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Safety-Critical and Distributed Nonlinear Predictive
Controllers for Teams of Quadrupedal Robots
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Abstract—This paper presents a novel hierarchical, safety-
critical control framework that integrates distributed nonlinear
model predictive controllers (DNMPCs) with control barrier
functions (CBFs) to enable cooperative locomotion of multi-agent
quadrupedal robots in complex environments. While NMPC-
based methods are widely used to enforce safety constraints and
navigate multi-robot systems (MRSs) through complex environ-
ments, trajectory optimization frameworks based on invariant
sets offer formal safety guarantees for MRSs. CBFs, typically
implemented via quadratic programs (QPs) at the planning layer,
provide formal safety guarantees. However, their zero-control
horizon limits their effectiveness for extended trajectory planning
in inherently unstable, underactuated, and nonlinear legged robot
models. Furthermore, the integration of CBFs into real-time
NMPC for sophisticated MRSs, such as quadrupedal robot teams,
remains underexplored. This paper develops computationally
efficient, distributed NMPC algorithms that incorporate CBF-
based collision safety guarantees within a consensus protocol, en-
abling longer planning horizons for safe cooperative locomotion
under disturbances and rough terrain conditions. The optimal
trajectories generated by the DNMPCs are tracked using full-
order, nonlinear whole-body controllers at the low level. The
proposed approach is validated through extensive numerical
simulations with up to four Unitree A1 robots and hardware
experiments involving two A1 robots subjected to external pushes,
rough terrain, and uncertain obstacle information. Comparative
results demonstrate that the proposed CBF-integrated DNMPC
achieves a higher success rate than baseline NMPCs employing
CBFs at the high or low-level layers.

Index Terms—Legged robots, motion control, multi-contact
whole-body motion planning and control

I. INTRODUCTION

MULTI-ROBOT systems (MRSs), especially those con-
sisting of legged robots, play a crucial role in mission-

critical tasks due to their exceptional capability to traverse
rough terrains. Applications include collaborative firefighting,
unmanned rescue, disaster response, and exploration. Recent
advancements in legged robotics have significantly enhanced
these robots’ agility and robustness, enabling them to navigate
complex terrains more effectively, see, e.g., [1]–[3]. While
multi-robot systems have been extensively studied (see, e.g.,
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Fig. 1. Top-view snapshot of an experiment demonstrating CBF-based
DNMPC algorithms, where two Unitree A1 robots navigate a challenging
environment with uncertainties in obstacle positions and rough terrain.

[4], [5]), MRSs involving legged robots pose unique chal-
lenges due to their high dimensionality, unilateral constraints,
underactuation, and hybrid nature.

Reduced-order models (i.e., templates) [6] provide low-
dimensional representations of complex, nonlinear locomotion
systems and can be effectively integrated with model predic-
tive control (MPC) for real-time trajectory planning in legged
robots. Common reduced-order models include the linear
inverted pendulum (LIP) model [7] and its variants, such as
angular momentum LIP [8], spring-loaded inverted pendulum
(SLIP) [9], vertical SLIP [10], hybrid LIP [11], variable-height
inverted pendulum model [12], centroidal dynamics [13], and
the single rigid body (SRB) model [1], [14], [15]. For single-
agent robots, MPC algorithms based on linearized templates
reduce to convex quadratic programs (QPs), which can be
efficiently solved in real-time [1], [16], [17]. However, these
QP-based MPCs struggle to handle the nonlinear and non-
convex constraints required for collision avoidance in MRSs,
necessitating the use of nonlinear MPC (NMPC) [18]. NMPC
has also been employed for gait planning in single-agent
quadrupedal robots, e.g., [2], [19]–[21]. The previous work
[18] explored distributed NMPC (DNMPC)-based planning
for multi-agent quadrupedal robots, addressing nonconvex
robot-to-robot and robot-to-obstacle collision avoidance using
LIP models but without considering robot orientation. While
NMPC can accommodate such constraints, a trajectory opti-
mization framework based on control barrier functions (CBFs)
[22], [23] provides formal guarantees for the safety of MRSs.

CBF-based controllers for MRSs are formulated as QP-
based optimization problems that modify nominal controllers
while enforcing barrier constraints [4], [5]. These QPs can be
viewed as optimal control problems for input-affine systems
with a zero-control horizon. To enable the safe and cooper-
ative locomotion of two quadrupedal robots, [24] proposed
a hierarchical framework where a high-level QP-based safety
controller with CBFs generates reduced-order reference tra-
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Fig. 2. Overview of the proposed control framework integrating CBF-based distributed NMPCs for safe locomotion of multi-agent quadrupedal robots.

jectories, which are then tracked by a low-level QP-based
MPC for gait generation. Notably, CBFs and MPC operate in
separate layers rather than within a unified framework. Recent
studies [25], [26] have explored integrating CBFs within
MPC and NMPC frameworks, combining the benefits of a
nonzero prediction horizon with simple integrator dynamics.
Additionally, [21] employed CBFs with duality-based obstacle
avoidance constraints in an NMPC framework running at
30 Hz for a single-agent quadrupedal robot. Moreover, [20]
implemented a low-frequency safe kinematic MPC with first-
order CBFs for single-agent quadrupedal robots. However,
safety guarantees within a distributed NMPC framework for
complex multi-agent legged robots remain unexplored.

