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Sample-Based Hybrid Mode Control: Asymptotically Optimal Switching
of Algorithmic and Non-Differentiable Control Modes
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Abstract— This paper investigates a sample-based solution
to the hybrid mode control problem across non-differentiable
and algorithmic hybrid modes. Our approach reasons about a
set of hybrid control modes as an integer-based optimization
problem where we select what mode to apply, when to switch
to another mode, and the duration for which we are in a given
control mode. A sample-based variation is derived to efficiently
search the integer domain for optimal solutions. We find our
formulation yields strong performance guarantees that can be
applied to a number of robotics-related tasks. In addition, our
approach is able to synthesize complex algorithms and policies
to compound behaviors and achieve challenging tasks. Last, we
demonstrate the effectiveness of our approach in a real-world
robotic examples that requires reactive switching between long-
term planning and high-frequency control. Videos are avail-
ableon https://yilangliu.github.io/hybrid mode_
sampling/

I. INTRODUCTION

Modern agile robotic systems must dynamically switch
between discrete modes—such as making and breaking
contacts—to synthesize complex behaviors like locomotion
and manipulation. Traditional continuous control methods
struggle with these abrupt mode switches, often resulting
in instability or suboptimal performance. These events often
cause abrupt changes in dynamics and constraints, requiring
either highly reactive control solutions or more algorithmic
planning-based controllers that can handle contact-based
reasoning. While it is possible to construct controllers within
each of these distinct operating conditions, optimally tran-
sitioning between modes becomes challenging, especially
when the underlying task requires multiple transitions with
multiple hybrid modes.

Hybrid control theory offers principled methods that ad-
dress these challenges by explicitly coordinating discrete
mode switches with continuous control inputs. It specifically
addresses the fact that many robotic systems undergo mode
changes [1]-[3]. For instance, a legged robot system peri-
odically transitions from stance to swing phases [4], while
an in-hand manipulation task switches between grasping
and free motion [5]. However, adapting hybrid control to
arbitrary control modes, e.g., ones that solve algorithmic-
based control, or require reasoning of contact dynamics
becomes prohibitively challenging due to the combinatorial
complexity of switching mode optimization [6], [7].
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Fig. 1. Sample-Based Hybrid Mode Switching Enables Extreme
Control Variations. We show the time-elapsed figure of the Unitree Go2
quadruped transitioning across three distinctive control modes (foot stand,
jump flipping, and handstand) demonstrating that our method can achieve
extremely agile motor skills within sharp transition times. The green, red,
and yellow lines denote the head motion during each mode transitions.

In this work, we propose a variation to the hybrid control
problem that can handle algorithmic and non-differentiable
control modes. Our approach formulates the hybrid control
problem as a recursive integer-based search problem over the
(1) the hybrid mode, (2) the discrete application time of the
mode, and (3) the duration of the control mode. Since we
operate in discrete-time the underlying search problem can be
solved exactly through iterative search. We propose a sample-
based version to uniformly sample the exhaustive set without
replacement. We find that the sample-based approach has
strong convergence guarantees and can find mode switching
sequences without needing to reason about the composition
of the specific mode. We compare against modern trajectory
optimization techniques [8]-[10] and show that the proposed
method is able to achieve significantly better performance by
synchronizing more complex hybrid modes.

We also validate our approach on a real-world robotic plat-
form, showcasing its practical effectiveness for demanding
tasks that transition between stabilizing controllers through
bridging of a model-predictive controller. Our contributions
can be summarized as below:

1) A novel, iterative sample-based formulation of the hy-
brid control sequencing problem,

2) provable performance guarantees on optimizing mode
sequencing, and

3) demonstration of complex mode switching between
stabilizing controllers and mpc-based controllers in the
real-world quadruped experiment.

The remainder of the paper is organized as follows:
Section II provides related work, Section III introduces the
hybrid control problem. Section IV describes our proposed
sample-based hybrid mode control approach, Section V
provides performance results of our proposed method, and
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last conclusion and limitation are presented in Section VI.

