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Abstract: The solution to a constrained linear-quadratic optimal control problem can be
expressed as a set of active sets. We recently proposed an algorithm that constructs this
set by iteratively increasing the horizon. In the present paper, we improve this algorithm for
problems with point-symmetric constraints. This is done by showing that such problems can
be reformulated as symmetric quadratic programs and by exploiting properties of symmetric
quadratic programs in the algorithm. A considerable reduction of the computational effort can
be achieved, which will be demonstrated with an example.
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1. INTRODUCTION

The solution of a constrained linear-quadratic optimal con-
trol problem (OCP) is a piecewise-affine feedback law (Be-
mporad et al., 2002; Seron et al., 2003). The number of
affine pieces often drastically increases with the problem
order and the horizon. Thus, solving such problems explic-
itly is challenging. Various approaches exist. Geometric
approaches exploit the geometric structure of the solu-
tion (Bemporad et al., 2002; Tgndel et al., 2003; Baotic,
2002). They are competitive and therefore established in
toolboxes (Herceg et al., 2013; Bemporad, 2004). Combi-
natorial approaches (also referred to as implicit enumer-
ation techniques) exploit that every affine piece in the
solution is defined by a unique active set. Combinatorial
algorithms calculate the set of active sets that defines the
solution (Gupta et al., 2011; Feller et al., 2013; Oberdieck
et al., 2017; Ahmadi-Moshkenani et al., 2018; Herceg et al.,
2015). Dynamic programming approaches have been used
to determine the explicit solution by iteratively increasing
the horizon (Munoz de la Pena et al., 2004; Mare and De
Dona, 2007). An approach that combines the combina-
torial approach with dynamic programming was recently
presented (Mitze and Monnigmann, 2019). The approach
is based on the relationship between the solutions for
different horizons (Ménnigmann, 2019). Its procedure also
allows to detect when the solution for a finite horizon
equals the solution for the infinite horizon as the finite
horizon is increased iteratively.

Symmetries in linear-quadratic OCPs can be used to
reduce the memory requirements of the explicit solu-
tion (Danielson, 2014). We exploit symmetries to re-
duce the computational effort for determining the explicit
solution. More precisely, we improve the dynamic pro-
gramming algorithm proposed in Mitze and Monnigmann
(2019) for linear-quadratic OCPs with point-symmetric
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constraints. We show that this problem class can be re-
formulated as symmetric quadratic programs (QPs) and
exploit properties of symmetric QPs (Feller et al., 2013).

Section 2 introduces some facts about linear-quadratic
OCPs, symmetric QPs, and the dynamic programming
algorithm. Sections 3 and 4 propose a new algorithm and
illustrate it with an example, respectively. Conclusions are
given in Sect. 5.

1.1 Notation

Consider a matrix M € R**? and an ordered set M C
{1,...,a}. Let My € RIMIXY denote the submatrix of M
containing all rows indicated by M. Furthermore, let @&
denote the Minkowski addition.

2. PROBLEM STATEMENT AND PRELIMINARIES

The constrained linear-quadratic OCP treated in the
present paper reads

N— 1
. T T
min 2(N)'Pz(N) + ) +u(k)" Ru(k))
kZO
la
st. x(k+1)= Ax(k) + Bu(k), k=0,..,N—-1 (1b

(

(1a)
( (1b)
a(k) € X, k=0,..,N -1 (1c)
u(k)eu,kf() SN -1 (1d)
(N)eT, (le)
where 2(0) € R™ is given, U = (u7(0),..,u” (N ~1))" €

RY¥™ and X = (27(1),.. N))T RN” collect the
inputs u(k) € R™ and states x(k) € R™, respectively,
Q eR™™ Q> 0and R € R™*™ R > 0 are the weighting
matrices for states and inputs, respectively, N € N is the
horizon, A € R™*"™ and B € R™ ™ define the discrete-
time time-invariant system, (A, B) is stabilizable, & and
X are compact full-dimensional polytopes that are point-
symmetric with respect to the origin (—u € U < u € U,

T

6999



Preprints of the 21st IFAC World Congress (Virtual)
Berlin, Germany, July 12-17, 2020

—z € X & x € X) and that contain the origin in their
interiors, and P and K are the optimal cost function
matrix and optimal feedback matrix, respectively, of the
unconstrained infinite-horizon problem which implies P >
0. The terminal set T is chosen to be the largest possible
set with the properties T C X, Ko € U and (A +
BEK)x €T forallz € T.