The overarching goal of this work is to develop compu-
tationally efficient, unified distributed NMPC algorithms that
integrate CBF-based collision safety guarantees with a consen-
sus protocol, thereby enabling extended planning horizons for
the safe locomotion of multi-agent quadrupedal robots in the
presence of disturbances and challenging terrain conditions.
A. Related Work

MPC implementations for MRSs are typically categorized
as centralized, decentralized, or distributed. Centralized con-
trol yields optimal performance but becomes impractical for
large-scale or communication-limited systems due to its high
computational and communication demands [27]. Decentral-
ized MPC assigns independent controllers to each agent with-
out communication, lowering complexity but limiting per-
formance in tightly coupled systems [28]. Distributed MPC
(DMPC) strikes a balance by enabling limited inter-agent com-
munication [29], and is further divided into cooperative and
non-cooperative frameworks. Cooperative DMPC optimizes
a shared global objective [30], [31], while non-cooperative
DMPC focuses on local objectives. Algorithms have been
developed for cases involving coupled constraints with decou-
pled dynamics [32] or requiring iterative information exchange
[33]. Non-cooperative DMPC has become popular for collision
avoidance with local costs, decoupled dynamics, and coupled
constraints, and has been applied to autonomous vehicles [34],
differential drive robots [35], and linear systems [36].

While the literature on DMPC is extensive, extending these
approaches to distributed nonlinear MPC (DNMPC) for multi-
agent quadrupedal robots presents significant challenges due to
the inherent instability of locomotion models, underactuation,
and unilateral constraints. Previous work [18] developed a
DNMPC approach for collision-safe navigation in quadrupedal
MRSs by directly incorporating Euclidean distance-based con-
straints into the NMPC framework of LIP models. While

effective, this approach faces limitations in computational
tractability, with the real-time NMPC loop constrained to just
5.5 Hz. In contrast, [24] proposed collision safety by imposing
CBFs on the high-level path planner. However, applying CBFs
at this level ensures safety only for the reference path given
to the NMPC, not for the real-time NMPC itself.
B. Contributions

This paper aims to develop a unified, computationally
efficient, and fast distributed control framework that integrates
DNMPC and CBFs to enable the safe locomotion of multi-
agent quadrupedal robots. The contributions of the paper
are as follows. The paper introduces a hierarchical control
framework comprising three layers (see Fig. 2). At the middle
layer, we propose a real-time distributed NMPC algorithm
operating at 100 Hz to address trajectory optimization of
nonlinear SRB models of multi-agent quadrupedal robots. The
DNMPC incorporates discrete-time CBF constraints to ensure
robot-to-robot and robot-to-obstacle safety while leveraging
a Lennard-Jones potential function in the cost formulation
of NMPCs for consensus protocol. Reference trajectories for
the DNMPC are generated offline by a high-level planner
using potential fields combined with the A⋆ algorithm. The
optimal trajectories computed by the middle-layer DNMPC
are subsequently provided to low-level nonlinear whole-body
controllers (WBCs) operating at 1 kHz, which impose the full-
order model of each agent to track the optimal trajectories. The
WBCs are developed based on QP and virtual constraints [37].

We validate the proposed formulation through experiments
on two Unitree A1 robots and numerical simulations involving
a team of four A1 robots navigating uncertain environments
with obstacle location uncertainty, rough terrain, and external
disturbances, as shown in Fig. 1. The results demonstrate a
significant improvement in collision avoidance success rates,
increasing from 66% in previous approaches [18] to 94% with
our method. To further evaluate the efficacy of the unified
CBF-based DNMPC approach with SRB models, we conduct
numerical simulations on randomly generated terrains with
randomly positioned obstacles, comparing it against DNMPC
algorithms that apply CBF conditions separately at the low
level or high level via QPs (e.g., [24]), as well as those using
LIP models. The results demonstrate a notable improvement in
performance with the unified CBF-based DNMPC approach.

The current work differs from prior studies [27], [38], which
addressed cooperative locomotion of quadrupedal robots with
holonomic constraints for payload transport using convex QP-
based MPCs. In contrast, our approach employs NMPC and
explicitly incorporates safety, which was not considered in
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those works. It also differs from [39], which focuses on cable-
towed load manipulation using a cascaded planning scheme
that combines centralized and decentralized planners at 0.5 and
20 Hz, based on duality methods [40]. In contrast, our method
leverages fully distributed CBF-based NMPCs operating at
100 Hz, rather than centralized MPC.