II. RELATED WORK
A. Hybrid Control

The study of hybrid control systems addresses a canonical
problem in robotic systems where dynamic switching be-
tween discrete modes, such as making or breaking contacts
in locomotion or transitioning between manipulation phases
[11, [2], [11], needs to be tightly scheduled. Hybrid control
problems are typically solved by optimizing with switched
dynamical systems [12], time [13], or controllers [14]. How-
ever, they struggle to scale to high-dimensional systems
due to two key challenges: (1) the objective landscape is
highly nonconvex [3], and (2) computational burden becomes
intractable due to an increasing number of mode switches
[15].

To mitigate these issues, prior works consider designing
multiple simplified dynamics systems for high-dimensional
hybrid control tasks [16]. For example, the quadruped dy-
namical systems are separated into front leg control and back
leg control to ensure stable foot placements for the robot
[17]. However, using a simplified dynamical system loses the
possibility to fully exploit the whole-body capability. Other
methods predefine the mode sequence in which contacts are
made and broken. In this case, the optimization problem
becomes easy to solve [18]. However, predefined modes
constrain the robot’s behavior to a predetermined trajectory.

In this work, we proposed a sampling-based approach
for solving the hybrid control problem. Our method does
not rely on pre-sequencing modes or simplified models
and can synthesize complex and agile behaviors. Moreover,
our method synthesizes extreme motor skills and conducts
computations online.

B. Sample-based Control

Sample-based control methods [19]-[21] have recently
emerged as a simple yet effective approach for solving
high-dimensional robotics tasks such as legged locomotion
[22]-[24] and manipulation [25]-[29]. Rather than relying
on explicit gradient-based techniques, sample-based controls
begin by sampling a control sequence from an initial distribu-
tion, executing a forward rollout of that sequence, and then
adjusting the sampling distribution based on the resulting
costs. This gradient-free nature makes sample-based control
particularly well-suited for complex, non-differentiable sys-
tems where traditional optimization methods may struggle.
Recent studies also show that stronger derivative modeling
and stable value-learning formulations can directly improve
control optimization behavior [30]-[32].

Despite the effectiveness, sample-based control methods
exhibit two limitations. First, they often treat control at each
timestep as an independent variable, ignoring the inherent
hybrid structure of robotic tasks [33]. Second, the number
of samples required to adequately explore the control space
scales exponentially with the planning horizon. This expo-
nential growth makes sample-based methods computationally
infeasible for long-horizon tasks.

Our work unifies the strengths of hybrid control and
sample-based optimization. By reparameterizing the key de-
cision variables, i.e., when and how long to apply control,
our approach can discover complex behaviors in contact-rich
scenarios Additionally, the number of decision variables in
our formulation is independent of time horizon, effectively
reducing the search space for long-horizon tasks like in-
hand manipulation. As a result, we effectively mitigate
the exponential growth in sample requirements, making it
feasible to handle both high-dimensional and long-horizon
robotic tasks.

III. PROBLEM FORMULATION: THE (INDEFINITE)
HYBRID CONTROL PROBLEM

In this section, we present a general formulation of the
indefinite hybrid-mode switching control problem.

Definition 1: (Hybrid Mode System) Let the hybrid (au-
tonomous) dynamical system with M € Z, modes be
defined as

&= fm(z(t),t), me M (1)

where M = {1,2,..., M}, z(t) € X C R" is the state, and
fm + X x Ry — Tx are (potentially non-differentiable or
algorithmic) hybrid modes.

An example of non-differentiable and algorithmic hybrid
modes are state transitions subject to open-loop model-
predictive controller (e.g., model-predictive path integral
control [8]), learned policies [34], or high-frequency whole-
body controllers [35].

We interested in minimizing a performance metric J :
X x [0,ty] — R for some time window t € [0,ty]
by selecting a sequence of modes {m1,...m;,...my} for
I < oo instances that are applied at non-overlapping time
7; € [0,ty] for a time duration of A\; <ty — 7.