We assume the constraints to be ordered by increasing
stage

u(0) e, z(0) € X,

: (2)
uN—-1)el, z(N-1)eX,
x(N)eT
with £ = 0,...,N. Let qux and g7 denote the number
of input and state constraints and the number of terminal
constraints, respectively. This implies the total number of

constraints amounts to ¢ = Nqyx + g7 for horizon N. We
define the sets @ = {1,...,¢} and Qp ={1,...,qux}.

By substituting (1b), (1) can be reformulated as the QP
1 1
min 5:c(o)TY:c(O) +2(0)TFU + 5UTHU
s.t. GU < Fz(0) + w,

(3)

with YV ¢ Rnxn, F c Ranm, H ¢ RmeNm, G €
R>*Nm B e R7*" w € RY, and where (3) inherits
the constraint order (2). The assumptions on (1) imply
H >~ 0 (Bemporad et al., 2002).

For any x(0) such that (1) has a solution, let A(x(0)) =
{i € QIG(ynU = wyy + Eye(0)} and Z(2(0))
O\ A(x(0)) refer to the optimal active set and its corre-
sponding inactive set, respectively. We call A(z(0)) an
optimal active set to distinguish it more clearly from
candidate active sets introduced in Sect. 2.1.

When solving (3) as a parametric program with parameter
2(0), the resulting optimal control law is a continuous
piecewise affine function of x(0) on a polytopic parti-
tion (Bemporad et al., 2002, Sect. 4.1). Let My refer to
the set of all optimal active sets A such that G4 has full
row rank and such that A defines a full-dimensional poly-
tope. Let Sy refer to all optimal active sets including those
that define lower-dimensional polytopes such as facets and
vertices (Sy 2 My).

2.1 Symmetric QP

We call a QP (3) symmetric, if Gy = —Gar, Epm = —En
and wag = wp holds for some sets M and N such that
MUN = 9, MNN = 0. In the same sense we call two

constraints ¢ and j symmetric, if G; = -G, E; = —F;
and w; = w;, and we call two active sets A; and A;
symmetric, if G4, = —Ga,, Ea, = —Ea; and wyg, = wa;.

All definitions stated here are compatible with those stated
by Feller et al. (2013), who proved the following lemma.

Lemma 1. (Feller et al. (2013, Lem. 9)). Consider a sym-
metric QP. An active set is optimal if and only if its
associated symmetric active set is optimal.

2.2 Iterative construction of My for non-symmetric
problems

The dynamic programming algorithm presented in Mitze
and Ménnigmann (2019) solves constrained linear-quadra-
tic OCPs by iteratively increasing the horizon. The essen-
tial relationship between the solutions for successive hori-
zons N and N+1 is stated in Lem. 2 (see also Ménnigmann
(2019)). Let P(Qp) refer to the power set of Q.

Lemma 2. (Mitze and Ménnigmann (2019, Cor. 1)). Con-
sider an OCP (1) and assume its constraints are ordered
as in (2). Assume we know Sy. Then

Sni1=ROURA), (4)
with
RM = {A € Sy|AC{L,... Naux}}, (5a)
R® C {Aj U (A @ {qux})|Aj € P(Qo), A € SN} )
(5b)

where SN contains all elements of Sy that have at least
one active constraint in stage k =N — 1 or k= N, i.e.,

Sy ={AeSnAZAL....(N-Daux}}.  (6)

An algorithm that implements Lem. 2 is given in Alg. 2
in Mitze and Ménnigmann (2019). It results from Alg. 2
in the present paper, if the superscript "red.” is omitted.
Specifically, (5a) is implemented in lines 4,5 and the
superset in (5b) is implemented in lines 8,9 of Alg. 2. The
superset is reduced to R(?) by testing all its elements for
optimality. For clarity, we call these elements candidate
active sets, since they are not known to be optimal. A
candidate active set A is optimal, if the linear program
(LP)
min —1
U,z(0),A4,s7,t

