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Abstract— Model predictive control (MPC) is a powerful
tool to control systems with non-linear dynamics and con-
straints, but its computational demands impose limitations on
the dynamics model used for planning. Instead of using a
single complex model along the MPC horizon, model hierarchy
predictive control (MHPC) reduces solve times by planning over
a sequence of models of varying complexity within a single hori-
zon. Choosing this model sequence can become intractable when
considering all possible combinations of reduced order models
and prediction horizons. We propose a framework to system-
atically optimize a model schedule for MHPC. We leverage
trajectory optimization (TO) to approximate the accumulated
cost of the closed-loop controller. We trade off performance and
solve times by minimizing the number of decision variables
of the MHPC problem along the horizon while keeping the
approximate closed-loop cost near optimal. The framework is
validated in simulation with a planar humanoid robot as a
proof of concept. We find that the approximated closed-loop cost
matches the simulated one for most of the model schedules, and
show that the proposed approach finds optimal model schedules
that transfer directly to simulation, and with total horizons that
vary between 1.1 and 1.6 walking steps.

I. INTRODUCTION
A. Motivation

Model predictive control (MPC) can provide closed-loop
stability for systems with complex, nonlinear dynamics and
state and input constraints by repeatedly solving a trajectory
optimization problem (TO) in a receding horizon fashion.
The main bottleneck is the solve time of the TO. It should
be fast enough such that the closed-loop control bandwidth
matches the timescale of the system dynamics. To reduce the
solve time, the predictive horizon of MPC can be shortened
and a terminal value function can be added to the cost to
account for the truncated horizon [1]–[3]. Another common
approach is to plan with a reduced order model [4]–[6] or
even a hierarchy of models of varying complexity [7]–[10].
Choosing the sequence of models and their corresponding
horizons is typically done by trial and error. We propose a
framework to systematically optimize a schedule of reduced
order models, and validate it with a proof of concept on a
planar, 13-DoF humanoid robot.

B. Related Work
Full-body models can exploit the full dynamic capabilities

of the robot [11], [12], but it remains challenging to opti-
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Fig. 1. Body position from full-body trajectory optimization (T O)
compared to an approximate closed-loop trajectory using (MHPC). The
goal of our proposed framework is to minimize the dimensionality of
(MHPC) while keeping the closed-loop cost near optimal. The framework
is validated using a case study where we optimize the horizons of whole-
body (Nfull) and single rigid body dynamics (NSRB).

mize full-body trajectories in real time for high-dimensional
systems like legged robots. Due to the complexity of these
systems, roboticists have adopted reduced order models
(ROMs) to simplify analysis and control [13], [14].

For instance, the linear inverted pendulum (LIP) [15], [16]
and the spring-loaded inverted pendulum (SLIP) [5], [17] are
common ROMs for humanoid locomotion, and have inspired
many extensions [16], [18], [19]. The LIP, the SLIP and
the single rigid body (SRB) have been used in MPC to
rapidly optimize trajectories, which are typically tracked by
a whole-body controller that reasons about the instantaneous
full-body dynamics [6], [20]–[22]. Despite its utility, this
approach can limit performance, as it forces the robot to
behave like a ROM that cannot account for whole-body
constraints [23].

To find less restrictive ROMs, Chen and Posa [23] pro-
posed a bilevel optimization to synthesize ROMs that min-
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imize the cost incurred by a full-body model. For a chosen
ROM parameterization, they find parameters that are least
restrictive for a distribution of tasks. However, the mapping
from the ROM to the full dimensionality of the high-order
model is not well-defined.

A recent strategy that combines the advantages of ROMs
and full-body models is model hierarchy predictive control
(MHPC), which consists of planning over a hierarchy of
models across the MPC horizon [7]–[9]. Both the perfor-
mance and solve times of the closed-loop controller are
affected by the complexity of the models used and their
prediction horizon. In previous work, a balance between the
number of failures [7], [9] and the average solve time was
used to judge the performance of various model schedules.
Wang et al. [8] used the closed-loop accumulated cost instead
of the number of failures. These approaches require testing
multiple MHPC configurations by trial and error to select one
that best trades off solve time and model complexity. This ad
hoc process, however, becomes intractable when considering
the plethora of possible ROMs and all possible combinations
across the horizon, each having different equations of motion.

