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Abstract—A fundamental issue at the core of trajectory
optimization on smooth manifolds is handling the implicit
manifold constraint within the dynamics. The conventional
approach is to enforce the dynamic model as a constraint.
However, we show that this approach leads to significantly
redundant operations, as well as being heavily dependent
on the state space representation. Specifically, we pro-
pose an intrinsic successive convexification methodology
for optimal control on smooth manifolds. This so-called
iSCvx is then applied to a representative example involving
attitude trajectory optimization for a spacecraft subject to
non-convex constraints.

Index Terms—Trajectory optimization, intrinsic convex
optimization, optimization over Riemannian manifolds.

[. INTRODUCTION

FUNDAMENTAL challenge in formulating and solving

trajectory optimization problems on manifolds lies in
selecting the most appropriate state space representation. For
rigid bodies, common representations include dual quaternions
and homogeneous matrices. The choice of representation
directly influences the solution strategy and the performance
of algorithms for solving the corresponding non-linear optimal
control problem. For example, the widespread adoption of
dual quaternions is due to their advantageous properties in this
context [1], [2], [3]. In this letter, we investigate a trajectory
optimization framework invariant to the representation of the
underlying configuration space, provided that the dynamics
and constraints depend exclusively on coordinate-free quanti-
ties of the system manifolds. We frame this perspective in the
context of the Successive Convexification (SCvx) algorithm, a
popular method for fast trajectory optimization [4], [5].

The extrinsic enforcement of dynamics leads to certain
redundant operations, particularly in SCvx, by searching over
excess dimensions in the convex sub-problem. A systematic
analysis of the extrinsic approach has been done in [6].
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For example, the unit quaternions Q is a 3-dimension mani-
fold embedded in a 4-dimensional ambient vector space R*.
The fact that the linearized dynamics of the vehicle are
parameterized by matrices Ay € R*** and By € R**3 implies
that we have redundancy in our parameterization. The same
observation goes for the so-called virtual control v; € R* that
appears in SCvx. This observation implies that our optimizer
requires more variables than necessary, resulting in more
memory usage and higher time complexity.

Furthermore, the virtual control term introduced in the
SCvx setup is essentially responsible for achieving two distinct
objectives: satisfying the dynamical as well as the state-control
constraints, while also trying to meet the implicit manifold
constraint (i.e., q;—qk = 1). This observation highlights that if
there was a way to intrinsically embed the SCvx procedure into
the system manifold, then the virtual control would only need
to deal with enforcing the dynamical and state-control con-
straints. There would also be fewer “search directions” when
solving the resulting local sub-problems. Moreover, since
iterates may not remain on the system manifold, additional
iterates are generally required for convergence. And most
importantly, SCvx is highly dependent on how the dynamics
are embedded in the ambient manifold.

The intrinsic approach to general constrained optimization
on manifolds is an established area that has recently received
renewed interest [7], [8], [9], [10]. For intrinsic trajec-
tory optimization, the authors in [11], [12] optimize over
the Banach manifold of system trajectories defined on Lie
groups. The contribution of this letter is the development
of an SCvx-like procedure that is invariant to the represen-
tation that we call intrinsic SCvx (iSCvx). We will show
that the proposed approach resolves the redundancy and
representation-dependent issues mentioned above, with a focus
on discrete-time systems over a finite-time horizon.

The outline of this letter is as follows. In Section II
we present the problem statement, followed by an overview
of required background on smooth manifolds and SCvx in
Section III. The main results of this letter are then discussed in
Section IV along with theoretical guarantees on the solution of
the local sub-problem; this is then followed by an example of
the proposed iSCvx algorithm to constrained attitude control in
Section V. We conclude with a discussion on the shortcomings
of the algorithms and future directions of this line of work in
Section VI.
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[I. PROBLEM STATEMENT

Let M and U be Riemannian manifolds and f: M xU —
M represent the system dynamics. The stage and final stage
costs are denoted ¢ : M x U — R and ¢y : M — R. Let
N > 0 be the time horizon of the problem, x = (xg, ..., xy) €
MY the state trajectory, and u = (ug,...,Un—1) € unN
the control sequence. We define the constraints g : M X
U — R"; we assume that all functions defined above are
twice continuously differentiable. The trajectory optimization
problem of interest is solving

N-1

min C(x,w) = Y dpCu.w) +grty) (1)
' k=0

St g1 = f (s k), (1b)

8 (X, u) < 0, (Ic)

X0 given. (1d)

The key idea pursued in this letter is solving (1) in an
“intrinsic” manner—one that is invariant with respect to how
M has been embedded in an ambient vector space.