st FT2(0)+ HU + (Ga)"Aa=0, (7b
teg S )\_A, (7C

GaU = Eax(0) —wa =0, (
GzU — Ezz(0) —wz + sz =0, (7e

tel S ST, (
t>0, (7g

with column vectors e; = (1---1)7, i = 1,2 of appropriate
sizes, Lagrangian multipliers A4, and slack variables sz,
has a solution (Gupta et al., 2011, Sect. 3.1). Since all
elements in Sy41 and therefore all elements in R(®
are optimal by definition of Sy, only optimal candidate
active sets are added to Sy4+1 (lines 12,13). Furthermore,
candidates that result in ¢ = 0 in (7) are collected in the
set SyE. SyES™ then consists of those A € Sy ®™ that
are copied with (5a) (lines 6,7) and candidate active sets
such that the solution to (7) is ¢ = 0 (lines 14,15). We
call an active set A feasible (resp. infeasible), if the LP
(7) without (7b) and (7c) has a solution (resp. has no
solution) (Gupta et al., 2011, Sect. 3.2). If a candidate
active set A is infeasible, every A’ D A is also infeasible
(Gupta et al., 2011, Thm. 1). Since (7) without (7b)
and (7c) involves a subset of the constraints of (7), an
A that is infeasible is not optimal. Hence, any candidate
active set that is a superset of a known infeasible active
set can be disregarded (line 10). This is referred to as
pruning in the remainder of the paper. Candidate active
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sets that are not optimal are tested for feasibility (line 17).

Infeasible active sets are stored in SY™° (lines 18,19) in
order to be able to dismiss supersets that appear later.
Pruning has the greatest impact if candidates are tested
in the order of increasing cardinality. The algorithm for
determining S is given in Mitze and Ménnigmann (2019,
Alg. 3).

The overall dynamic programming algorithm for deter-
mining the solution My for a horizon Np.x for non-
symmetric QP is given in Mitze and Moénnigmann (2019,
Alg. 4). Tt results from Alg. 3 in the present paper when the
superscript “red.” and lines 13,14 and 17,18 are omitted.
The approach terminates if Ny.x has been reached or if
an N such that the solution Sy equals the infinite-horizon
solution limy_oc Sy has been found. This is the case if
Sn+1 = 0 (lines 5,6) (Mitze and Monnigmann, 2019, Prop.
1). Algorithm 3 reduces Sy to My by discarding those
active sets A that define lower-dimensional polytopes and
those such that G 4 does not have full row rank. Polytopes
of active sets such that G 4 is not of full row rank are
covered by the polytopes defined by the active sets in
My (Ahmadi-Moshkenani et al., 2018, Sect. 3), therefore
these active sets are not required (line 9). An optimal
active set A that defines a lower dimensional polytope
either has G 4 that is not of full row rank or GzU < wz +
Ezx(0) or A4 > 0 does not hold (Tgndel et al., 2003, Thm.
2). Active sets such that G;U = wy;y + Eg;2(0) holds
for an i € 7 or A\g;; = 0 holds for a j € A are collected
in Sg,egen'. These active sets are only added to My if the

polytope defined by them (see e.g. Jost et al. (2015, Lem.
2)) is full-dimensional (lines 10-12).

3. ITERATIVE CONSTRUCTION OF My FOR
SYMMETRIC PROBLEMS

We will show in Cor. 4 that a linear-quadratic OCP (1)
where U and X are point-symmetric with respect to the
origin can be reformulated as a symmetric QP. We need
Lem. 3 as a preparation.

Lemma 8. If U and X in (1) are point-symmetric with
respect to the origin, then T is point-symmetric with
respect to the origin.

Proof. The terminal set 7 introduced in Sect. 2 is for-
mally defined by

T ={z € X|(A+ BK)*z € &y, k >0}, (8)

where Ay = {z € X|Kx € U} (see, e.g., Sznaier and
Damborg (1987)). First note Ay, is point-symmetric with
respect to the origin (pso), which can be seen as follows.
For any = € Ay we have v € X and Kz € U by definition
of Ay;. Since X' and U are pso, it follows that —z € X and
—Kxz = K(—z) € U, which yields —z € Xj. The point-
symmetry of (8) can be established in the same fashion.
For any z € T, we have z € X and (A + BK)*x € Ay
for all £ > 0 by (8). This implies —z € X and (A +
BK)¥(—z) € Ay since X and Ay are pso. The last two
relations imply —z respects the conditions that define T
in (8). Since z € T was arbitrary, the claim follows. O
Corollary 4. If U and X in (1) are point-symmetric with

respect to the origin, then the associated QP in (3) is
symmetric.