Definition 2: (Continuous-Time Hybrid Mode Switching
Set) The set of non-overlapping switches is given as

T={(mmk)i | Vie{l,...,1I},
eM (2
Ti € [Ovtf]7)\z S tf — Ty T +)\7, :Ti+1}

where the tuple (m, T, \); represent the i mode transition
at time 7 for a duration of A, and M is the set of all possible
mode transitions.

Given the definition for the set of non-overlapping
switches and hybrid modes, we formalize the optimization
problem to find the optimal switching set 7*.

Problem 1: (The Indefinite Hybrid Mode Switching Prob-

lem) Let J : Ml — R be a performance metric and M be a
set of valid hybrid modes. Then the set of mode transitions
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T € M that minimizing J is given as

Ly
min J(T) = / 0(x(s))ds
T t=0
subject to
TZ{(m7T7)\)i IVie{l,...,1}, 3)
T € [O,tf],)\l < tf — Ti, T3 + )\1 = Ti+1}
&= fm(x(t),t),2(0) = x9,m; € M

where / : X — R is a cost function that defines a high-level
objective.

In general (3) is challenging to solve as (1) f,, needs
to be at least continuous and differentiable!, and (2) there
can be an indefinite number of switches I which makes
the problem intractable. Existing hybrid control methods
generally focus on solving the indefinite switching through
formulating variations of (3) by either defining a finite set of
mode transitions (i.e., I is given) [37], or iteratively solving
for single mode transitions one at a time and “stitching”
together the switching mode set. More specifically, we define
the single-mode hybrid control problem as a means to rec-
oncile infinitely many switches into a single mode switching
problem.

Problem 2: (The Single Switch Hybrid Mode Control
Problem) Let J : M — R be a performance metric and
T € M be a nominal switching sequence. Then the set of
single mode transition tuple (m, 7, \) that minimizing 7 is
given as

min 7 ((m, 7, ) UT) = /t:'foz(m(s))ds

(m,7,\)

subject to
T ={mm N | Vie{1,....1}, “

T € [O,tf],)\i < tf — Ti, T3 + N = Ti+1}
T = fm(x(t),t),2(0) = x9,m; € M

where the operation (m,7,\) U T stitches the single mode
transition tuple (m, 7, A) with a given default switching mode
set T

Iteratively solving (4) can eventually lead to solv-
ing (3) [36]; however, existing solutions are limited by the
choice of hybrid mode which leads to performance gaps,
minimal solution guarantees, and often requires heuristic-
based mode switching [36]. Integrating and scheduling non-
differentiable, and algorithmic hybrid modes has the potential
to utilize more complex behaviors and reduce the perfor-
mance gap, but scheduling remains an open challenge. In
the following section, we present a potential solution to this
problem via sample-based optimization.

IV. SAMPLE-BASED HYBRID MODE CONTROL
We propose to solve (3) by first formulating a discrete-time
variation of the indefinite hybrid mode-switching problem.

! [36] presents a solutions for impacting systems, but does require
gradient knowledge before and after the impact.

Then, we show that one can iteratively solve for singular
switching modes via sample-based optimization that yield
strong asymptotic convergence guarantees.

A. The Discrete (Definite) Hybrid Control Problem

Let us define a discrete time index k where t;, = kAt is the
time at the k™ index, and At € R, is a time discretization.
Here, we choose At to be the slowest hybrid state mode
transition f,, and

Thy1 = Fr(xg, k)

=z(ty + At) = x(tg) + /

S:tk

tr+AL (5)

fm(z(s),s)ds

is the mode transition function. In general, f,,, may not be
continuous and F},, is solved via an algorithmic optimization
(e.g., contact-based dynamics [38]). The idea is that the
underlying control problem with state feedback will operate
on some fixed frequency (i.e., discretized time). Thus, we
abandon continuous-time formulation (which is limited in
runtime computation) for a simpler formulation of mode
scheduling in discrete-time. Next, we define the set of mode
transition in discrete-time,

