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Cooperative Gaussian process‑based 
model predictive control for safe multi‑agent 
navigation
Ellen H. J. Riemens1*, Alle‑Jan van der Veen1 and Raj T. Rajan1 

1  Introduction
Multi-agent systems, such as teams of drones or mobile robots, need to move through 
shared spaces without colliding while still reaching their goals. This requires both accu-
rate target reaching and reliable collision avoidance. In practice, this is challenging 
because models of the agents are never exactly known, and disturbances can lead to 
unsafe behavior if they are not handled properly.

Multi-agent systems can be controlled with methods ranging from Lyapunov-based 
schemes to reinforcement learning, but these approaches often struggle to combine 
constraint handling with forward-looking planning. Model Predictive Control (MPC) 

Abstract 

Multi-agent systems, such as fleets of robots or drones, are increasingly deployed 
in logistics, inspection, and surveillance. These systems must reach their targets 
while maintaining safe separation, even under uncertain dynamics. This is challeng‑
ing because unmodeled effects, disturbances, and sensor noise can degrade tracking 
performance and compromise safety. Model Predictive Control (MPC) is well suited 
for multi-agent navigation since it optimizes trajectories over a prediction horizon 
while enforcing input and state constraints. However, its performance depends 
on accurate models, and centralized formulations suffer from poor scalability and a sin‑
gle point of failure. We propose a cooperative Gaussian Process–augmented MPC 
(GP-MPC) framework that combines learning, chance-constrained safety, and distrib‑
uted optimization. Each agent uses a Gaussian Process to learn its residual dynamics 
and quantify local uncertainty, incorporates this uncertainty into a chance-constrained 
collision-avoidance scheme, and coordinates only with neighbors through an ADMM-
based distributed optimization method. This integration provides robustness to model 
errors and scalability to larger teams. The framework enables collision avoidance using 
only local uncertainty estimates, removing the need to share covariance informa‑
tion. By restricting computation and communication to each agent’s neighborhood, 
it maintains scalability and efficiency. Simulations show that the approach yields 
smoother and more efficient trajectories, faster convergence to targets, and reliable 
probabilistic safety compared to nominal and nonlinear MPC baselines. Convergence 
analysis further confirms robust consensus across a range of tuning parameters.
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is well suited to multi-agent navigation because it optimizes control inputs over a pre-
diction horizon while respecting state and input constraints [1]. This allows agents to 
anticipate possible collisions and adjust their trajectories before they occur. MPC has 
been widely applied to multi-agent systems thanks to its ability to handle constraints 
explicitly and maintain safe trajectories [2, 3]. However, its performance depends on 
having an accurate model of the agent’s dynamics, and it can degrade when unmod-
eled effects or disturbances are present.

Nonlinear dynamics can be represented through a variety of methods, including 
parametric models, differential equations, and learning-based approaches, but many 
of these lack systematic ways to quantify uncertainty. Gaussian Processes (GPs) pro-
vide a flexible way to model nonlinear dynamics while also estimating uncertainty in 
their predictions. This makes them useful for control, as the uncertainty can be incor-
porated into decision-making to improve safety. GP-based models have been applied 
in control settings ranging from system identification to reinforcement learning [4, 5], 
and they have been combined with MPC to improve performance under uncertainty 
[6, 7]. However, most existing GP-MPC approaches are centralized, requiring global 
data fusion or the exchange of covariance information, which limits scalability and 
creates single points of failure.

Several approaches have been developed to improve multi-agent MPC, but each 
has limitations. Deterministic distributed MPC methods scale well by convexifying 
collision-avoidance constraints, but they do not account for model uncertainty [8, 9]. 
More advanced strategies approximate nonlinear collision boundaries, use event-trig-
gered replanning, or partition the workspace with buffered Voronoi cells, while others 
embed artificial potential fields or mixed-integer formulations to capture non-convex 
constraints [10–15]. These methods improve feasibility and scalability but remain 
conservative or computationally demanding. Chance-constrained MPC introduces 
probabilistic safety, yet typically requires sharing full covariance information between 
agents, creating high communication loads [16, 17]. Centralized GP-MPC methods 
combine learning with uncertainty handling, but rely on global data fusion or coordi-
nation [6, 18–23]. In short, no existing method provides a fully distributed GP-MPC 
that incorporates model uncertainty while keeping communication between agents 
minimal.