7001

Proof. We need to show that for every constraint ¢ in (3)
there exists a constraint j such that G; = -G, I, = —F;
and w; = wj. Since X, Y and T are polytopes, they are
defined by an intersection of a finite number of halfspaces.
Since X and U are symmetric by assumption and T
is symmetric according to Lem. 3, there exist defining
halfspaces that are symmetric. More precisely, there exist
TY, 7%, T7T and d4, d*, d” such that

u:{ueRm|( TTMM)M (ZZZ)}
v={remi(Ta)e<(f))
r-foem ()< (£))

Substituting (1b) into the remaining constraints of (1)
yields

(Omka m OmXN k— 1m)U€u

z(0) €
k—1 N—k k (10)
(AF1B ... B o (V=Rn) U 4 AFg(0) €
(AN-1B ... B)U + AVz(0)
forallk=0,...,N—1, where I and 0 are the 1dent1ty and

zero matrices, respectively, with the obvious dimensions.
Substituting (10) into (9) yields

U U
(_T‘TZ/{) (Omka m OmX(kafl)m) U S (le”) s

B)U+ AVz(0)] < (g:)

(11)
for all kK = 0,...,N — 1. By moving all terms that
depend on z(0) to the right hand side in (11), the form
GU < FEz(0) + w can be obtained. Because (11) and
GU < Exz(0) + w inherit the alternating rows from (9),
there exists, for every constraint 7, a constraint j such that
Giiij,Eiiij and Ww; = Wj. O

The dynamic programming algorithm for the construction
of all active sets can be simplified for symmetric QPs.
Essentially, we only need to construct one active set for
each pair of two symmetric active sets. Let the reduced
solution S]r\?d' contain all A € Sy, but only one of two
symmetric active sets. Corollary 5 results from applying
Lem. 2 to the symmetric case.
Corollary 5. Consider a symmetric OCP (1) and assume
its constraints are ordered as in (2). Assume we know Si?-.
Then

Sred _ R(l),red. U R(Q),red.,
with
RWred = L4 e S¥AC {1, ..., Nqua}l), (12a)

R(2)red. {Aj U (A & {quatA; € P(Qo), A € St } ,
(12b)
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where Si¢d" contains all elements of Si¢4- that have at least
one active constraint in stage k = N — 1 or k = N, i.e.,

Sed = {AeS¥AZ{1,...,(N —1)qux}}.

Proof. Sy is the union of the sets R(Y and R (4),
where all A € R() have inactive constraints in stages N
and N + 1 (5a) and all A € R(?) have at least one active
constraint in stages N or N + 1 (5b). By definition of the
reduced solution, S§¥¢; contains all elements from Sy1,
but only one of two symmetric active sets.

Symmetric constraints appear within the constraints of
one stage, see (11). Hence, symmetric active sets are either
both part of R(Y) or both part of R®). Let F) and
F@) contain all elements of R and R?), respectively,

but only one of two symmetric active sets. It follows that
Siedy = FO yF3.

It remains to show that F() = RMred apd F) =
R@)red. - F(1) contains all elements of

R ={AJAC{1,...,Nqx}, Ac Sy},
but only one of two symmetric active sets. Removing one
of two symmetric active sets from Sy, i.e., replacing Sy
by Sted-, yields

.7'-(1) = {.A|A - {1, ...,qu/{x},A S S]r\?d'

_ R(l),red..

Accordingly, F) results from replacing Sy by Si¢- in

RP = {AlA = 4A; U (A @ {qux}), Aj € P(Qo),
At 2 {1, ..., (N = Daux}, A € Sn},
which yields

F@ = JAJA = A; U (A @ {qux}), A; € P(Qo),
Az {1, ..., (N = Daua}t, A € S,

Introducing Si¢d = {A € ST [AZ {1,...,(N — Daux}},
this becomes

FO = {AJA = A U (A @ {qux}), Aj € P(Qo),
A e Syt
— R(2)red.

3.1 Implementational aspects

The algorithm presented in this paper proceeds analo-
gously to the algorithm presented in Sect. 2.2 from Mitze
and Monnigmann (2019), but determines and stores only
one out of each pair of optimal active sets. The set of all
optimal active sets is then constructed in the last step only.