IIl. BACKGROUND

We first provide the background notions and constructs that
our subsequent analysis and results are built upon.

A. Smooth Geometry

A smooth manifold M is a topological space that locally
behaves like a vector space [13], [14], [15]. Euclidean sub-
manifolds are subsets of R? with no corners, cusps, or
“non-smooth” artifacts, such as the unit quaternions Q = {g €
R* : qTq =1} C R*; see Section V.

A smooth curve is a smooth function y : R — M. The
tangent space TyM at x is the set of the tangent vectors y (0) of
all smooth curves y () with y(0) = x. The tangent space is a
vector space whose dimension equals the manifold dimension.
For example, TqQ ={v e R4 : qu = 0} has dimension 3.
The disjoint union of tangent spaces T.M is called the tangent
bundle. A vector field is a smooth function V : M — TM
with V(x) € Ty M.

Let f: M — N be a differentiable map between smooth
manifolds. The differential df, : TxM — TyN of f at x
along v € Ty M is the linear mapping

dfe(v) == dit)tzofo v, )

where y(-) is any smooth curve satisfying (y(0), y(0)) =
(x,v). The differential is the canonical way of defining the
notion of directional derivative.

The following example makes use of the unit quaternions.
Fix yz € R>. Define f(g) := q-yp-g~" that rotates yg via the
rotation represented by g. Here, “-” denotes quaternion mul-
tiplication, and we are identifying R® with pure quaternions.
From the above, we have

df,(v =q- [yB,Cf1 ~V] g,

where [a,b] :=a-b—b-a.
A retraction is a smooth mapping R : S € TM — M
where S is open, (x,0,) € S for all x, and the curve y(¢) :=

R:(tv) = R(x,tv) satisfies (y(0), y(0)) = (x,v) for each
(x,v) € S [16], [17], [18]. For vector spaces, the canonical
retraction is R,(v) = x + v. For a product manifold MK, the
induced product retraction is the retraction applied element-
wise: Rx(v) = (Ry, (v1), ..., Ry, (Vi)).

By the inverse function theorem, there is a neighborhood
U, around each 0 € T, M such that R, admits an inverse:
R;': U Cc M — M.

The unit quaternions admit a canonical retraction. Let
exp : q —> Q, exp(w) = (cos|lw|s,sinc(w)w) be the
quaternion exponential, where sinc(w) = sin||w|2/]|w]2.
Then

Ry(v) =gq-exp(w); 3)

here, we are expressing quaternions as ¢ = (qo,qy) and
tangent vectors as v = ¢ - € T,Q. The inverse of this
retraction is

R\ ) =g-10g(q7" - p). (4a)
gty - 20l 90) b
vl

where log: Q@ — ¢ denotes the quaternion logarithm.

B. Successive Convexification (SCvx)

SCvx descends from the Sequential Convex Programming
(SCP) paradigm [19]. Consider a possibly infeasible trajectory
(x, u). A convex local sub-problem is constructed to compute
the optimal perturbation (», &) around (X, u), minimizing the
objective while satisfying the relaxed constraints:

N—1
;f,?,i?,s Cx+nu+é) + % MP Ve, sK) (5a)
s.t. g, ux) + Seni + Teér < sy, (5b)
o, k) — X1 + Axnie + Bk = vy, (5¢)
sk=0, lllz <r, ekl < r. (5d)

The linearized constraints ensure the sub-problem remains
convex. Specifically, the Jacobians are S; = Dyg(xx, ug),
Ty = Dyg(xk, ug), Ag = Dyf (xi, ug), and By := D f (x, ug).
To guarantee feasibility, the linearized constraints are further
relaxed with the virtual control v and buffer zone slack
variable s. A penalty term P : R” x R" — [0, co) on the slack
variables is appended to the objective in order to “discourage”
their usage. A trust region radius r > O constrains the
perturbations to ensure boundedness.