C. Contribution

The goal of this paper is to provide a practical frame-
work to optimize model schedules for MHPC offline. An
optimal schedule should minimize the solve time when
deployed for online MPC, with little impact on the closed-
loop performance. The framework relies on two contribu-
tions to enable tractability. First, we formulate the model
schedule optimization as a constrained problem that mini-
mizes the solve time of the MHPC trajectory optimization
subject to a suboptimality bound on the closed-loop cost.
We identify computable proxies for solve time and closed-
loop cost that can be obtained from trajectory optimization.
Specifically, we leverage the low-resolution solutions of the
MHPC predictions to approximate the closed-loop dynamics
and estimate the closed-loop performance of MHPC, which
reduces the computational and implementation burden of
the model schedule optimization. Second, we represent the
ROMs as a subset of the full order model by enforcing
additional holonomic constraints, instead of using hybrid
dynamics, which simplifies the implementation of the MHPC
optimization. As a case study, we optimize the horizons of
three models for a planar humanoid walking robot. This case
study is amenable to brute-force, and allows us to validate
our framework against higher-fidelity simulation.

The remainder of the paper is organized as follows.
Section II provides background on TO, ROMs and MPC.
Section III presents the problem statement, Section IV detail
the specific implementation, and Section V presents the
results.

II. BACKGROUND

This section introduces TO and MPC, explains how ROMs
are typically used in MPC, and details the MHPC approach.
We use the symbol (̂·) to denote variables and functions that
relate to ROMs, and (·)∗ for optimal costs or solutions.

A. Trajectory Optimization and Model Predictive Control

Trajectory optimization solves for a trajectory of states
and control inputs that minimize the cost along a horizon of
N time-steps while respecting systems dynamics f(·), path
constraints g(·) and terminal constraints gN (·):

V ∗(x1) = min
X

N−1∑
k=1

c(xk,uk) + cN (xN ) (T O)

subject to

xk+1 = f(xk,uk) ∀ k ∈ {1, ..., N − 1}
g(xk,uk) ≤ 0 ∀ k ∈ {1, ..., N − 1}
gN (xN ) ≤ 0,

where V ∗(x1) is the optimal accumulated cost starting from
the current state x1, the system state and control input at time
k are xk and uk respectively, c(·) is the running cost, cN (·)
is the terminal cost, and X = {{x,u}N−1

k=1 ,xN} describes
the set of all decision variables: the trajectories of states and
inputs.

MPC closes the loop by solving (T O) from the current
state, applying the first control input u1 from the solution X ,
letting the system dynamics evolve and then repeating.

B. MPC with Reduced Order Models

To achieve fast enough solve times for MPC, a single
ROM is often used. In this case, the measured state of the
robot x1 must be mapped to the lower-order ROM state x̂1

using the state mapping ϕ(·),

x̂1 = ϕ(x1). (1)

Given x̂1, the optimized ROM trajectory X̂
∗

must be
mapped back to the full robot for execution using the control
mapping Φ(·):

u = Φ(X̂
∗
). (2)

If offline TO is used, the entire ROM trajectory X̂
∗

must
be mapped back. In MPC, only the first timestep of the
trajectory is used. For instance, Φ(·) can be a whole-
body controller that reasons about the instantaneous full-
body dynamics at a higher frequency than MPC and tracks
the ROM trajectories [21], [22], leading to a hierarchy of
controllers. A major hurdle to this approach is the complex
interplay between both MPC and mapping Φ(·), which can
lead to time-consuming tuning [7].

1) Model Hierarchy Predictive Control: A recent ap-
proach to improve the solve time of MPC is model hierarchy
predictive control (MHPC) [7]–[9]. Instead of planning with
a single ROM and using Φ(·) to track the plan, MHPC
plans over a hierarchy of models within a single TO, with
hybrid dynamics that switch between reduced order models
according to a model schedule. In this paper, we define
S =

{
{f̂ , ĝ}N̂−1

k=1 , ĝN̂
}

as a model schedule composed of
different ROM dynamics and constraints at each time-step.
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MHPC takes the following form:

V̂ S(x̂1) = min
X̂

N̂−1∑
k=1

ĉk(x̂k, ûk) + ĉN̂ (x̂N̂ ) (MHPC)

subject to

x̂k+1 = f̂k(x̂k, ûk) ∀ k ∈ {1, ..., N̂ − 1}
ĝk(x̂k, ûk) ≤ 0 ∀ k ∈ {1, ..., N̂ − 1}
ĝN (x̂N ) ≤ 0,

where X̂ =
{
{x̂, û}N−1

k=1 , x̂N

}
is the set of decision vari-

ables, and V̂ S(x̂1) is the optimal open-loop cost of the
trajectory composed of the model schedule S. Note the
dependency of the dynamics and constraints on the time-step
k.