Definition 3: (Discrete-Time Hybrid Mode Switching Set)
Let TAt = ¢ be the discrete planning time and p;,v; € Z
are the discrete-time mode application and duration times
respectively. Then the discrete-time hybrid mode switching
set is given as

/CZ{(m,u,V)i |Vie{l,...,1},

e M”
i € [0, T],v; € [0,T — pg], pi +vi = MiJrl}

(6)
where M” C ZZ is the space of T hybrid mode sequences.
2

Discretizing the performance metric J leads to the fol-
lowing mode-scheduling optimization problem.

Problem 3: (The Discrete-Time Hybrid Mode Switching
Problem) Let K € MT and J : MT — R be a discretized
performance metric with TAt = t; as the discretized
planning time. Then an optimal mode sequence K* can be
obtained by solving the following problem

T
Ir}cin J(K) = Zﬁ(xk)At
k=0

subject to
K= {(m,,u,y)i |Wie{1,..., I},

Hi € [07T]7V’i € [07T - /'%]7/141 +v; = /in+1}
Tpy1 = Fm(l’k, k),x(O) = xg9,m; € M
Note that there are at most 7 hybrid mode transi-
tions which makes this problem definite with £ =
{mo,m1,...,mp_1} € M?T being a vector containing T'
transition modes (that may repeat according to the discrete

(7

2The set here in discrete-time reduces to a sequence of modes m,; that
starts at discrete time p; repeat according to v; or a vector of integer values,
eg, K=1{1,4,4,4,5,2,1,1} for M =[1,...,5].
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duration). In fact, since m, p and v are all discrete integers,
the problem can be exactly solved through brute-force search
that scales O(MT). Exact solutions to (7) can be obtained
with modern GPUs; however, a simpler recursive formula-
tion can be derived which is used to inform us of formal
performance guarantees.

B. Iterative Hybrid Mode Control Sequencing

In order to solve (7), we propose a iterative method rather
than a brute-force approach that provides formal guarantees.
Problem 4: (Discrete-Time Single Switch Hybrid Mode
Control Problem) Let us define a discrete default mode
transition set Kger € M. Then, the solution (1, i, v)* that
minimizes J is given as
T
(m, p,v)* = argmin J((m, p, ) U Kger) = Zﬁ(mk)At
(m,p,v) k=0
subject to

Koot = {mNz’ c[0,T - 1}}

Tpy1 = F(zp, k), 2(0) = zg,m; € M
®)

where (m, p, ) U Kger produces an updated default schedule
Kdef(k) =mVk € [M?:u“ + 77]

Problem (7) can be solved through iterative refinement of
Kaer to obtain the optimal discrete-time mode transition set
K*. Here, (8) can be exactly solved via brute-force search
with complexity O(M T (T+1)/2) which is much faster than
O(MT). We outline the iterative approach in Algorithm 1.

Assumption 1: There exists a sequence of modes modes
K* = {m;}M, such that J(K*) is minimized.

Proposition 1: (Locally Optimal Schedules) Let f,,¥Nm €
M be deterministic, IC* the optimal switching mode sched-
ule, and J(K*) a local optima. Then, K is optimal if
Yu € [0,T — 1] and ¥Ym € M, fv € [1,T — p] such that

JI((m, p,v) UK) < J(K), )

J(K)=J(K*), and K = K* is a local optima.

Proof: Enumerating through each mode m and discrete
application time p and checking for all v € [1,T — pJ, if the
cost does not reduce, then the only viable solution is to apply
all modes for a duration v = 0 resulting in no reduction of
the cost, and the schedule K is at a local optima. |

Now that we know of the existence of local optima and
a condition for which to check. We seek to prove that
iteratively solving (8) leads to the local optimal solution.