II. PROBLEM FORMULATION

This section presents the problem formulation by addressing
local safety sets for individual agents. We consider a net-
work of nA quadrupedal agents, indexed by the set A :=
{1, · · · , nA}. Variables associated with each agent i ∈ A are
denoted using the superscript i. The discrete-time nonlinear
state equation for each agent i ∈ A is given by

xi(t+ 1) = f i
(
xi(t), ui(t)

)
, (1)

where t ∈ Z≥0 := {0, 1, · · · } represents the discrete time,
xi ∈ X and ui ∈ U denote the local state variables and
local control inputs, respectively, and X ⊂ Rn and U ⊂ Rm

represent the feasible state and the admissible control sets, for
some positive integers n and m. The function f i : X×U → X
is continuous. The global state and control input vectors are
defined as x := col{xi | i ∈ A} ∈ RnnA and u := col{ui | i ∈
A} ∈ RmnA , where “col” denotes the column operator.

Collision Safety in the MRS: Each quadrupedal agent
navigates a complex environment with static obstacles while
ensuring inter-robot and obstacle avoidance. Static obstacles
are represented by the Cartesian coordinates of their center
points, denoted as oℓ ∈ R2 for ℓ ∈ O := {1, · · · , nO}, where
nO represents the number of obstacles. To address safety, we
assume that the center of mass (COM) coordinates of each
agent in the xy-plane are given by g(xi), where g : Rn → 2 is
a continuous mapping. We next define two global safe sets as
super-level sets of the Euclidean distance: SA, capturing safe
distances between all agents, and SO, ensuring safe distances
between agents and obstacles. More specifically, we define

SA := {x ∈ RnnA |∥g(xi)− g(xj)∥ ≥ dth,∀i ̸= j ∈ A}
SO := {x ∈ RnnA |∥g(xi)− oℓ∥ ≥ dth,∀i ∈ A,∀ℓ ∈ O}, (2)

where ∥ · ∥ denotes the Euclidean distance, and dth is a
threshold distance value. The overall global safe set S is then
given by the intersection S := SA ∩ SO.

Ensuring system-wide safety can be formulated as main-
taining the forward invariance of S [22]. However, designing
a centralized NMPC law to enforce this invariance is computa-
tionally demanding. To mitigate this, we propose local NMPC
laws that ensure the safety of individual agents by defining
local safety sets. Specifically, for each agent i ∈ A, two local
safe sets can be defined accordingly: SAi for capturing safe
distances between agent i and any other agent j ̸= i ∈ A, and
SOi for ensuring safe distances between agent i and obstacles
oℓ for all ℓ ∈ O, that is,

SAi :=
⋂

j ̸=i∈A

{
xi ∈ X

∣∣ ∥g(xi)− g(xj)∥ ≥ dth
}

(3)

SOi :=
⋂
ℓ∈O

{
xi ∈ X

∣∣ ∥g(xi)− oℓ∥ ≥ dth
}
. (4)

The combined local safe set Si is then obtained by the
intersection of these two sets as Si := SAi ∩ SOi.

The local safe set can be reformulated as

Si =
{
xi ∈ X

∣∣∣hi(xi, xN (i), o) ≥ 0
}
, (5)

where N (i) := {j ∈ A | j ̸= i} denotes the set of all other
agents, xN (i) := col{xj | j ∈ N (i)} ∈ Rn(nA−1) represents
the states of all other agents, and o := col{oℓ | ℓ ∈ O} ∈ R2nO

contains the coordinates of all obstacles. In addition, hi is a
continuous local function that can be expressed as follows:

hi(xi, xN (i), o) :=

[
col

{
hi,j | j ∈ N (i)

}
col

{
hi,ℓ | ℓ ∈ O

} ]
, (6)

where hi,j := ∥g(xi) − g(xj)∥ − dth for all j ∈ N (i) and
hi,ℓ := ∥g(xi)− oℓ∥− dth for all ℓ ∈ O. Since hi depends on
the local state xi as well as the states of other agents xN (i),
the local safety set Si is parameterized by the states of all
other agents at every time step t, i.e., Si = Si(xN (i)).

Problem Statement: We aim to design computationally
efficient, distributed NMPC laws that compute the optimal
local control law ui ∈ U for each agent with a consensus
protocol while (1) ensuring the invariance of its local safe
set Si, and (2) maintaining a consistent “sticking distance”
between the agents. To account for the dependence of local
safety sets on other agents’ states, we will adopt a communi-
cation protocol in which agents share their optimal state and
input trajectories—computed by their local NMPCs—with a
one-step delay.

Before establishing the proposed DNMPC framework, we
present definitions that introduce the concept of higher-order,
discrete-time CBFs for each agent. For notational simplicity,
we will use xit and uit to denote xi(t) and ui(t), respectively.