In this paper, we present a distributed GP-MPC framework that combines learn-
ing and coordination. We consider the dynamics of each agent to be a combination 
of a known nominal dynamics, and an unknown residual dynamics which include the 
systemic errors. This residual dynamics is then learned using a Gaussian process, the 
moments of which are used to improve the overall local dynamics of each agent and 
collision avoidance with neighboring agents. In particular, the uncertainty allows us 
to add chance-constrained collision-avoidance conditions, so that agents can keep 
safe distances even when the model is imperfect. To coordinate with others, agents 
use an ADMM-based distributed scheme that only requires exchanging trajectory 
information with neighbors, avoiding covariance sharing and central control.

The contributions of this paper are as follows:
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•	 We propose a novel cooperative GP-MPC framework that unifies GP-based residual 
learning, uncertainty-aware chance-constrained safety, and an ADMM-based multi-
agent coordination.

•	 We formulate the overall scheme in a distributed ADMM-based framework, enabling 
scalable multi-agent coordination with minimal communication between neighbors.

Together, these elements yield a framework that is optimal through the MPC formula-
tion, robust through GP-based uncertainty handling, and scalable through distributed 
coordination.

2 � Background and system model
Consider a 2D or 3D environment, and let Dx denote the number of dimensions. In 
this shared environment, we have a set of K agents, where each agent k, at each dis-
crete time step t, aims to follow a predefined reference trajectory with positions given by 
xt,refk ∈ R

Dx , while avoiding collisions with other agents in the environment. We assume 
that each agent has a partially known noisy dynamical model

where xtk ∈ R
Dx is the state vector of the kth agent at discrete time instance t ∈ Z and 

utk ∈ R
Du is its control input. The known dynamics are given by the function fk(·) which 

is referred to as nominal dynamics, while gk(·) is an unknown nonlinear function and 
wt
k ∼ N (0,�w,k) is the additive noise reflecting systemic errors, which are assumed to be 

drawn from a zero-mean Gaussian distribution with linearly independent components.
We assume that the agents are capable of bidirectional communication with other 

agents within a certain known range. This communication network is represented by the 
graph G(K, E) , where K = {1, . . . ,K } denotes the vertices and E denotes the set of edges 
between the agents. There is an edge between an agent pair (k , j) ∈ (K ×K) , if and only 
if their pairwise distance is less than the predefined communication radius. This com-
munication graph additionally allows for cooperative distributed computation.

2.1 � Gaussian process regression (GPR)

Recall from (1) that the dynamics of each agent are partially known. The unknown 
dynamics consist of both gk(xtk) and wt

k and must be learned to enable efficient and 
optimal control of the agent. In this work, we propose to use Gaussian process regres-
sion (GPR) [24] to learn these nonlinear dynamics of each agent. Suppressing the 
index k in the notation, we collect N data points by observing the state transitions 
(ξn, υn, ξ

+
n

)

∀n = 1, . . . ,N  , where ξn is the current state, υn is the control input, and ξ+n  
is the evolved state. Let yn denote the residual measurements of the agent defined as

which is used as input to train a zero-mean Gaussian Process defined for each state 
dimension, i.e., GP

(

0, κd(ξ , ξ
′)
)

∀d = 1, . . . ,Dx . Here, we assume the choice of a 
squared-exponential kernel, i.e.,

(1)xt+1
k = fk(x

t
k ,u

t
k)+ gk(x

t
k)+ wt

k , k ≤ K ,

(2)yn = ξ+n − fk
(

ξn, υn

)

, n = 1, . . . ,N ,
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where {σ 2
h,d , ℓ1,d , . . . , ℓDx ,d} are the hyperparameters of the d-th GP kernel, which 

can be estimated by maximizing the log-marginal likelihood on the training data. Let 
� = [ξ1, ξ2, . . . , ξN ]

⊤ ∈ R
N×Dx and Y = [y1, y2, . . . , yN ]

⊤ ∈ R
N×Dx , then the GP predic-

tive mean and (diagonal) variance at an arbitrary location of interest ξ∗ are given by

In these expressions, for each dimension d we form the kernel matrix Kd ∈ R
N×N with 

entries [Kd]nm = κd(ξn, ξm) , the kernel vector k∗,d ∈ R
N with entries [k∗,d]n = κd(ξn, ξ∗) , 

and the target vector Yd ∈ R
N as the d-th column of Y = [y1, . . . , yN ]

⊤ ∈ R
N×Dx . Finally, 

the observation-noise variance σ 2
n,d regularizes the fit and captures noise in y and is also 

estimated from the training data. This GP model yields both a mean-estimate µ(ξ∗) of 
the residual for correcting the nominal dynamics and an uncertainty measure to guide 
robust planning.

