)

tztlm

t>t,.  (22)

In order to bound V/(t), we proceed to bound gy (t), & (t),
and g (t), using the known upper bounds granted by As-
sumption 2. To do so, we first use chain rule to derive g ()
from (21) as follows,

Vi fo(x(t), )% (tr) + Ve fo(x(t), 1), t > tg.
(23)

gr(t) =
We apply the chain rule again on (23) to get

(vaxg;lfo ,H)% ()) X(tr) + Ve fo(x(t), 1)

+2vxxtf0( () ) (tk)

We use Assumption (2) to bound g (¢). The first term in
g (t) can be bounded as follows,

” Z vxxxl]CO

<2Hvxxx1f0 x(8), t)%i(t) |2

(24)

) )% ()2

< Z xxx,f() ) t)HQ‘Xl(tk”

< ;wcx|).(i(tk)| =

'Mzn

Il
-

Ommc”X(tk)Hl

?

The remaining terms in gy (¢) can also be bounded as follows,

||2vxxtf0(x(t)7 t)X(tk) + vxtth(X(t)7 t)”
< 2||vxxtf0(x(t)7t)”QHx(tk)”Q + ||thtf0(X(t),t)||2,
S 2C$wt||x(tk)”2 + Ca:tt-

Putting the last two bounds together, we obtain

= by. (25)

& ()]l

where we have used the definition of b, in (15). Next, we
use Taylor’s theorem to express g (t) and g (t) as follows,

= 8 (tr) + Ex(n)(t — tw),
= g (tk) + @r(81) (¢ — ) + SEL(O(E — t0)*

for some t;, < n,& < t. By (25) we know that ||&;,(¢)]|2 < bx
for t > t.. Hence, we can bound ||gx(t)]|2 as

& ()2 < [I&k (tr)ll2 + bi(t — tk).

1
gk (2 < llge(te)llz + &k t)lla (= tx) + Sbr(t — t)*.
(28)

gr(1) (26)

gk(t) 27)

We use the obtained bounds for ||g()[|2 and ||gx(t)]|2 to
bound |V (¢)| as follows,

V)] = s ()T e(t) + () & (D)
< (l&k(tr)ll2 + bi(t — 1))
+ gt + 1t — ) + 5bilt — 1))
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Notice that ||gk:(tk)||2 = 2V(tk) and ||g(tk)H2 =

ay/2V (t) [cf. (23) and (24)]. Finally, we plug the last
bound in (19) and use the definition of ¢ (¢) in (13) to
conclude that

V(t) < ¢u(t), t >ty

The proof is complete.

(29)

B. Proof of Theorem 1

We saw in the proof of Lemma 1 that for ¢, <t < tpy1,
the dynamics of the Lyapunov function satisfies

V(t) < ép(t) < dpltpgr) =0, bt <t < tpys.
Moreover, ¢ (t) is convex on ty <t < tj41 with boundary

values ¢ (tr) = —2aV (t) and ¢y (tx+1) = 0. Hence, we
can write

t—tg t—tg
o0 = (1= 52 Yoo+ (520 ) anton)

_ (1 _ tkil_f’“tk) (=2aV (t)).

Therefore, we get the inequality

. t—1t
V(1) < (1 - ) (~2aV(13)).
U1 — tk
We integrate the above inequality on [ty tx41] to obtain

V(tk+1) - V(tk) < —aV(tk)(tk+1 — tk). 30)

Moreover, for any k € Z, the step size ti1 — ti is strictly
positive unless V' (t;) = 0 (see the discussion after Lemma
1). In other words, the right-hand side of the above inequality
is strictly negative unless V(¢;) = 0. Therefore, we must
have that kli}n@l(} V(tr) = 0. The proof is complete. .