Once the sub-problem is solved, the perturbations are added
to the trajectory. The trust region radius r is adjusted based
on the quality of the approximation of the sub-problem
to the original problem, as well as the amount of relative
improvement in objective. We define the penalized objective as

N—1
Jx, ) = Cxw) + 3 AP (xeer — 2, [90, o) +)
i=1
with zx = f(xg, ux). We call (5a) the localized objective,
denoted L. Let (p*, §*, v*, s*) be the solution of (5). Define
the predicted change as

I w) —J(x 4 7%, u+ )
J(x,u) — L(n*, %, vE, %)

Authorized licensed use limited to: University of Washington Libraries. Downloaded on March 08,2026 at 06:22:50 UTC from IEEE Xplore. Restrictions apply.



410

IEEE CONTROL SYSTEMS LETTERS, VOL. 9, 2025

A positive p > 0 indicates good approximation and an
improvement to the objective. The trust region radius is
updated according to

ar if p < pq,
rf={r if p1<p<p,
Br if p = p2

where 0 < pg < p1 < < land 0 < @ < 1 < B are
the algorithm parameters. A negative or exceptionally small
o < po indicates poor approximation of improvement; the
trust region radius is reduced and the sub-problem re-solved
until we have an acceptable amount of improvement.

IV. INTRINSIC SCVX

In this section, we describe the main mechanisms used
in iSCvx. First, we show how to linearize dynamics in an
intrinsic way in Section IV-A. Next, we show how to handle
the virtual control and buffer zone terms, along with the
penalty in Section IV-B. Thereafter, we show how to compute
an intrinsic second-order approximation of the trajectory cost
in Section IV-C. Then, in Section IV-D, we introduce the
geodesic local sub-problem and how to numerically solve it
in Section IV-E. Last, we present the iSCvx algorithm in
Section I'V-F.

A. Linear Approximation on Smooth Manifolds

The key difference between iSCvx and SCvx is how we
linearize the dynamics and constraints using the intrinsic
differential (2) rather than the ordinary Jacobian operator
(5b), (5¢). Using the differential, the resulting system matrices
will have smaller dimensions, resulting in faster solving time.

Now, let us consider the dynamic constraint (1b). For
sufficiently small r > 0, there exists a unique 141 € Ty, M
satisfying

et = (ReL, of ) (Re, (), Ry (80),

given [[nkllx,, I6klly, < r. As this mapping is between vector

spaces, we can linearize it in the ordinary sense.
Proposition 1: For sufficiently small » > 0, the first-order
expansions of (I1b) and (Ic) are

Mt = Ry 1) + Di o (Ak(m) + Bi(€r) + o(r)  (62)
g(Re, (), R, (80)) = gk + Sk(mi) + Te(&) + o(r)  (6b)

where zi == f(xx, ux), gk = g(xk, ux), and

Ay =dyfg ) @ TyM — Ty M (7a)
By =duf ) : Tyd = Ty M (7b)
D =dR.! [y 0 TuM — Ty M (7c)
Sk = degoyup) @ Ty M — R™ (7d)
Ty =dugequ) : Tud — R". (7e)

Proof: Using the fact that dRy, |o(-) is identity and

d(Ry, 0f © Ry Ru)) = dRZL 0 (@f + duf),

through the chain rule, we obtain (6a). The same process holds
for (6b). [ |

B. Slack Variables and Penalty

Like SCvx, we use slack variables sx > 0, v € Ty, M to
ensure that the sub-problem is feasible:

80k, uk) + Sr(mk) + Tr(€x) < sk,
Ry (z) + Dy o (Ac(ne) + Bi(&) + vic = miy1.-

We also require an exact penalty term in order to minimize
usage of these slack variables. Define a function P : TM x
R"¢ — R using only coordinate-free quantities. From here,
we can define the penalized objective as

N—1

Jxw = Cxw+ Y /\kP<R;kl+ (0. [e] +) ®)
k=0

C. Sub-Problem Objective

We will describe how to construct the localized trajectory
cost for the sub-problem. We require that our stage and
final stage costs are geodesically convex with respect to the
Riemannian structures of M and U. This will imply that
the second-order approximation is a positive semi-definite
quadratic function, thereby making the sub-problem convex.

A Riemannian metric is a smooth assignment of an inner
product (., .)y : Tx M x Ty M — R to each point x € M. A
smooth manifold paired with a Riemannian metric is called a
Riemannian manifold. Riemannian metrics allow us to define
generalized notions of the gradient.

Euclidean submanifolds equipped with (v, w), == v w are
labeled isometric. In the context of optimization, the “right”
Riemannian metric can speed up the convergence rate of
the corresponding Riemannian gradient method by orders of
magnitude [20].