2.2 � System model

Given the dynamical model (1), our control objective is to design a Model Predictive 
Control (MPC) strategy that minimizes the tracking error and control effort over a 
selected prediction horizon T. To this end, we formulate a finite-horizon MPC prob-
lem over the interval τ = t, . . . , t + T  . For each agent k, we collect all their control 
inputs, positions, and reference trajectory locations over this interval into matrices 

Now, for the kth agent, consider as cost function the sum of the squared tracking 
error plus a scaled control effort:

where

κd(ξ , ξ
′) = σ 2

h,d exp
(

− 1
2 (ξ − ξ ′)⊤L−1

d (ξ − ξ ′)
)

, Ld = diag(ℓ21,d, . . . , ℓ
2
Dx,d

),

(3)µd(ξ∗) = k⊤∗,d
(

Kd + σ 2
n,dI

)−1
Yd , d = 1, . . . ,Dx,

(4)σ 2
d (ξ∗) = κd(ξ∗, ξ∗)− k⊤∗,d

(

Kd + σ 2
n,dI

)−1
k∗,d ∈ R, d = 1, . . . ,Dx,

(5)µ(ξ∗) =
(

µ1(ξ∗), . . . ,µDx (ξ∗)
)⊤

∈ R
Dx ,

(6)�(ξ∗) = diag
(

σ 2
1 (ξ∗), . . . , σ

2
Dx
(ξ∗)

)

∈ R
Dx×Dx .

(7a)Ut
k =

[

utk , . . . ,u
t+T−1
k

]

,

(7b)Xt
k = [xtk , . . . , x

t+T
k ],

(7c)Xt,ref
k = [xt,refk , . . . , xt+T ,ref

k ].

(8)Jk(U
t
k ,X

t
k) = �Xt

k − Xt,ref
k �2F + α �Ut

k�
2
F ,
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subscript F denotes the Frobenius norm, and α is a scaling hyperparameter which bal-
ances the accuracy versus actuator usage. Smaller values of α emphasize precise trajectory 
following, while larger values promote smoother, energy-efficient actuation.

The overall optimization problem for multi-agent navigation using MPC with Gaussian 
Process (GP)-modeled dynamics [18] can then be formulated as 

 Here, the objective in (9a) defines the overall cost as the sum of the K costs of each 
agent. The constraint (9b) enforces the system dynamics, i.e., the next state xτ+1

k  follows 
the known nominal model fk(xτk ,u

τ
k ) corrected by the GP mean µτ

k � µk(x
τ
k ) derived 

from (3). Lastly, the constraint in (9c) ensures that the control input vector uτk respects 
the actuator limit umax , selected dependent on the system.

3 � Proposed method
The MPC problem in (9) is decoupled across all agents. However, introducing the coupling 
collision-avoidance constraints necessitates a central node to solve the global optimiza-
tion, which requires significant computation and communication resources, particularly for 
an increasing number of agents. We instead propose a distributed GP-MPC framework, 
where each agent only relies on local communication with its neighbors within a certain 
communication range. In addition, to ensure a safe distance between agents at all instances, 
taking into account model uncertainty, we further introduce probabilistic (chance) con-
straints, which can be derived from the GP predictive mean and variance. After introducing 
the chance constraints, we rewrite the dynamical model to obtain a convex approxima-
tion. Next, following the ADMM framework, we decompose the centralized optimization 
problem into local MPC subproblems for each agent. This results in an iterative consen-
sus algorithm that coordinates these local controllers to recover performance comparable 
to the centralized scheme while ensuring probabilistic collision avoidance under model 
uncertainty.