The policy induced by (MHPC) is still given by (2), and
the corresponding cost accumulated by the robot under this
policy is

V S(x1) =
N−1∑
k=1

c
(
xk,Φ(X̂

∗
)
)
+ cN (xN ), (3)

where V S(x1) (note the absence of (̂·)) is the closed-loop
cost incurred by the robot under the MHPC controller. This
is the quantity we wish to keep low, as opposed to the open-
loop cost V̂ S of the MHPC predictions [24].

Note that using a full-body model at k = 1 simplifies
control as ϕ(·) and Φ(·) can be treated as identity.

III. PROBLEM STATEMENT
We wish to identify offline a model schedule S that

minimizes solve time while bounding the closed-loop per-
formance of the robot under the MHPC controller. Thus, we
consider the model schedule S to be optimal when

S = S∗ = argmin
S

(solve time) (MS)

subject to

V S(x1)− V ∗(x1)

V ∗(x1)
≤ ϵ.

The left-hand side in the inequality constraint represents the
relative cost error (RCE), which must be within some chosen
bound ϵ. The optimal cost V ∗(x1) provides a reference value
to more easily choose ϵ. Note that we do not bound the
norm of the RCE, because in practice, we found a few model
schedules where V S(x1) < V ∗(x1).

As a proxy for solve time, we minimize the number of
decision variables of (MHPC). To approximate V ∗(x1) and
V S(x1), we use trajectory optimization.

IV. IMPLEMENTATION
The problem (MS) is a bilevel optimization, with

(MHPC) in its inner loop. We solve it by computing offline:
1) the optimal cost V ∗(x1) from (T O) for the full robot
2) the solution to (MHPC) and induced policy (2), for

multiple S
3) the cost V S(x1) from (3), for multiple S.

This section details how these three terms are approximated
using TO and how they are used together to solve for S∗.

A. Full-Body Optimization

To estimate V ∗(x1) offline, we formulate (T O) with a
direct transcription method with full-body dynamics. We
treat V ∗(x1) as a lower-bound on the cost incurred by the
robot using MHPC.

1) Full-Body Dynamics: The configuration of a robot
composed of a floating base with nb degrees of freedom and
nj joints is described by q =

[
q⊤
b q⊤

j

]⊤
, where qb ∈ Rnb

and qj ∈ Rnj are the unactuated base and actuated general-
ized coordinates, respectively. For nh holonomic constraints,
the robot’s constrained dynamics are described by

H(q)q̈ +C(q, q̇) = Sau+ J⊤(q)F , (4)

where H(q) is the mass matrix, C(q, q̇) is the Coriolis and
gravitational term, Sa = [0nb×nj Inj×nj ] is a matrix that
selects the actuated joints torques u ∈ Rnj , and J(q) is
the Jacobian of the holonomic constraints h(q) = 0, and
F ∈ Rnh is the force that enforces the holonomic constraint.

2) Cost and Decision Variables: The decision variables
are

X = {{x,p}Nk=1, {u,Fc}N−1
k=1 }, (5)

where the state x =
[
q⊤ q̇⊤]⊤

and p and Fc are additional
variables corresponding to contact positions and ground
reaction force, respectively. We use a quadratic cost designed
to track a desired velocity.

3) Constraints: The robot’s configuration must be con-
sistent with the contact positions determined by the forward
kinematics fkin(·).

fkin(qk) = pk. (6)

The dynamics constraint is given by

H(qk)(q̇k+1 − q̇k) +C(qk, q̇k)dtk (7)

= Bukdtk + J⊤
c (qk)Fc,kdtk,

where Jc is the Jacobian of the forward kinematics. The
trapezoidal integration constraint

qk+1 = qk +
1

2
(q̇k+1 + q̇k)dtk (8)

ensures continuity between the timesteps of duration dtk.
The ground reaction forces must respect the friction cone and
unilateral force constraint (9) and the predetermined contact
schedule (10)

Fc,k ∈ F(θk) (9)
pk ∈ C(θk), (10)

where θk is a contact schedule parameter that modifies the
feasible sets of ground reaction forces and foot locations F
and C along the horizon.
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B. Optimization With a Hierarchy of Models

In the scope of this paper, we consider three candidate
models to be used in (MHPC), in the following order: 1)
the full-body model; 2) the single rigid body (SRB) model,
where all joints are locked and only the floating base is
allowed to move; 3) a void model, where both the joints
and the floating base are locked and the cost is zero until
the end of the horizon. The void model effectively truncates
the horizon.