Definition 1 (Discrete-Time CBF [41]): The local function hi

is said to be a CBF for (1) if there exists class K function α
satisfying α(s) < s for all s > 0 such that

∆hi
(
xi(t), ui(t)

)
≥ −α

(
hi(xi(t))

)
, ∀xi(t) ∈ X , (7)

where ∆hi(xi(t), ui(t)) := hi(xi(t+1))− hi(xi(t)) and s is
the argument of α.

For systems with a higher relative degree r > 1, the control
input does not appear in the first-order difference of the CBF
hi. In this case, a series of functions can be defined based on
the original hi(xit) with the relative degree r as follows:

ψi
0(x

i
t) := hi(xit)

ψi
1(x

i
t) := ∆ψi

0

(
xit, u

i
t

)
+ α1

(
ψi
0(x

i
t)
)

...

ψi
r(x

i
t, u

i
t) := ∆ψi

r−1

(
xit, u

i
t

)
+ αr

(
ψi
r−1(x

i
t)
)
, (8)

where ∆ψi
a(x

i
t, u

i
t) := ψi

a(x
i
t+1)−ψi

a(x
i
t) = ψi

a(f
i(xit, u

i
t))−

ψi
a(x

i
t) for 0 ≤ a ≤ r − 1 and αa are class K functions

satisfying αa(s) < s for all a = 1, · · · , r and s > 0. This
series of functions yields a corresponding series of sets, as

Si
a :=

{
xit ∈ X

∣∣ψi
a(x

i
t) ≥ 0

}
, 0 ≤ a ≤ r − 1. (9)

Definition 2 (Higher-Order Discrete-Time CBF [41]): The lo-
cal function hi is a higher-order, discrete-time CBF (HOCBF)
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of relative degree r if there exist functions ψi
a for a ∈

{0, 1, . . . , r} defined by (8) and corresponding sets Si
a for

a ∈ {0, 1, . . . , r − 1} defined by (9) such that

ψi
r(x

i
t, u

i
t) ≥ 0 (10)

for all xit ∈
⋂r−1

a=0 Si
a and for some control input uit ∈ U .

The following theorem formally establishes a sufficient
condition on the local control law ui to ensure that the
intersection set

⋂r−1
a=0 Si

a remains invariant for local dynamics.

Theorem 1: (HOCBF Condition [41]): If hi is a continuous
HOCBF of relative degree r defined on

⋂r−1
a=0 Si

a, any control
input ui(t) ∈ U satisfying the HOCBF condition (10) will
render

⋂r−1
a=0 Si

a forward invariant for agent i ∈ A.

III. DISTRIBUTED NMPCS BASED ON HOCBFS

This section proposes the middle-level distributed NMPC
framework based on HOCBFs for real-time trajectory plan-
ning to enable the safe locomotion of a team of multi-agent
quadrupedal robots in environments with obstacles.

Template Model: The SRB dynamics of each agent are
used as the template model, with the state variables defined
as the COM position and orientation, along with their time
derivatives, that is, xi := col(pi, ṗi,Θi, ωi) ∈ Rn with n = 12,
where pi ∈ R3 represents the Cartesian coordinates of the
COM of agent i ∈ A, Θi ∈ R3 denotes the Euler angles
(roll, pitch, and yaw) of the body, and ωi ∈ R3 represents
the angular velocities in the body frame. The control inputs
ui(t) are further taken as the ground reaction forces (GRFs)
that generate the net force and torque around the COM,
denoted by (f i,net, τ i,net) and expressed in the world frame.
We adopt SRB dynamics over the simpler LIP model to allow
quadrupedal agents to dynamically adjust their orientation—
especially yaw—when navigating obstacles. Unlike quasi-
static gaits with center of pressure constraints, SRB dynamics
support dynamic gait generation. Their integration into the
DNMPC framework enables real-time optimization of both
position and orientation, enhancing feasibility and agility in
complex environments. This is demonstrated through numer-
ical studies in Section V-C and Table II. The equations of
motion with the SRB model can be described by

Σi :


p̈i = fi,net

mtot
− g0

Θ̇i = A(Θi)ωi

ω̇i = I−1
(
Ri⊤τ i,net − S(ωi) I ωi

)
,

(11)

where mtot is the total mass of the agent, I ∈ R3×3 represents
the moment of the inertia in the body frame, g0 ∈ R3

denotes the gravitational constant, Ri ∈ SO(3) represents the
orientation matrix of the body frame relative to the world
frame, and S(·) : R3 → so(3) is the skew-symmetric operator.
The net force and torque around the COM are then calculated
as a linear combination of the individual GRFs acting at each
contacting leg. Specifically, a time-varying matrix E(t) maps
the vector of individual GRFs to the net wrench as follows:[

f i,net

τ i,net

]
= E(t)ui(t). (12)

The nonlinear SRB dynamics in (11) can be discretized and
expressed in the form of (1) by the Euler method. Furthermore,

the model remains valid if the GRFs (i.e., inputs ui(t)) belong
to the friction cone, denoted by U = FC.