The Riemannian gradient Vf(x) € Tx M of f: M — R is
the vector field that satisfies

(VF(x), v)x =dfr(v)

at all (x,v) € TM. While the Riemannian Hessian
V2f(x) : TeM — T M requires additional theory to define,
for isometric Euclidean submanifolds it becomes

sz(x)[v] = ProijM (ng(x)v)

Here, §2f (x) € R4 is the ordinary Hessian matrix. We also
write V£ (x)[v, w] = (V2 (x)[v], w)y.

We refer to [13] for definitions of geodesic convexity for
sets and functions on manifolds. There is one property of
geodesically convex functions that will be utilized subse-
quently: f is geodesically convex if and only if V2f > 0
and the domain is strongly geodesically convex. Then, the
second-order approximation about any x € U is a positive
semi-definite quadratic:

n 1
F) =) +d () + §V2f(x)[v, v].

Suppose the stage costs ¢ (-, ), ¢r(-) are geodesically con-
vex and V2 ¢ = 0. Then their second-order approximations

are convex quadratics:

Plocw (. &) = ¢ 6, 1) + depeny () + dube (§)
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Fig. 1. Visualization of perturbing a trajectory along a tangent space.
l
T35 Ve (x wln, 77]+ V W@ w)E, 8],

X 1
Grlx(n) = dp(x) + dedprlc(m) + EV ¢r()[n, nl.

This implies that the trajectory cost is geodesically convex, and
so its second-order approximation will be a convex quadratic:

N—-1
Con @6 =Y iy k- &) + Loy ). 9)
k=0

D. Geodesic Local Sub-Problem
The geodesic local sub-problem about (x, u) is

N—-1
min - Coow (1, §) + Y APk 5) (10a)
n.8.v =0
St M1 = xk+1 (@) + Ax(nie) + Bi(&) + i, (10b)
8Ok, uk) + Sk(ni) + T (x) < sx, (10c)
s> 0, el <70 Nkl <7 (10d)

where Ay = Dy o Ay and By := Dy o By. We call (10a) the
localized objective and denote it L(n, &, v, s). It generalizes
the objective (5a).

Lemma 1: If the stage costs are continuously differentiable
and geodesically convex over a chosen domain, then a solution
exists for (10).

Proof: Recall that the sub-problem is feasible if the fea-
sibility set is non-empty. Due to the virtual control term vy,
any state in the feasible region of the convex sub-problem
is reachable in finite time. Furthermore, the virtual buffer
zone variables s; ensure that the feasible set defined by the
linearized state and control constraints is non-empty. Hence,
an optimal solution exists. |

E. Coordinate Representations

Problem 10 is written in terms of tangent vectors and linear
operators. To solve it, we must choose a frame and compute
the coordinate representations of the quantities appearing in
the problem. The optimization variables will therefore be the
corresponding components.

For U C M, a local frame is an ordered set of n linearly
independent vector fields E; : U — TM. A global frame for
the unit quaternions is E;(q) := ¢ - e;, where ¢; € R3 is the ith
standard basis vector. Let (x, v) € TM. Then the components
of v is the coordinate vector [v] = !, VY e R
which uniquely satisfies v = ) 7, VE;(x). The components

of the Riemannian metric will be a positive definite matrix
Gii(x) = (E;i(x), Ej(x))x. Forw € TyM, we can write (v, W),y =
WIT[G@)][wl.

Let AV be a Riemannian manifold of dimension k and (F;)
a local frame about y € . Let A : TxM — T,\ be linear.
Its components is the matrix [A] € Rkx7 defined as follows.
Set Aj := A(Ej(x)) € TyN. Then [4;] € R* will be the jth
column of [A]. Now we can apply this methodology to turn
the abstract Problem 10 into a computable convex problem.

The coordinate representation of the final stage cost is

1
¢ )+ [dgylJnl + 50T [ V290 i)

which is a convex quadratic function. Applying the same
methodology to the stage cost and adding the penalty term,
we can then represent the sub-problem objective (10a) as a
computable convex function.

The coordinate representation of (10b) is the linear equation

[neet] = [RoL, @0 | + DA + Belind) + [vel

A similar process can be done for the coordinate representation
of (10c).

The bounds are represented as [n]T[G(x)][n] < 2 and
similar for ||&]|,. Using these coordinate representations, we
can represent (10) as a computable convex program.