Theorem 1: (Asymptotic Convergence) Let J : MT —
R, and Vi e MT — MT where Vi, )= (KF) =
(m, u,v)* U K* = KK+ is an update equation to the k™
hybrid transition set with solution (8). Then,

I Vi (K)) < J(K) (10)
and 3K € Z such that
Vi KFH) = Vi i+ (KF) (11)

is a fixed-point for k € [0,..., K].

Proof: Using Proposition 1, if Jm,p where v # 0
in (8), then J (Vi -+ (KFT1)) < J(KF). If v = OVm, p
is the minimizer to (8), then (m,u,0) U KX = K and
Vi, (KETY) = Vi - (KF) is a fixed point. [
Because we discretized the underlying mode sequencing
problem, Theorem 1 becomes possible to state as a perfor-
mance guarantee. The main challenge is efficiently iterating
through the solution space of (8) to exactly find the minimum
(m, p, v)*. With a GPU, it is possible to iterate through the
solution set; however, we present a more efficient sample-
based approach that allows to iterate through the solution set
without a GPU.

Algorithm 1 Iterative Discrete Hybrid Mode Sequencing
1: Inmitialize: control modes F,, for m € M, default mode
sequence Kger = {m;Vi € [0,T — 1]}, with m; is any
arbitrary mode, initial condition z(, planning time 7',
cost £, max iterations itery.x.,
2: iter +— 0
while iter < itery, or J((m, p,v) U Kaer) < T (Kaef)
do

w

Kdef(k) =mVk € [M,/L + V]
iter < iter + 1
10: end while

4. (m,p,v) < Solve Problem 8
5. if v =0 then

6: Terminate while loop

7:  end if

8:

9:

C. Sample-Based Hybrid Mode Control

Here, we present a variation of the solution to Problem (7)
via a sample-based iteration of Problem (8). The rationale
for a sampling method is that the search space can be
significantly reduced from O(M-T-(T+1)) to only requiring
O(N) samples for N is the number of uniform samples to
check a solution.

Assumption 2: (Uniqueness of Optimal Mode Transitions)
Given a default mode transition set /C, there exists a
unique single mode transition (m,pu,v) that minimizes
J((m, p,v) UK).

For real-valued states x(¢) with algorithmic modes Fj,,
Assumption 2 is valid so long as v # 0, in which case the
solver is at a local optima.

Theorem 2: (Convergence of Sample-Based Single-Mode
Hybrid Mode Control) Let Q = {(m, u,n)¥m € M,u €
[0,T7—1],v € [0, — ]} be the set of all possible Z = M -
T-(T+1)/2 single mode transitions. In addition, let Uy (12)
be a uniform distribution that draws N < Z samples without
replacement from the set 2. Then the optimal mode transition
tuple (m,u,v)* to Problem (8) is found with probability
P((m,pu,v)*) = N/Z with at most Z draws.

Proof: ~ The probability of not finding the opti-
ma}\ll single-mode transition is given by P(=(m, p,v)*) =
L., Z{i;rzl = Z_N Thus, P((m, p,v)*) =1-2 N = &
of drawing the optimal mode transition with at most % draws
until P((m, p,v)*) = 1. [ |
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In essence, the proposed sample-based approach takes ad-
vantage of the integer-based optimization that amounts to
evaluating a list of tuples (the mode transition set). Indeed,
there exists many ways to approach this problem that can be
done by evaluating the list of mode transitions. Our proposed
approach was motivated by the need to only evaluate a
subsample of the mode transition set as needed. An outline
of the sample-based single-mode hybrid control approach is
provided in Algorithm 2.