1) Cost and Decision Variables: The decision variables
are

X̂ = {{x,p}Nk=1, {u,Fc,FSRB,Fvoid}N−1
k=1 }, (11)

where FSRB and Fvoid are the additional constraint forces
for the SRB and the void models. The same running cost
function as in (T O) is used for the full-body and SRB
models and we focus on the constraints.

2) Binary Parameters: To allow for time-varying dynam-
ics and constraints along the horizon, we define the model
schedule S as the set of binary parameters

S =
{
sm,k ∈ {0, 1}|

∑
m∈{full,SRB,void}

sm,k = 1 ∀ k
}
, (12)

where the constraint in (12) ensures that only one model
is active at each time-step k. Each element sm,k is used
to activate the dynamics and constraints of a ROM m ∈
{full,SRB, void} at time-step k.

In (7), the forward kinematics of the contact foot and its
Jacobian Jc are used as the holonomic constraint. Similarly,
we use holonomic constraints to achieve ROM behaviors
without having to derive their equations of motion.

3) SRB Model Constraints: The SRB model can be
viewed as a floating-base model with all joints locked, as
expressed by the constraint hSRB(qk) : R(nb+nj) → Rnj :

hSRB(qk) =
[
06×nj Inj×nj

]
qk = constant. (13)

We use the big-M method [25, Section 9.7] to enforce that
time derivative of (13) is zero when the SRB is active
(sSRB,k = 1):

−M(1− sSRB,k) ≤ JSRBq̇k ≤ M(1− sSRB,k), (14)

where JSRB =
[
06×nj Inj×nj

]
is the Jacobian of hSRB,

and M is a big number that deactivates the constraint when
sSRB,k = 0. Additionally, the contact positions pk are
constrained by (6) only when sfull = 1,

−M(1− sfull,k) ≤ fkin(qk)− pk ≤ M(1− sfull,k), (15)

and the simpler maximum-distance constraint is used when
sSRB,k = 1:

||pk − qxyz||2 − ℓ2max ≤ M(1− sSRB,k)

||pk − qxyz||2 − ℓ2max ≤ −M(1− sSRB,k),
(16)

where qxyz is the position of the floating base and ℓmax is
a maximum leg length.

4) Void Model Constraints: The void model locks both
the joints and the floating base, effectively truncating the
planning horizon. The constraint hvoid(qk) : R(nb+nj) →
R(nb+nj) is

hvoid(qk) = I(nb+nj)×(nb+nj)qk = constant, (17)

and its time derivative is enforced when svoid,k = 1:

−M(1− svoid,k) ≤ Jvoidq̇k ≤ M(1− svoid,k), (18)

where Jvoid = I(nb+nj)×(nb+nj) is an identity matrix.
5) Constrained Full-body Dynamics: The full-body dy-

namics are constrained to be consistent with the holonomic
constraints defining each model. Thus, the constrained dy-
namics are

H(qk)(q̇k+1 − q̇k) +C(qk, q̇k)dtk = Bukdtk (19a)

+ sfull,kJ
⊤
c (qk)Fc,kdtk (19b)

+ sSRB,kJ
⊤
SRBFSRB,kdtk (19c)

+ svoid,kJ
⊤
voidFvoid,kdtk (19d)

+ sSRB,kJ
⊤
fbFc,kdtk. (19e)

The term (19e) maps the ground reaction force Fc,k to the
torque about the floating base when the SRB model is used.
The constraint forces FSRB,k and Fvoid,k are set to zero
when the corresponding model is not used:

−MsSRB,k ≤ FSRB,k ≤ MsSRB,k (20)
−Msvoid,k ≤ Fvoid,k ≤ Msvoid,k. (21)

C. Finding the Optimal Model Schedule

Because our implementation of (MHPC) uses full-body
dynamics with holonomic constraints for each ROM, we
cannot directly minimize the number of decision variables,
as they are equal across the horizon. Instead, we use the
dimensionality of each model dim(m) and minimize

min
S

∑
m∈{full,SRB,void}

N∑
k=1

sm,k dim(m). (22)