3.1 � Collision avoidance

To ensure a safe distance among agents, we introduce a collision-avoidance constraint that 
maintains a minimum separation rsafe between each pair of agents,

We now treat each predicted state xtk as a Gaussian random variable whose mean E[xtk ] 
and variance �t

k follows directly from the dynamical update in (9b) and the GP predic-
tive equations (5),(6). We then define the relative displacement between two agents j and 
k as rtkj = xtk − xtj  , which is Gaussian distributed as

(9a)min
{Xt

k ,U
t
k }

K
∑

k=1

Jk(U
t
k ,X

t
k)

(9b)s.t. xτ+1
k = fk(x

τ
k ,u

τ
k )+ µτ

k ∀k ≤ K , ∀ τ ∈ t, . . . t + T ,

(9c)�uτk� ≤ umax ∀k ≤ K , ∀ τ ∈ t, . . . t + T .

(10)�xτk − xτj � ≥ rsafe, (k , j) ∈ E , k �= j, ∀τ ∈ t, . . . t + T .
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To guarantee safe separation under this uncertainty, the deterministic collision-avoid-
ance constraint in (10) is replaced by the chance constraint [17]

where ε ∈ (0, 1) is the allowable risk level.

3.2 � Linearization of residual dynamics and safety margins

To make the non-convex GP-augmented dynamics in Eq.(9b) and the probabilistic col-
lision constraint in Eq.(11) solvable with a convex optimizer, we linearize the GP mean 
and the inter-agent distance around nominal operating points. At each prediction step 
τ , let the pre-chosen linearization point for agent k be x̄τk . To linearize µk(x

τ
k ) around x̄τk , 

we define for each state dimension d

A first-order Taylor expansion of the d-th component of the GP mean then yields [25]

Under the squared-exponential kernel κd(x, x′) with length-scales Ld (3), the gradient is

Substituting (12) into the dynamics (9b) yields the linearized update

For collision avoidance, let the relative linearization point be r̄τkj = x̄τk − x̄τj  . A first-order 
expansion of the inter-agent distance [9] gives

Since rτkj is Gaussian under the GP model, r̃τkj is also Gaussian with

where �τ
kj = �τ

k +�τ
j  [26]. Imposing the chance constraint on r̃τkj then yields the convex 

approximation of (11)

where we have introduced the shorthand

rτkj ∼ N
(

E[xτk ] − E[xτj ], �
τ
k +�τ

j

)

.

(11)Pr
(

�rτkj� ≥ rsafe
)

≥ 1− ε, ∀ k �= j,

µd =
[

µk(x̄
τ
k )
]

d
∈ R, ∇xµd =

∂[µk(x)]d

∂xτk

∣

∣

∣

∣

x̄τk

∈ R
Dx .

(12)
[

µk(x
τ
k )
]

d
≈ µd + (∇xµd)

⊤
(

xτk − x̄τk
)

.

(13)∇xµd =

N
∑

n=1

κd
(

x̄τk , ξn
)

L−1
d

(

ξn − x̄τk
)

[(Kd + σ 2
n,dI)

−1yd]n ∈ R
Dx

(14)xτ+1
k = fk(x

τ
k ,u

τ
k )+ µk

(

x̄τk
)

+∇xµk

(

x̄τk
) (

xτk − x̄τk
)

.

(15)r̃τkj � �r̄τkj� +
(r̄τkj)

⊤

�r̄τkj�

(

xτk − xτj − r̄τkj
)

.

r̃τkj ∼ N
(

�r̄τkj�,
(r̄τkj)

⊤�τ
kj (r̄

τ
kj)

�r̄τkj�
2

)

,

(16)r̃τkj ≥ rsafe +�−1(1− ε) σ̃ τ
kj ,
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Equation (16) now replaces (10). The full optimization problem is then given by 

3.3 � Distributed formulation

To eliminate any single point of failure, we reformulate the centralized MPC () as a fully 
distributed problem using the Alternating Direction Method of Multipliers (ADMM) 
[27]. Observe that the cost functions have both vertex dependent variables for each 
agent k ∈ K , and edge dependent variables for their neighbors. Each agent k maintains 
its own control sequence Ut

k as a local variable. The shared trajectory variables are com-
bined as a vector ztkj ∈ R

2(T+1)Dx , which are defined for each pair (k , j) ∈ E , i.e.,

Let the local copies of this shared vector ztkj at agent k and j be given by ytkj,k and ytkj,j , 
respectively. For the kth agent, we then collect all these local copies as follows

where |Nk | denotes the number of agents in the neighborhood of agent k.
The optimization problem is rewritten with these variables, resulting in the following 

separable problem

Regarding the final constraint, note that (17d) depends on ztkj (and thereby ytkj ) through 
(15), since zkj combines the states from agents k and j.