Algorithm 2 Sample-Based Single-Mode Hybrid Mode Con-
trol
1: Inmitialize: nominal mode sequence /C, sample set 2, N
total number of samples, control modes F;,, for m € M,
objective J, planning time 7', initial condition x(, max
iterations itermax = Z/N, Joest = T (Kef)-
iter < 0
while iter < iter;,,x do
{(m, p, V)}?]:l ~Un(Q)
fori=1,..., N do
’Ceval = chef U (m, Hs V)
if j(’ceval) < jbest then
return (m, p,v)
end if
10:  end for
2= 0\ {(m,u )}y,
12:  iter « iter + 1
13: end while

R A A

Algorithm 2 effectively solves Problem (7) by drawing
N uniform samples from the set of single mode transitions
Q and evaluating the performance of the mode sequence
stitched with ICyer. If @ mode transition reduces the cost from
the default, then we return the mode transition. Otherwise,
we remove the drawn samples from the set {2 and resam-
ple. There is a scenario where we return a sampled mode
(m, p,v) that reduces the cost, but another mode transition
(m, u,v") for v/ € [0,T — p] can further reduce the cost. In
this case, we rely on Algorithm 1 to reinitialize Algorithm 2
to randomly search the set {2 once more to the improve the
cost until ¥ = 0 is the only valid option (i.e., the only mode
transition that maintains the cost as stationary is applying no
additional mode transition).

Through this sample-based approach, we are able to more
efficiently search for hybrid mode sequences. As a result,
we can optimize mode-sequences of complex behaviors on
systems that experience non-differentiable contact, require
mixing of algorithmic modes, and require composition of
low-level behaviors to achieve far greater global behaviors
than a single mode could. We illustrate our results in the
following Section V.

V. EXPERIMENTS AND RESULTS

We present both simulation and real-world results for our
method, along with comparisons to other sampling-based
approaches.
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Fig. 2. Top Left: The optimal control mode sequences for the cartpole

system, where the Y axis denotes the index for each corresponding sampled
modes. Bottom Left: The resulting control applied to the actuators for the
cartpole system are shown. The blue curve represents the control generated
by the iLQR algorithm. The orange curve represents the executed control
found using our sample-based hybrid scheduler, where the shaded areas
denote the resulting distinguish modes. Right: The visualization of the
cartpole trajectory with controls found by our method.

Toy Example: Cartpole Swing Up Here, we consider a
cartpole swing-up task. We set the total horizon 7" = 100.
The state is defined as pole angle 6, cart position p, pole
angular velocity 6, and cart linear velocity p. The control is
the one-dimensional force applied horizontally to the cart.
The pole is initialized in up-down 6 = %71’, and the goal
is to swing the pole up-right and maintain balance. Hence,
the stage cost is defined as c(x¢,u;) = 4.0(cos(#) — 1)? +
0.1p% + 0.1(#? + p?) + u? and the terminal cost is defined
as cf(x7) = 4.0(cos(0) — 1)%. We choose the simple hybrid
mode M as a set of the discrete controls bounded by the
saturation limits. Specifically, controls are uniformly spaced
between Ui, and U,,qz

Figure 3 demonstrates the results for our method and
other sampling approaches. We observe that our approach
consistently finds optimal solutions across different hori-
zons by actively considering time as a decision variable.
In contrast, other sampling-based methods fail to identify
good optima as the horizon increases, owing to the rapidly
expanding search space. Therefore the performance of other
methods further deteriorates with longer horizons, as their
limited sample size prevents them from effectively solving
the control problem. By comparison, our method continues
to improve performance as the horizon increases.

We also compare the control sequence found by our
method to the gradient-based iLQR method in Figure 2. The
control sequence found by our method closely resembles the
optimal iLQR sequence, even with a few modes.

A. Scalability to High-dimensional Task

Next, we investigate the scalability of our proposed ap-
proach to more complex and higher-dimensional control
tasks. We start with simulation experiments to demonstrate
scalability to high-dimensional tasks shown in Figure 1. The
robot is tasked to stand on its hind legs and perform a flip
directly to foreleg stance and balance. The task can be per-
formed in three phases of locomotion, each of which requires
distinct control strategies: stabilizing hind leg control policy,

14229



1000

IS

w

800

Optimality Gap
©

600

Cumulative Cost

10 20 30 10 20 30
Control Horizon Control Horizon

—&— Hybrid Mode Control ~ —@— MPPI  —@— Predictive Sampling ~ —@— Cross Entropy Method