F. iSCvx Procedure

We present Algorithm 1 with the following remarks. First,
it adheres to the SCvx protocol laid out in Section III-B and
further detailed in [4, Algorithm 2.1]. The quantities J and
L are defined in (8) and (10a), respectively. Second, since
Problem 10 optimizes over tangent vectors coordinatized by
a chosen frame, the sub-problem involves fewer optimization
variables. This results in faster computation. Because the
perturbations 7y, &, v are tangent vectors, we are effectively
optimizing over the necessary directions, reducing the mag-
nitude and need to satisfy the implicit manifold constraint.
Third, since Problem 10 is entirely written in intrinsic mani-
fold quantities, the computational outcome is independent of
representation.

V. EXAMPLE: CONSTRAINED ATTITUDE
GUIDANCE ISCVX

In this section, we compare iSCvx to its “Euclidean”
realization for constrained attitude guidance.

Our dynamics are the discrete kinematics for rotating bodies
using unit quaternions:

qr+1 = f(qr, wk) = qi - exp(Atwy)

where At > 0 is the time step. This describes rotating an
object with attitude g; about wy € R3 by an angle At|lwy||2.
We fix an initial go and desired gy. The chosen retraction is (3).
The global frame is the one described in Section I'V-E.

We next set a boresight direction yp fixed in the body frame,
a keep-out direction #, fixed in the inertial frame, and a zone
angular radius 6max € [0, 7). The keep-out zone constraint is

g(q) = tzyo — COS Omax-
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Algorithm 1 iSCvx Algorithm

1: Input: Choose initial trajectory (x,u) € MNT!1 x YN,
Select tolerance €, trust region r > 0, penalty weight
A > 0, and parameters 0 < pgp < p; < p2 < 1 and
0 <a < 1 < B, and sufficiently large AJ > 0.

2: while |AJ| > €, do

3: Solve Problem (10) to get n, &, v, s.

4: Compute

AJ <~ Jx,u) — J(Rx(), Ru(§))
AL <« Jx,u)—L(n,&,v,s)

5: Compute p < AJ/AL.

6: if p < po then

7: r < ar

8: else

9: Update x <— Rx(n), u < Ry (&)
ar, if p < p1;

10: Update r < {r, if p1 <p < p2;
pr. if p = pa.

11: end if

12: end while
13: return X, u

Thus, g(g) < 0 implies the angle between ¢, and y, == g - yp -

q’l is at least Opax. For both SCvx and iSCvx, we use the

penalty
P, s) = IVl + lslly = llg™" - vl + lislh.

For SCvx, the (Euclidean) trajectory cost is

N—1

> (rallak = sl + rolloxliz) + arllan = a7,
k=0

where A4, Ay, Ay > 0 are the reward coefficients.

Now, we will describe the iSCvx setup. To construct
geodesically convex stage and final stage costs, we use
the squared geodesic distance: p(g) = || log(qf_lq)H%. This
function is geodesically convex over the domain D :=

{q : Vp(q) < m/2} [21]. The stage costs are
$(q. ) = rep(@) + rolwl3,
dr(q@) = rrp(q).
Their derivatives are
d¢f|q(") = )\fdpq(v)’ dq¢(q,a)) ) = )\qdpq ),
V23¢r(q) = AV?p(q). Vo d(q. @) = 1V p(q)
doB(g.o) (€) = 2h0E | @, Vo,b(q. @) = 220l

with V§w¢ = 0. Next, the derivatives of p are

dpy») =27 (q-log(q; " - ).
Vzp(q)[v, vl=2v" <uuT + 0O cotb(I — qu - uuT)>v.

d—gq")
sin 6

where 0 = p(g) and u =
the geodesic trajectory cost.

qr- We will designate (1a)

TABLE |
SCvX AND ISCvX COMPARISON: CASE 1

emax = 10° emax = 30°

SCvx iSCvx SCvx iSCvx
Avg. Iter. 40.21 24.89 45.8 26.8
Std. Iter. 9.23 2.14 18.28 1.88
Time (s) 6.26 4.40 7.10 4.70
Avg. Geo. Cost 4.98 4.73 6.50 5.67
Avg. Eucl. Cost 7.21 6.91 9.65 8.17

Results compare SCvx and iSCvx for spacecraft attitude control under
different angle constraints with N = 30 time steps and discretization rate
At = 0.1 sec. Values are averages over multiple runs.