C. Proof of Theorem 2

We first show that for any k& with V(t;) > ¢, we have
that t541 — tx > 71(€) for some 71(€) > 0 to be determined.
When V' (t;,) > €, we are in the first phase of the Algorithm,
where we have that V(¢) < 0. This means that € < V (t;,) <
V(to) < oo. It then follows by the definition of V' (¢) in (6)
that | Vx fo(x(tr), tx)|| is bounded. This implies that || % (¢x)||
is bounded because we have that

x(tk) = = Vi F(x(tr), 1) [szf(x(tk%tk) + C%fo(x(tk),tk)}-

by (4). Therefore, ||%(tx)||2 is bounded as

[[%(tk)[]2 < %(th + a||fo(x(t0),t0)||2).

where we have used the fact that (i) Vi f(x,t) = ml,
for all x € R™ and ¢t € Ry (see Assumption 1); and (ii)
(IVxef(x,t)]|]2 < Cut (see Assumption 2). Boundedness of
|%(t)||2 further implies that the coefficient by in (15) is
bounded, i.e., sup, by < b for some 0 < b < oco. Recalling
e < V(tx) < V(to), the coefficients of the triggering
function in (14) can be bounded as follows,

cok < —2ce, and sup max c¢; < ¢ < 00.
e i=1,2,3

Therefore, ¢ (tx + 7) is bounded by

oty +7) < e + et? + o1 — 2ae. (31

The polynomial in the right-hand side has a strictly positive
root. Call it 7y (¢) > 0. Therefore, by the substitution 7 =
71(€) in (31), we get

Otk +71(€)) <0 = dp(tr + 7).

where in the second equality, we have used the fact that,
according to (12), ¢y (tx + 7%) = 0, when V(i) > e. Since
¢r(tr, + 7) is an increasing function of its argument, we
conclude from the last inequality that

0<m(e) < g, if V(L) > €.

Ituitively, during the first phase of the Algorithm, the step
sizes are lower-bounded by a positive constant, denoted by
71(€) > 0. Next, we consider the second phase of the
Algorithm where 0 < V(¢;) < e. Notice that, in this case,
we can bound ¢ (t) as

br(ty +7) < e+ et? +er — 2aV (ty).

Integrate both s1des and recall the definition v (ty + 7) =
V(ty) + ftk+T (0)do in (16) to obtain

Uty +7) < ZT + §T3 + 572 —2aV (k)7 + V(ty).

The right-hand side is an upper bound on the triggering
function ¢ (tr + 7). Viewing this bound as a triggering
function, it follows that the step size obtained from this upper
bound is a lower bound on the actual step size obtained by
Yty + 7). More precisely, denote 7, as the value of 7 for
which the right-hand side of the inequality above is equal to
€, i.e.,
c

17'124 + gﬁgg + gT,'f —2aV (tg)my, + V(tx) = €.

It then follows that 7;, < 75, where 7y, is the actual step size
that satisfies 1y (ty + 7) = €. Viewing 7, as a function of
n := V(tx) given by the implicit equation above, we wish
to find a lower bound on 7 (1) when 0 < 7 < e. To do so,
we differentiate the last identity with respect to n = V' (¢)
to obtain

(32)

!
(cerl® +erl® + erl — 20477)% —2ar,+1=0,

By setting drj, /dn = 0 in the last equation, we get the critical
value 72 := (2a)~!. Next, we evaluate 7; for boundary
values n = 0, and n = €. For n = V() = ¢ we obtain
from (32) that

c c

UL
The above polynomial has one zero root (ignored by the
Algorithm) and a unique positive root, denoted by 73(e).
Hence, in this case 7, = 73(¢) > 0. On the other hand, for
n = V(tx) = 0, we obtain from (32) that § ‘4 CT;CS +
’7122 = ¢. The above polynomial has also a unlque positive
root, denoted by 74(¢) > 0. Therefore, it follows that

T4(€)} > 0.

Zr1% — 2aer], = 0.

71, > min{7e, 73(€),
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Finally, recall that T,’C is a lower bound on 7, the selected
step size. Hence,

T, > min{re, 73(€), T4(€)} > 0.

This confirms that for the case 0 < V(t)) < ¢, the step size
is strictly lower bounded by a positive function of e. Hence,
the proof is complete. °
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