Fig. 3. Top: Results for the short-horizon subproblem of cartpole system.
The Y-axis quantifies the optimality gap, defined as the difference between
the objective value and a locally optimal solution obtained via iterative
LQR. To ensure scale invariance across tasks, we normalize this gap by
the planning horizon length H. Here error-bar denotes standard deviation
across 5 random seeds. The performance of classical sampling methods
deteriorates as the horizon length increases, whereas our method consistently
finds good minima, even with a limited sample size. Bottom: Overall
performance under a predictive control framework. Both methods show a
decrease in cumulative cost as the horizon increases, as a longer horizon
reduces myopic decision-making. However, as the horizon continues to
grow, classical methods experience an increase in total cost due to their
inability to effectively optimize the sub-problem, whereas our method
continues to decrease the overall cost.

high speed predictive forward momentum swing towards the
foreleg stance, and a stabilizing foreleg balancing control
policy. We specifically choose this experiment because those
three stages requires distinct control strategies and whole-
body coordination.

Task Design: The quadruped example uses the Unitree
Go?2 robot for both simulation and hardware experiment. The
dimension for quadruped state space x;, € R*® and positional
control inputs uy, € R'2. Here, state x;, contains the gravity
projected in the body frame, base position, base linear and
angular velocity, joint positions and velocities, and previous
action. Control inputs u; contain desired robot motor target
angles in radians.

Hybrid Mode Design: We design three hybrid modes con-
sisting of learning-based foot stand and hand stand controller,
and a sampling-based model predictive controller (MPC).
More modes can be added as long as they generate distinct
motor skills. All three controllers share the same observation
and action space. Specifically, our hybrid modes are defined
as the following:

M = {Fy(ay, k), Fr(xr, k), Fj(xr, k) } (12)

where F is the closed loop system under the foot stand
policy m¢(xk), Fp is the closed loop system subject to
the hand stand policy 7, and 7;(zy) is the jump forward
F;(xy, k) mode is the closed-loop system driven by a model
predictive controller. The loss function is the sum of the
individual subgoals ¢(z¢,u;) = ), w;l; defined in Table I:
For policy training process, we use PPO [39] as training
backbone and adopt an asymmetric actor-critic settings [40],
where the policy network and value network accept different
observation inputs. Specifically, the policy network received
the inputs mentioned earlier while the value network receive
additional robot actuator forces and torso height. To effec-
tively deploy the learned policy and model predictive control
in simulation, we use Brax [41] since it can effectively
combine policy inference and online sampling in the same

TABLE I
Loss TERMS

Loss Term | Expression

Ih =15 |25 — z|?
loi =1.0- ||¢b0d)’»x)’ - ¢ggdy,xy”2
lq =0.5- Hq - qnuminal||2
liate = 0.001 - [|Jue — we—1]?
lenerey = 0.003 - ||g - 7|
lpnsc =25e—7- exp (_Hq - qdcfaultHQ)

Height Tracking
Orientation Tracking
Joint Position
Action Rate
Energy Consumption
Pose Deviation

TABLE I
COMPARISON WITH EXISTING METHODS

| FootStand JumpFlip HandStand | Cost |

PPO-only v X X 34.03
MPPI-Only v X X 46.73
CEM-Only v X X 55.68

PS-Only v X X 48.39
Fixed Seq v v X 22.24

Ours v v v 13.519

control framework without converting data type. Policy and
Value network design: The objective of the policy to
maximize the expected return of a policy. Here, we flip
the sign of the cost function to represent reward function
for learning. Both networks use a three-layer Multilayer
Perceptron (MLP) with hidden sizes of 512, 256, and 128. In
between each hidden layers, we use Swish [42] as activation
function. MPC Design: We adopt MPPI as backbone for
sample-based model predictive control. The goal of the MPPI
is to find best control perturbations of a future sequence
of actions that best minimize the loss. We set planning
horizon to be 20 steps forward and sample size to be 25.
The temperature coefficient of MPPI is fixed to 0.1.