In order to compute the reduced solution for the initial
horizon 8¢, let the reduced power set P4 ({1, ..., qx +
gr}) contain all A € P{l,...,qux + qr}), but only
one of two symmetric active sets. Clearly, Si*d C
Pred-({1,...,qux + q7}) and hence, the elements of

Pt ({1, qux +ar))

are the candidate active sets for the initial horizon (line
2 in Alg. 1). The procedure to test these candidates and
develop the reduced solution for the initial horizon is not
changed. It is shown in Alg. 1.

Algorithm 1: Determination of S¢¢:

Initialization: set S}°d = (), ST = () and
S{)runed _ @
for every A; € P*({1,...,qux + q7}) by incr.
cardinality do
if A; 2 A for all Ae 8P then
solve (7) for QP with horizon 1
if solution exists then
add A; to Sied-
if solution t = 0 then
| add 4; to S;e&™

else

solve (7) without (7b) and (7¢) for QP
with horizon 1

if no solution exists then

| add A; to sPrmed
O_ut[_)ut: Sred- Sfegen'

We illustrate the power set and the reduced power set
with the combinatorial tree in Fig. 1 for an artificial
symmetric QP with 4 constraints. The combinatorial tree
shown here contains all active sets in P({1,...,4}). The
constraints are ordered in symmetric pairs such that
symmetric constraints are next to each other. The active
sets {}, {1,2}, {3,4} and {1, 2, 3,4} are special in the sense
that all symmetric constraints are either both active or
both inactive therefore they are equal to their symmetric
active set. P4 ({1,...,4}) can be constructed if every
second branch that emanates from an active set that is
equal to its symmetric set is omitted. P4 ({1, ...,4}) then
contains all active sets that are shown in black.

{
/T\
{1} {2} {3y {4}
_— N\ —— N |
{1,2} {1,3} {14} {23} {24} {34}
P |
{123} {124} {1,34} {2,3,4}
{1,2,3,4}
Fig. 1. Combinatorial tree for ¢ = 4 constraints. The

constraints are ordered in symmetric pairs, hence,
constraints 1 and 2 and constraints 3 and 4 are
symmetric, respectively.

Corollary 5 describes how the reduced solution for the
increased horizon Sy, is related to the reduced solution

for the current horizon S]r\?d'. This relationship is used in
Alg. 2 to construct S}y, from SE®-.

The overall algorithm is stated in Alg. 3. In proceeds
analogously to Alg. 4 in Mitze and Moénnigmann (2019),
but adds the symmetric active set whenever an active set
is added to My (lines 14,18).

Note that active sets such that all symmetric constraints
are either both active or both inactive are equal to their
symmetric active set. However, these candidate active sets
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Algorithm 2: Determination of S]r\?il from Sigd-

Input: Sigd-, SaE™
Initialization: set Sigd; = 0, Sy and SF1! =0
for every A, € S¥4 do
if .Al - {1, ceey qu,[;\(} then
add A; to Sy
if A; € Sg,egen' then

L add A; to SyE™
f .Al g {1, ceny (N — 1)%{2{} then
for every A; = A; U (A @ {qux}) with
A; € P(Qo) by increasing cardinality do

if A; 2 A for all A € S then

solve (7) for QP for horizon N + 1
if solution exists then
add A; to Syl
if solution t = 0 then

| add A; to Sy

-

else

solve (7) without (7b) and (7c) for
QP for horizon N + 1

if no solution exists then

L add A; to SF

Output: Sf\?il , Si,efeln'

are never part of My, because G 4 does not have full row
rank. The special case A = {} need not be added. Tt is
treated in lines 13 and 17.

Algorithm 3: Dynamic programming approach to
solving constrained linear-quadratic OCPs

Input: S, ST (from Alg. 1), Npax > 1
Initialization: set My =0
for N =1 to Nyax — 1 do
determine Sid and SyET" with Alg. 2
if Si¢y € P({1,.... Nqux}) then
L rea
N=N+1
for every A, € S do
if rowrank(G 4,) = | Ax| then
if A € Si,egen' then
if polytope def. by Ay full-dim. then
add A to My
if Ay, # {} then
add Aj, that is symmetric to Ay to
My

else
add Ay to My
if Ay, # {} then
| add Aj that is symmetric to Ay to My

O_utI;ut? My

4. EXAMPLE

We illustrate how the new approach proceeds and analyze
its computational effort with an example. We use the
double integrator from Gutman and Cwikel (1987)

w(k+1) = <(1) })x(kw <Oi5>u(k:)

with symmetric input constraints |u(k)| < 1, symmetric
state constraints |xi(k)] < 25, |za(k)| < 5 and cost
function matrices @ = 1 € R?*2, R = 0.1 as an example.
The terminal cost P and set 7 are as described in Sect. 2.