Collision Safety for Quadrupedal Robots: From Defini-
tion 2, local functions hi in (6) serve as continuous HOCBF
candidates with relative degree r = 2 if there exist a series of
functions ψi

1, ψ
i
2, and corresponding sets Si

0,Si
1 such that

ψi
2

(
xit, x

N (i)
t , uit, u

N (i)
t

)
≥ 0, ∀xit ∈ Si

0 ∩ Si
1. (13)

We remark that ψi
2 generally depends on the local state and

input variables (xit, u
i
t), as well as the variables of all other

agents, i.e., (xN (i)
t , u

N (i)
t ). Furthermore, from Theorem 1, any

feasible local control input (i.e., GRFs) ui(t) ∈ U satisfying
the HOCBF condition (13) will render Si

0 ∩ Si
1 invariant.

HOCBF-based DNMPCs: To address the problem in Sec-
tion II, we propose the following DNMPC formulation for
each agent i ∈ A:

min
(xi(·),ui(·))

LN

(
xit+N |t

)
+

N−1∑
k=0

L
(
xit+k|t, x̂

N (i)
t+k|t, u

i
t+k|t

)
s.t. xit+k+1|t = f i

(
xit+k|t, u

i
t+k|t

)
(Prediction)

ψi
2

(
xit+k|t, x̂

N (i)
t+k|t, u

i
t+k|t, û

N (i)
t+k|t

)
≥ 0 (HOCBF)

xit+k|t ∈ X , uit+k|t ∈ FC (Feasibility),
(14)

where N is the control horizon, xit+k|t and uit+k|t represent the
predicted local states and local inputs at time t+k, computed
at time t using the prediction model with the initial condition
of xit|t = xi(t). The terms x̂

N (i)
t+k|t and û

N (i)
t+k|t denote the

estimation of predicted variables of all other agents, obtained
using the one-step delay communication protocol (OSDCP),
which will be described later. The inequality constraints in
the local NMPC (14) represent the HOCBF condition (13)
together with the feasibility conditions for the states and inputs
(i.e., GRFs). The local NMPC optimizes the state and input
trajectories of agent i, denoted by (xi(·), ui(·)).

Consensus Protocol: The cost function of the local NMPC
consists of the terminal and stage costs. The terminal cost is
taken as LN (xit+N |t) := ∥xit+N |t − xi,ref

t+N |t∥
2
P , where xi,ref(·)

denotes the local reference trajectory generated by the high-
level planner (see Section IV), and P = P⊤ is a positive
definite matrix. The stage cost is defined as

L
(
xit+k|t, x̂

N (i)
t+k|t, u

i
t+k|t

)
:= ∥xit+k|t − xi,ref

t+k|t∥
2
Q + ∥uit+k|t∥

2
R

+ wU i
(
xit+k|t, x̂

N (i)
t+k|t

)
, (15)

where Q = Q⊤ and R = R⊤ are positive definite matrices,
w > 0 is a weighting factor, and U i is an artificial potential
function for consensus. The potential function U i, inspired by
Lennard-Jones potential model [42], is given by

U i
(
xit+k|t, x̂

N (i)
t+k|t

)
:=

∑
j∈N (i)

4ϵ

{(
σ

ρi,j

)12

−
(
σ

ρi,j

)6
}
,

(16)
where ρi,j := ∥pix,y − p̂jx,y∥ denotes the estimated distance
between the COMs of two agents i and j ̸= i, p̂jx,y rep-
resents the estimate of the COM position of agent j, and
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ϵ and σ are tuning parameters. Incorporating the potential
function U i acts as a consensus protocol, enabling agents
to maintain proximity through van der Waals-like interaction
forces. The parameter σ defines the zero-potential distance
and is tuned to set the equilibrium at which the interaction
force vanishes. Including this term in the local NMPC cost
encourages agents to maintain a consistent “sticking distance,”
effectively emulating soft-holonomic constraints on their COM
separation. In the experiments, we show that this consensus
protocol enables soft-flocking behavior—referring to non-strict
coordination where agents may temporarily deviate from the
sticking distance to satisfy hard safety constraints enforced by
the HOCBF-DNMPC framework.

OSDCP Protocol: The one-step delay communication
protocol (OSDCP) is proposed to address the inherent chal-
lenge of solution unavailability from other agents in (14).
Specifically, due to the distributed nature of the formulation,
the optimal solution (xj,⋆, uj,⋆), of agent j, computed at
time t, is not immediately accessible by agent i. Conse-
quently, the condition in (13) cannot be directly applied. To
facilitate implementation, the OSDCP leverages the optimal
solutions computed by other agents at the preceding time
step (t − 1). With a sufficiently small time step Ts, agent i
approximates the predicted states and inputs of all other agents
j ∈ N (i) as x̂jk+t|t ≈ xj,⋆k+t|t−1 and ûjk+t|t ≈ uj,⋆k+t|t−1, where
(xj,⋆k+t|t−1, u

j,⋆
k+t|t−1) denotes the optimal predicted variables

of agent j from the previous time step (t− 1).