B. Comparison to baseline control methods.

We compare our approach against four baselines: (1) a
unified policy network trained with PPO, referred to as PPO-
Only; (2) pure model predictive control methods, including
MPPI-Only [8], CEM-Only [10], and PS-Only (predictive
sampling) [9]; (3) predefined hybrid mode sequences, de-
noted as Predefined Mode Seq; and (4) our sample-based
hybrid mode control combined with MPPI, denoted as Hy-
brid Mode Control. We choose these baselines because alter-
native hybrid-control and hierarchical reinforcement-learning
approaches, such as the Logical Options Framework (LOF)
[43], are computationally expensive and require substantially
more data, whereas our method composes complex locomo-
tion behaviors from a simple policy-learning framework. For
evaluation, we assess whether each method can solve the
task fully or partially, as well as the cumulative cost, which
each method aims to minimize. As shown in Table II, we
conducted five trials for each methods and our methods can
sccuessfully perform complete flip and balance

We observe that the robot falls quickly during the first
transition period suggesting that solely using one control
method is not enough to execute all motions. While training
a single policy can successfully perform foot stand, the
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Skill 1: Stabilizing Foot Stand

Skill 2: Forward Flip

Skill 3: Stabilizing Hand Stand

Fig. 4. We verify our method on the real Unitree Go2 quadruped. From left to right, the robot successfully transitions through foot-stand, jump-flip, and
hand-stand behaviors. We update the control sequence in real time with onboard sensing and computation, demonstrating the efficiency of our method.
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Fig. 5. State Visitation of Robot
Pitch Rotation: We collect the tra-
jectory robot motion and visualize
the distribution of robot pitch angu-
lar position and velocity in the base
frame. We show that our method can
effective solving for control solu-
tions that resides in distinct areas by

Piteh Velocity (radian’s) optimizing control mode sequences.

policy quickly fall during the flip phase. We hypothesis
that a single MLP policy network cannot capture this multi-
modal behaviors. We also implement a hybrid mode control
method similar to ours, but with predefined modes. The robot
can safely transition to the flip phase but fails to adjust its
pose into a handstand. In contrast, our approach is able to
reason about the multi-modal nature of the objective and
sequence the appropriate control modes. As shown in Fig. 5,
each single-strategy controller learns to operate effectively
only within a limited region of the state space. However,
our method actively considers all single-strategy controllers
and provides an effective way to generate more complex
behaviors.

C. Hardware Experiments

We further validate our method in the real-world ex-
periment using the quadrupedal robot Unitree Go2. As
shown in Fig. 4, we successfully deploy our hybrid mode
control method for agile foot stand, jump flip, and hand
stand. The policy is converted to CPU runtime using Open
Neural Network Exchange (ONNX) [44] to ensure real-
time performance. We run the proposed method at 50 Hz
on a single Intel i7-12700H CPU with 32 GB of memory.
Additionally, we implement state estimation based on an
extended Kalman filter using onboard sensing. In compar-
ison to existing sample-based control framework [22], [45]
relying on high accurate mocap system, our method only
uses onboard sensing, demonstrating robustness under noisy
state measurements.

VI. CONCLUSIONS

This work presents a sample-based hybrid mode control
method inspired by hybrid control theory. Our approach

offers an alternative modeling scheme for sampling within
a predictive-control framework. By actively searching for
control modes, application time, and duration as integer-
based optimization, our method can effectively be applied to
tasks that require complex control compositions. Moreover,
by reasoning over algorithmic and learned control modes,
our method can synthesize complex behavior for high-
dimensional systems.

There are several limitations and future directions to
consider. Sample-based control typically requires an accu-
rate contact model—one can only simulate what is well-
represented in that model. This reliance on a precise model
constrains real-world applications, particularly in unstruc-
tured environments or scenarios where obtaining a reliable
model is challenging. Future research directions include
integrating our methods with data-driven approaches that do
not require explicit modeling.
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