The dimensionality dim(m) depends on the number of DoFs
of the robot and the size of the holonomic constraint defining
each model:

dim(full) = 2nb + 3nj (23)
dim(SRB) = 2nb (24)
dim(void) = 0 (25)

To simplify the computation of the closed-loop cost V S

induced by (MHPC), the full-body model is used at the first
time-step. Additionally, we set the minimum horizon of the
full-body model to two. This restriction allows us to directly
use the first timestep of (MHPC) as a coarse simulation
step. As a result, solving (MHPC) lets us approximate the
closed-loop dynamics of the robot and the policy (2) using:

{uk,xk+1} ⊂ argmin
X̂

V̂ S(xk). (26)
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By recursively solving (26), we generate a full-body trajec-
tory over a horizon of N timesteps (as in Fig. 1), for which
we evaluate the closed-loop cost (3). Hence, the inequality
in (MHPC) can be evaluated for every S and we can find
S∗ that minimizes (22).

V. RESULTS

This section first details the experimental setup and sim-
ulations that validate the method. Next, the results are
presented.

A. Experimental Setup

We implement our approach for a walking gait using a
13-DoF planar biped based on the MIT Humanoid [26]. All
optimizations are designed with a fixed gait schedule and an
integration timestep of 50 ms. We use a horizon of N̂ = 23
time-steps for (MHPC) and N = 17 (two walking steps)
for the full-body optimization (T O) and for computing V S

in (MS).
We fix the ordering of the models with the full-body model

first, followed by the SRB and the void models, and we
compute the relative cost error term (RCE) in (MHPC) for
all possible horizons of the full and SRB models, correspond-
ing to 253 possibilities. We refer to a given model schedule
by the tuple (Nfull, NSRB), corresponding to the number of
timesteps used for each model.

We use CasADi to formulate our trajectory optimizations
[27], and the non-linear interior-point solver Knitro 13.1 [28].
MHPC is simulated in MATLAB for all model schedules
using ode45. The same dynamics model is used in both
optimizations and simulations, but a different integration
scheme is used: the TO has a fixed simulation step of 50 ms
using trapezoidal integration, whereas the simulation uses
a higher-order Runge-Kutta adaptive integration scheme,

queries (MHPC) at 100 Hz, and simulates foot touchdown
impacts. In all simulations, the solution from the first control
input of MHPC is used as feedforward torque, and two
walking steps are simulated.

B. Approximate Closed-Loop Trajectories

Recursively solving (26) generates trajectories that approx-
imate the closed-loop behavior of (MHPC). This allows
us to directly leverage TO in order to estimate the closed-
loop cost for a given model schedule. For example, Fig. 1
compares body trajectories from (MHPC) with the approx-
imate closed-loop for two model schedules (6,4) and (6,0).
We can see that for the (6,4) schedule, although the predicted
SRB states continue to deviate from the optimal trajectory,
the discrepancy of the closed-loop trajectory is significantly
decreased compared to the (6, 0) schedule. In other words,
accurate state-predictions are not critical for choosing ROMs.

C. Relative Cost Error

Fig. 2a illustrates the relative cost error (RCE) evaluated
from the approximated closed-loop trajectory for each model
schedule. There is a sharp change in RCE, at Nfull = 5,
above which many model schedules achieve low RCE and
successful walking in simulation. The diagonal lines indicate
isolines for the total horizon Nfull + NSRB. Note that the
RCE is high below 1 walking step and rapidly drops when
planning above 1 walking step. Additionally, some model
schedules achieve negative RCE, implying that the cost
from the approximated closed-loop trajectory is lower than
from (T O). This result could be explained by the presence of
local minima, from which the more complex full-body (T O)
is more likely to suffer. In contrast, the accumulated cost V S

from the closed-loop approximations is obtained by solving
many smaller problems that are less prone to local minima.
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Fig. 2. a) Relative cost error and b) normalized dimensionality of (MHPC) for all possible model schedules. The three diagonal lines in a) are isolines
for the total horizon Nfull +NSRB that highlight horizons of one walking step, two walking steps or the full horizon (N̂ = 23). In b), for each choice
of ϵ, the lines delimit the feasible sets of model schedules from (MS) and the “+” signs mark the optimal solution for each ϵ.
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D. Optimal Model Schedules

The problem (MS) solves for an optimal model sched-
ule that minimizes the dimensionality of (MHPC) while
keeping the accumulated closed-loop cost of the robot close
to optimal. Fig. 2b shows the dimensionality of each model
schedule, which we wish to minimize. The boundaries de-
limit the feasible sets of model schedules for ϵ = 0.1 and
ϵ = 0.001, as determined by the inequality constraint in
(MS). Within these sets, the optimal schedules are marked
by “+” signs.