IV. HIGH-LEVEL AND LOW-LEVEL LAYERS

This section presents a concise overview of the high- and
low-level layers of the control scheme, adapted from the
previous works [18], [43], with modifications.

High-Level Path Planner: The proposed hierarchical con-
trol framework incorporates an offline high-level path planner
(see Fig. 2) that generates reference trajectories for the middle-
layer DNMPC algorithms. To achieve this, we employ a hybrid
path planning approach that combines the A⋆ algorithm [44]
with the potential fields method [45]. The previous work [18]
relied solely on a potential fields-based path planner. However,
it is well-known that such planners are prone to local minima
issues. Similar to the work in [46], we adopt the A⋆ algo-
rithm to generate globally optimal way-points, which are then
bridged by locally smooth and dynamics-informed reference
paths using potential fields. The reference trajectories are then
passed to the middle-layer DNMPC algorithm.

Low-Level Nonlinear WBC: At the low level, we use
nonlinear WBCs to impose the full-order dynamical model
of each quadrupedal robot for tracking the optimal reduced-
order state and GRF trajectories prescribed by the middle-
layer DNMPCs. The WBC, adopted from the previous work
[43], is formulated as a real-time QP running at 1 kHz. It
incorporates the tracking problem within the framework of
virtual constraints [37] for the floating-base full-order model
while solving for dynamically feasible joint-level torques.

V. EXPERIMENTS

This section presents the results of our numerical simu-
lations and hardware experiments, thoroughly assessing the
proposed distributed control algorithm’s effectiveness.

A. Setup and Distributed Controller Synthesis

This work utilizes A1 quadrupedal robots as a test platform
for the numerical and experimental validation of the proposed
framework. The A1 robots are compact quadrupeds with a
mass of 12.45 (kg), height of 0.28 (m), and 18 degrees of
freedom (DOFs), 12 of which are actuated through three active
joints per leg: hip pitch, hip roll, and knee pitch. The robots
are equipped with an NVIDIA Jetson TX2, an RP-LiDAR S1
operating at 15 Hz for point-cloud generation and obstacle
detection, and an onboard computer with an Ethernet switch.
The distributed algorithms are executed on multi-threads of an
offboard desktop PC with an AMD Ryzen 7950X3D CPU and
64 GB of DDR5 RAM. For real-time obstacle detection, we
employ the obstacle detector ROS package [47]. To estimate
translational motion, each robot uses a kinematic estimator for
its COM. Additionally, the position of the other robot is com-
municated via the OSDCP protocol. Numerical simulations
are conducted in the RaiSim physics engine [48], employing
four A1 robots in the simulation environment, while two are
deployed for hardware evaluations, as shown in Fig. 3. Videos
are available in the supplementary file.

The parameters of the CBF-based DNMPCs are set as Q =
block diag{Qp, Qṗ, QΘ, Qω} with Qp = diag{1e5, 1e5, 8e6},
Qṗ = diag{5e5, 5e5, 8e6}, QΘ = diag{1e4, 1e4, 1e4}, and
Qω = diag{1e4, 1e4, 1e4}, P = 100Q and R = I. The con-
trol horizon for the local NMPCs is chosen as N = 10 with the
sampling time of Ts = 10 (ms). Additional hyperparameters
include a collision avoidance threshold distance of dth = 0.6
(m), class K functions α1(s) = 0.1 s and α2(s) = 0.05 s to
satisfy the conditions in Definition 2, the tuning parameters of
the Lennard-Jones potential in (16) as ϵ = 50, σ = 0.85 (m),
and a weighting factor of w = 1e9 in (15). We choose trotting
gaits of quadrupedal robots with a step time of 180 (ms)
and the local nonlinear programs (NLPs) in (14) include 240
decision variables. The local real-time DNMPC formulation
in (14) is nonconvex and solved in real time without any
approximations in the system dynamics or HOCBF constraints.
The real-time distributed NMPCs are solved using CasADi
[49] framework along with the IPOPT solver with 8 iterations,
utilizing the previous solution as the initial guess. We evaluate
the framework in a complex environment with up to nO = 20
obstacles. As the number of agents and obstacles increases
in experiments, the continuous function hi in (5) can be
reformulated as

hi := min{ min
j∈N (i)

hi,j ,min
ℓ∈O

hi,ℓ}, (17)

which significantly reduces the number of inequality con-
straints in the NLPs derived from the HOCBF. Table I sum-
marizes the statistics for the distribution of the NMPC com-
putation times (in milliseconds) for two challenging scenarios
involving rough terrains and external disturbances.