To enforce an overall collision-risk budget ε using only each agent’s own covariance, 
we split ε into two nonnegative parts and impose local chance constraints as

σ̃ τ
kj �

√

√

√

√

(r̄τkj)
⊤�τ

kj (r̄
τ
kj)

�r̄τkj�
2

.

(17a)min
{Xt

k ,U
t
k }

K
∑

k=1

t+T
∑

τ=t

∥

∥xτk − xτ ,refk

∥

∥

2
+ α �uτk�

2

(17b)s.t. xτ+1
k = fk(x

τ
k ,u

τ
k )+ µk

(

x̄τk
)

+∇xµk

(

x̄τk
) (

xτk − x̄τk
)

,

(17c)�uτk� ≤ umax,

(17d)r̃τkj ≥ rsafe +�−1(1− ε) σ̃ τ
kj , ∀ j ∈ Nk .

(18)ztkj � [(xtk)
⊤, . . . , (xt+T

k )⊤, (xtj )
⊤, . . . , (xt+T

j )⊤]⊤.

(19)Yt
k = [ytk1,k , y

t
k2,k , . . . , y

t
k|Nk |,k

]

(20)

min
{Ut

k ,Y
t
k }

K
k=1,{z

t
kj}kj∈E

∑

k∈K

Jk(U
t
k ,Y

t
k)

s.t. ytkj,k − ztkj = 0, ytkj,j − ztkj = 0

Ut
k satisfies (17b), (17c) ∀ k ∈ K

ztkj satisfies (17d) ∀ (k , j) ∈ E .
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Agent k models

while agent j uses

Hence, the local chance constraints become

By the union bound Pr(X ∪ Y ) ≤ Pr(X)+ Pr(Y ) we recover

thus guaranteeing Pr
(

r̃tkj ≥ rsafe
)

≥ 1− ε , which is the linearized version of (11).

3.4 � Local problems

Note that (20) is separable since only local and neighborhood information is required, 
and can be solved using distributed algorithms.

Let ρ > 0 be a known penalty parameter, and let �tkj,k denote the Lagrange multiplier 
that agent k associates with the consensus constraint on the edge (k, j), while �tkj,j denotes 
the corresponding multiplier held by its neighbor j [27]. Then, for each agent k at any 
time step t > 0 , the augmented Lagrangian for (20) is written in the form

Note that the cost function Lt
k must be solved, subject to the local constraints as follows

3.5 � ADMM updates

Now, each agent iteratively solves the problem (27) at iteration i, using the following proce-
dure [27]. Each agent k ∈ K solves (26) with respect to its local variables Ut

k and the shared 
trajectories Yt

k . Then, the updated values of y are communicated, e.g., agent k receives 

(21)

εk + εj = ε,

Pr
(

�rtkj� ≥ rsafe
)

≥ 1− εk , (agent k ′ s local risk limit),

Pr
(

�rtkj� ≥ rsafe
)

≥ 1− εj , (agent j′ s local risk limit).

(22)r̃tkj,k ∼ N
(

�r̄tkj�, (σ̃
t
k )

2
)

, σ̃ t
k =

√

√

√

√

(r̄tkj)
⊤�t

k (r̄
t
kj)

�r̄tkj�
2

,

(23)r̃tkj,j ∼ N
(

�r̄tkj�, (σ̃
t
j )

2
)

, σ̃ t
j =

√

√

√

√

(r̄tkj)
⊤�t

j (r̄
t
kj)

�r̄tkj�
2

.

(24)r̃tkj,k ≥ rsafe +�−1(1− εk) σ̃
t
k , r̃tkj,j ≥ rsafe +�−1(1− εj) σ̃

t
j .