TABLE Il
SCvVX AND ISCvX COMPARISON: CASE 2

emax =10° emax = 30°
SCvx iSCvx SCvx iSCvx
Avg. Tter. 67.9 24.75 65.72 25.65

Std. Iter. 34.86 2.22 17.02 2.45

Time (s) 22.18 9.09 21.43 9.37
Avg. Geo. Cost 9.04 8.96 10.59 10.50
Avg. Eucl. Cost 11.94 13.34 13.98 15.42

N = 60 time steps and discretization rate At = 0.05 sec.

The differentials of the system dynamics and constraints (7)
can now be computed as

A1) = dgfigr.on (k) = 1k - exp(Atwy),

Bi(§k) = duf(gr.on) (6k) = Alqi - deXp py, (),

Sk(me) = dg(gr.on (M) =1, (Qk . [%?1 : nk,yB] -q,?l),
D) = gesr - dlog1 (g ),

where zx = f(qk,wr). These expressions make use of
the derivatives of the quaternion exponential dexp,,: R3 —
Texpap @ C R* and logarithm dlogq :T,Q C R* — R3. These
have the following closed form expressions [22], [23], [24]:

dexp, (1) = —sinc(a))a)T
Po (1) = sinc(w)lz + Vsinc(w)w " >

dlog, () = [~llgvl;*qv aligully ' 15 — allgully gvg, v,

cos flwllz  sin [oll2
2
el

Vsinc(w) = (

lol3

with o := atan2(||gy ||, go)-

A. Numerical Results

The numerical simulation' begins with randomly chosen
initial go and desired gy attitudes. The initial trajectory was
derived through spherical linear interpolation. We imple-
mented both SCvx and iSCvx with algorithm parameters €, =
10°°, r=1,0a=.5 =32 p=0, p; =.25 and pr = .7.
The objective coefficients are A, = 1, Ay = 10, A, = .1, and
A = 10°. We repeated this process 100 times and recorded the
average and standard deviation of the number of iterations for
each algorithm, as well as the average clock time, geodesic,
and Euclidean trajectory costs. We also stopped the algorithms
if the iteration count exceeded M = 100. The corresponding
results are presented in Tables I and II.

In Table I, iSCvx outperforms SCvx in every category
for Omax = 30° and Oyax = 10°. Paired with the fact that

1Code available at github.com/Rainlabuw/intrinsic-scvx.
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keep out zone
e to
— SCvx

iSCvx
e N e [start
1.00 Y — . e (desired

0.5 Lo 10

Fig. 2. The iterates of SCvx and iSCvx for the constrained attitude
guidance problem with parameters N = 30, At = 0.05, and Omax = 20°.

iSCvx achieves significantly lower average iteration count,
standard deviation of iteration counts, and wall clock time,
this experiment shows iSCvx has a natural advantage over
SCvx for this particular optimal control problem. In Table II,
while we see SCvx achieving a lower Euclidean trajectory
cost, the difference is small, especially considering iSCvx has
significantly more attractive results in the other categories.
Figure 2 shows the optimal trajectories under both algorithms,
and hence both costs. As shown, the trajectories are nearly
identical.

VI. CONCLUSION

This letter proposes the intrinsic successive convexifica-
tion algorithm for solving non-convex trajectory optimization
problems. We outlined the key ingredients of the proposed
algorithm and discussed the computational benefits of the
intrinsic geometry of the underlying smooth manifold during
the iterates. A numerical example, demonstrating the applica-
tion of the so-called iSCvx to constrained attitude guidance is
then discussed.

iSCvx has certain shortcomings. For example, in the SCvx
framework, rather than linearizing all constraints, the convex
constraints can instead be enforced directly in the sub-problem.
This convenience is the result of convexity in the Euclidean
setting. Geodesic convexity lacks this property, requiring all
constraints to be linearized. This shortcoming will make iSCvx
comparatively slower in such scenarios.

Additionally, the SCvx literature includes discretization
techniques and the machinery for handling free final time,
fixed terminal constraints, and non-smooth constraints and
objectives. iSCvx currently lacks these capabilities. Unlike the
convex constraint issue, these limitations are not the result of
a non-Euclidean setting. Notably, first-order holds and sub-
gradients can be generalized to smooth manifolds, suggesting
a pathway to resolving these shortcomings.

Future directions include implementing first-order hold
techniques for discretizing continuous dynamics, as well as
handling a free-final time objective. We plan to test the
algorithm on more complicated examples such as the 6-DOF

powered descent and generalize this methodology to other SCP
paradigms [25, Ch. 12].
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