B. Hardware Experiments and Numerical Simulations

Modifications of trajectories by DNMPC: In the first
experiment, the robots were commanded to follow intersecting
trajectories to assess collision avoidance on rough terrain. This
setup specifically evaluated the performance of middle-level
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Fig. 3. Snapshots of experiments demonstrating the deployment of CBF-based DNMPCs in a multi-agent A1 setup under various conditions: (a) uncertain
obstacles, (b) intentional intersecting reference trajectories on rough terrain, (c) straight-line reference trajectories with one agent physically pushed onto another,
(d) cooperative locomotion on rough terrain with uncertain obstacles, and (e) and (f) straight-line reference trajectories with different obstacle configurations.

TABLE I
STATISTICS FOR THE DISTRIBUTION OF DNMPC SOLVE TIMES (MS)

Experiment min max avg standard deviation
Rough terrain (Fig. 3(d)) 4 10 5.27 1.03
External push (Fig. 3(c)) 5 9 6.92 0.47

Optimal Trajectory from Middle-Level CBF-based DNMPC for Agent 1

Optimal Trajectory from Middle-Level CBF-based DNMPC for Agent 2

(a)

(b)

Optimal Trajectory from Middle-Level CBF-based DNMPC for Agent 1

(c)

Fig. 4. Plot of the reference COM velocity trajectories (ẋref, ẏref) generated
by the high-level planner along with the optimal velocity trajectories (ẋ⋆, ẏ⋆)
adjusted by the middle-level DNMPCs for agents 1 and 2 in (a) and (b) during
experiments of Fig. 3(d) and for agent 1 in (c) during experiment of Fig. 3(e).

DNMPCs when handling colliding reference paths. Instead of
relying on a high-level planner, both robots were provided with
x and y velocity references, leading to an intentional collision
scenario. Additionally, wooden blocks were used to simulate
rough terrain with a maximum height of 5 (cm) (17.85% of
the robots’ standing height). Under these conditions, the CBF-
based DNMPC algorithm successfully adjusted the reference
commands to prevent collisions, as shown in Fig. 3(b).

Safety with disturbances (external push): The second ex-
periment aimed to evaluate the effectiveness of the distributed
control framework by applying an external push to one agent
and recording its response. Both agents were assigned straight-
line forward reference trajectories without lateral deviations.
During execution, one agent was physically perturbed to sim-
ulate an unexpected collision event. The consensus protocol,
combined with the CBFs in the middle-level DNMPC, enabled
the unperturbed agent to react promptly by moving away from
the collision zone, maintaining a constant separation distance
between the agents, as shown in Fig. 3(c).

Robustness against uncertainty and rough terrain: The
third scenario was designed to assess the robustness of CBF-
based DNMPCs in environments with uncertain obstacle infor-
mation (see Fig. 3(d)). Initially, the high-level planner operated
under the assumption of known obstacle locations. However,
during execution, slight perturbations were deliberately intro-
duced to the obstacle positions, creating a mismatch between

the assumed and actual environment. The high-level planner
first generated the desired trajectories, after which the middle-
level DNMPCs were activated to account for the perturbed
obstacles. Additionally, wooden blocks were introduced to
evaluate the systems robustness under both rough terrain and
obstacle uncertainty. Figure 4 illustrates the velocity trajecto-
ries prescribed by the high-level planner and the corresponding
trajectories generated by DNMPCs for agents 1 and 2.

Different Obstacle Configurations: We conducted eight
additional experiments to evaluate the effectiveness of the
proposed algorithm across various obstacle configuration sce-
narios involving more than ten obstacles, in which two agents
were commanded to walk forward. The agents navigated the
environment safely and robustly in seven out of the eight trials,
exhibiting non-conservative behaviors when interacting with
obstacles or the other agent. Two representative snapshots from
these experiments are shown in Figs. 3(e) and 3(f), and the
corresponding velocity trajectories generated by the DNMPC
for Agent 1 are presented in Fig. 4.

Consensus protocol: The efficacy of the consensus protocol
in (16) and (15) was empirically evaluated through a controlled
experiment involving two A1 robots navigating nine uncertain
obstacles over wooden blocks. Two experimental configura-
tions were tested: one with the consensus protocol deactivated
(w = 0) and another with a high-gain activation (w = 1e9).
Figure 5 demonstrates that activating the protocol improved
soft-flocking behavior and enhanced inter-agent cohesion. Fig-
ure 5(c) presents the actual cost of the consensus term for both
cases, offering insight into the degree of coordination under
different protocol settings. Figure 5(d) depicts the inter-agent
distance over time, revealing deviations from the nominal 1
(m) separation when CBF constraints are active (t < 6 (s)),
indicating collision avoidance maneuvers. Notably, when the
CBF constraints are inactive (t > 6 (s)), the enabled consensus
protocol maintains a more stable inter-agent distance.