We show how the solution develops when the horizon is
increased iteratively (Fig. 2) to illustrate how the proposed
approach proceeds. We choose Npax = 5.

First, we determine the reduced solution for the initial
horizon N = 1 with Alg. 1. Because the approach considers
the reduced power set as candidate active sets, only a
subset of the solution, the reduced solution, is determined
(Fig. 2a). Then, we apply Alg. 2 to get the reduced
solutions for the increased horizons N = 2,...,5 (Figs. 2b
and 2c¢). Once the target horizon N = Np.x has been
reached, all symmetric active sets are added with Alg. 3
(Fig. 2d).

5

g0 \ g0
5
-20 0

20 -20 0 20
Iy Iy

=)

(a) reduced solution for N =1

5.
30%

-20 0 20
x1 T

5

)
o

v‘
'
ot

(c) reduced solution for N =5 (d) solution for N =5

Fig. 2. Polytopes defined by active sets that are elements
of the reduced solution are shown in gray, polytopes
defined by their symmetric active sets are shown in
white in Fig. 2d.

4.1 Computational effort

In order to compare the proposed approach to the one
from Mitze and Moénnigmann (2019), we compare the num-
bers of executed optimality tests with (7) and feasibility
tests with (7) without (7b) and (7c). The computational
effort of solving the LPs is relatively high, therefore these
numbers dominate the computational effort of both ap-
proaches. Figure 3 shows the numbers for the example
stated in Sect. 4 as a function of the horizon N. It is
evident that the numbers of optimality and feasibility tests
decrease by roughly a factor of 1/2.

The number of candidate active sets when solving an
OCP (1) for a horizon Np.x equals the number of candi-
dates when determining the solution for the initial horizon
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x103

horizon N horizon N

(a) optimality tests (b) feasibility tests

Fig. 3. Number of optimality and feasibility tests for the
dynamic programming algorithm presented in Mitze
and Monnigmann (2019) (circles) and for Alg. 3
(crosses) as a function of the horizon N.

(line 2 in Alg. 1) plus the number of candidates when
determining the solution for the increased horizons N =
1, ooy Nppax — 1 (line 9 in Alg. 2). When determining the
solution for the initial horizon, the algorithm in Mitze and
Ménnigmann (2019) treats all elements in P({1, ..., qux +
q1}) whereas the approach proposed in this paper treats
all elements in P*4({1,...,qux + g7}). The number of
elements in P({1,...,qux + q7}) is 294*+97  the number
of elements in P*"({1,..,qux + qr}) is i(2mx+ar 4

2(aux+47)/2) Note that the number of elements is not
exactly reduced by a factor 1/2, because candidate active
sets such that symmetric constraints are both active are
equal to their symmetric active sets. When determin-
ing the solution for an increased horizon, the algorithm
in Mitze and Monnigmann (2019) treats all elements in
the superset (5b) whereas the approach proposed in this
paper treats all elements in the superset (12b). The num-
ber of elements in the superset (5b) is 2%* . |Sy|, the
number of elements in the superset (12b) is 2% . |Sied-|.
By definition, Sy does not contain A = {}. Active sets
with symmetric constraints that are both active are in-
feasible and therefore not part of Sy. Because Sy only
consists of active sets that have a symmetric active set,
Si¢d:| = 1|Sx| and hence, the number of candidates for
the increased horizon is exactly reduced by a factor of
1/2. Therefore, the number of candidate active sets for the
approach presented in this paper is reduced by a factor of
1/2 up to $2(aux+a7)/2 This is illustrated in Fig. 4.

15
1><0
00000000000
OO
o
0.5 0©
o xxXXXXXXXXXX
[0} xxx
Ooxxx
o X
0 mQQQ’fX L L | )
0 5 10 15 20 25
horizon N

Fig. 4. Number of candidate active sets for the dy-
namic programming algorithm presented in Mitze and
Ménnigmann (2019) (circles) and for Alg. 3 (crosses)
over the horizon.

5. CONCLUSION

We improved a recently proposed dynamic programming
algorithm solving constrained linear-quadratic OCP with

input and state constraints that are point-symmetric with
respect to the origin. We showed that the computational
effort is almost reduced by a factor of 1/2.
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