Table I gives the optimal model schedules and their
dimensionality for ϵ ∈ {0.1, 0.01, 0.001}. The solve times
and the RCEs obtained using our TO-based framework is
compared to the ones obtained in simulation. We find that
the RCE from both TO and simulation monotonically de-
creases as dimensionality increases. This indicates improved
performance with more complex model schedules in both
simulation and TO-based approximations. On the other hand,
while there is a relationship between solve times and dimen-
sionality, the trends are not as clear. This may be because
the ROM dynamics are enforced by introducing additional
constraints rather than reducing the state-dimension (and thus
the number of decision variables). Another factor could be
the variability in solve times inherent to the general purpose
non-linear solver. Regardless, this result highlights the need
for a post-processing stage that removes the unnecessary
decision variables before deploying the controller.

TABLE I
COMPARISON OF TO SOLUTIONS WITH SIMULATION RESULTS

Relative Cost Error Bound ϵ 0.1 0.01 0.001

Optimal Schedule (Nfull, NSRB) (4,7) (6,5) (8,3)

Normalized Dimensionality 0.15 0.23 0.31

Relative Cost Error TO 0.094 0.0098 -0.0003
Sim 0.0419 0.0106 0.0085

Mean
Solve Time (ms)

TO 378.2 135.4 164.4
Sim 153.8 170.6 211.3

While we formulate (MHPC) with a total of 23 time-
steps, the proposed method finds optimal model schedules
that substantially truncate the total horizon by making use of
the void model. We solved (MS) for 100 values of ϵ ranging
from 0.01% to 3%, and the optimal model schedules always
give total horizons Nfull + NSRB between 10 and 14 time-
steps, corresponding to between 1.1 and 1.6 walking steps.
This result is in line with previous work where it was shown
that planning beyond two walking steps does not provide a
significant advantage [29].

E. Relative Cost Errors from TO and Simulation

The RCE obtained with the TO-based approximations
varies similarly to the RCE from the simulations, even if they
use different integration schemes and simulation frequencies.
To illustrate this, we normalize both RCEs from TO and
simulation by their respective maxima, and compute their
difference. As shown in Fig. 3, the difference is close to

zero for most model schedules, indicating that the shapes
of each RCE closely match. Therefore, the closed-loop
performance of (MHPC) is well approximated by the TO-
based approach. This result motivates the use of the proposed
framework to first identify only a few model schedules before
validating them in simulation.
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Fig. 3. Normalized error of accumulated cost between the approximate
closed-loop (MHPC) and simulated (MHPC) trajectories for all model
schedule possibilities. The absence of gradient for the error in most of
the schedules indicate that the approximation is a good proxy for running
(MHPC) in a more accurate simulation.

VI. CONCLUSION AND OUTLOOK

We proposed a practical framework to optimize the model
schedule for the planning horizon of MHPC. The method
minimizes the dimensionality of the MHPC controller while
keeping the closed-loop cost incurred by the robot close to
optimal. We leverage trajectory optimization to estimate the
closed-loop cost accumulated by the robot under a MHPC
controller. The approach only requires the equations of
motion of the full-body model and constraints for each ROM.
We validated the approach with a proof of concept for a
planar, 13-DoF humanoid robot, where we solved for optimal
horizons of full-body and single rigid body models. We show
that the shape of the accumulated cost estimated from TO
matches the one obtained from higher-fidelity simulations.

A limitation of this work is that smaller problems did not
consistently lead to faster solve times, the main cause likely
being that we were not truly removing the decision variables
from the MHPC optimizations, but rather adding constraints
to the full-body model. This highlights the need to remove
the decision variables in a post-processing stage.

Additionally, the number of possible model schedules was
sufficiently small to solve (MHPC) using an exhaustive
search. In future work, we plan to make use of more efficient
algorithms to scale the approach to a wider variety of reduced
order models that arise when simplifying the whole-body
dynamics equations. One possible approach is to solve (MS)
using gradient-free algorithms.
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