Network Assumption and Robustness to Latency: We
assume a fully connected communication network, where each
agent exchanges information with all others via a one-step
delay protocol. The distributed algorithms are executed in
a parallel and decentralized manner on multiple threads of
a desktop PC. To assess robustness against deviations from
this assumption, we introduce uniform communication latency
in the local mid-level NMPCs, simulating delays caused by
control clock synchronization when deploying CBF-based
DNMPCs on separate machines. In a four-agent simulation
involving wooden blocks and 20 randomly placed obstacles,
results show that the algorithm maintains stability and avoids
both inter-agent and agent-obstacle collisions with latencies
up to 6 (ms). A simulation demonstrating performance under
nonuniform communication latency is provided in the supple-
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Fig. 5. Snapshots of experiments (a) without consensus protocol and (b)
with consensus protocol. (c) Plots for the consensus cost wU i for w = 0 (no
consensus) and w = 109 (with consensus). (d) Distance between the two A1
agents for w = 0 and w = 109.

mentary multimedia file. Safety constraints are implemented
using the compact formulation in (17), which significantly
reduces the number of inequality constraints in the NLPs.
This allows solving DNMPC problems with four agents and
20 obstacles in under 10 (ms). As the number of agents and
obstacles increases, communication latency may become more
significant due to decentralized execution. Future work will
investigate the scalability of the proposed framework.

C. Comparison and Quantitative Analysis

We conduct extensive numerical simulations to evaluate
the efficacy and robustness of the proposed CBF-based DN-
MPC algorithms against other distributed predictive control
strategies. The evaluation focuses on cooperative and safe
locomotion of two A1 quadrupedal agents trotting across
200 randomly generated terrains with 20 randomly positioned
obstacles. For comparison, we employ five different mid-
level distributed controllers. The first implements the proposed
CBF-based DNMPC with SRB models at 100 Hz. The second
uses the same algorithm with LIP models, also at 100 Hz. The
third applies DNMPC without CBFs, adapted from [18], using
LIP dynamics at 5.5 Hz; in this case, safety is enforced via
Euclidean distance constraints rather than embedded CBF con-
ditions. The fourth uses DNMPC with SRB dynamics but no
CBFs at the NMPC level, enforcing CBF constraints instead at
the low-level WBCs, similar to typical single-agent strategies
(see, e.g., [2], [3], [50]). These four controllers share the same
high-level planning layer. The fifth uses DNMPC with SRB
dynamics but without CBFs, where safety is addressed at the
high level using a zero-horizon convex QP applied to simple
integrator dynamics, as in [24]. Figure 6 shows the success
rate of each approach for Agent 1 as a function of traveled
distance, where success is defined as both agents reaching 10
(m) without collisions while maintaining gait stability. Table II
summarizes the success rates, showing that the proposed CBF-
based DNMPC with SRB dynamics significantly outperforms
the other approaches.

VI. CONCLUSIONS

This paper presented a unified, computationally efficient,
and fast distributed control framework that integrates DN-
MPC and CBFs to enable safe locomotion for multi-agent
quadrupedal robots operating under external disturbances,
rough terrain, and uncertain obstacle locations. The proposed
DNMPC incorporates discrete-time CBF constraints for non-
linear SRB locomotion models to ensure both robot-to-robot

Fig. 6. Success rate comparison of the proposed CBF-based DNMPC with
SRB dynamics against four baseline approaches versus the traveled distance.

TABLE II
COMPARISON OF THE PROPOSED APPROACH WITH EXISTING TECHNIQUES.

Approach Overall Success Rate
CBF-based DNMPC for SRB (Ours) 93.89%
DNMPC with CBF-based planner [24] 78%
DNMPC without CBFs for LIP [18] 66%

CBF-based DNMPC for LIP 60%
DNMPC with CBF-based WBC 14.5%

and robot-to-obstacle safety. Additionally, a Lennard-Jones po-
tential function is embedded in the NMPC cost formulation to
facilitate consensus among agents. We validated the proposed
approach through extensive hardware experiments on two A1
quadrupedal robots and numerical simulations involving a
team of four A1 robots navigating uncertain environments
with obstacle location uncertainty, rough terrain, and external
disturbances. Our numerical results demonstrate a significant
improvement in collision avoidance success rates compared to
alternative DNMPC algorithms that incorporate CBFs at the
high level or the WBC level, or that rely on LIP models.

The proposed DNMPC formulation can be integrated with
alternative collision avoidance strategies, such as those based
on signed distance fields (SDFs). As part of future work,
we plan to incorporate SDFs into the framework—either as
soft constraints within the local cost functions or as hard
constraints through inequality formulations. The current work
utilized the A⋆ algorithm and 2D LiDAR at the high level to
generate reference trajectories for the network of CBF-based
DNMPCs, enabling collision avoidance in the 2D plane. In
future work, we will explore the integration of 3D LiDAR to
allow multi-agent quadrupedal robots to dynamically adjust
their height when encountering complex 3D obstacles.
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