(25)Pr
(

r̃tkj < rsafe
)

≤ εk + εj = ε,

(26)

Lt
k = Jk(U

t
k ,Y

t
k)+

∑

j∈Nk

(�tkj,k)
⊤(ytkj,k − ztkj)

+ (�tkj,j)
⊤(ytkj,j − ztkj)+

ρ

2
(�ytkj,k − ztkj�

2 + �ytkj,j − ztkj�
2).

(27)
min

Ut
k , Y

t
k , {z

t
kj ,�

t
kj
}j∈Nk

Lt
k(U

t
k , Y

t
k , {z

t
kj , �

t
kj}j∈Nk

)

s.t. (17b), (17c), (17d).
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(ytkj,j)
i+1 from all j ∈ Nk and vice versa. Given these inputs, the agents update the consen-

sus variables

and finally update

Then, the linearization points x̄tk are updated using the current solution (Yt
k)

i+1 . Updat-
ing the linearization points at each iteration improves the accuracy of the approxima-
tion, since a first-order model is used. The procedure is repeated until convergence is 
achieved or the maximum number of iterations is reached. Convergence is achieved 
when (�(ytkj)

i − (ztkj)
i�) < ǫ , where ǫ is the convergence threshold. The algorithm is sum-

marized in Algorithm 1.

Algorithm 1  Proposed: LinearizedGP-Chance (for agent k ∈ K at t > 0)

4 � Simulations
We show the performance of the proposed algorithm in a simple simulation scenario.

4.1 � Experimental setup

The simulation scenario implements K = 3 agents with intersecting trajectories within a 
square box in Dx = 2 dimensions of range [−4, 4] in each dimension. Recollect the dynami-
cal model (1). We consider the nominal (known) linear system dynamics for any agent 
k ∈ K at time t is given by

where

(28)(ztkj)
i+1 =

1

2
((ytkj,k)

i+1 + (ytkj,j)
i+1),

(29)(�tkj,k)
i+1 = (�tkj,k)

i + ρ
[

(ytkj,k)
i+1 − (ztkj)

i+1
]

.

(30)fk(x
t
k ,u

t
k) = Axtk + Butk ,

(31)A =

[

1.0 0.0
0.0 1.0

]

, B =

[

0.1 0.0
0.0 0.1

]

.



Page 10 of 16Riemens et al. Journal on Advances in Signal Processing         (2026) 2026:38 

In addition, we consider a scenario where the agents experience a vortex-like wind dis-
turbance, modeled by the unknown nonlinear function as follows.

which is visualized in Fig. 1.
Finally, wt

k ∼ N (0, 0.1I) is Gaussian process noise.  In a practical scenario, for plat-
forms such as drones or rovers, training data is typically collected by operating the agent 
in a controlled environment and recording state transitions to compute residuals [28, 29]

To train the GP model, for each agent we collect N = 100 sample points (�,Y) as 
in (2), with entries of � selected uniformly within the box, random input ‖υn‖ < umax , 
and yn = ξ+n − fk

(

ξn, υn

)

 . The hyperparameters θ of the GP are optimized using 
L-BFGS[30].

In the simulation, the 3 agents attempt to reach a target position xrefk  , independent 
of t, while avoiding collision with a distance rsafe = 0.5 . The parameter εk = εj = 0.05 
dictates the allowed probability of collision for the chance constraint. The naive straight 
trajectories would intersect. The target is considered reached when �xk − xrefk � < 0.1.

We compare six models which are listed in Table  1. The nominal algorithm imple-
ments xt+1

k = fk(x
t
k ,u

t
k) , the nonlinear algorithm adds the nonlinear term gk(xtk) , the 

Linearized GP uses the GP model (14). For each model, we used the deterministic form 
and the chance-constraint form, which is enabled by the trained GP.

(32)g(x) =

[

0.1 sin(x2)
0.1 cos(x1)

]

,

Fig. 1  The unknown nonlinear function g(x) , modeling wind disturbance

Table 1  Compared methods

Method xt+1
k

Collision avoidance

Nominal-NoChance [8] fk(x
t
k ,u

t
k) r̃ tkj ≥ rsafe

Nominal-Chance fk(x
t
k ,u

t
k) r̃ tkj ≥ rsafe +�−1(1− ε) σ̃ t

kj

Nonlinear-NoChance [31] fk(x
t
k ,u

t
k)+ gk(x

t
k) r̃ tkj ≥ rsafe

Nonlinear-Chance fk(x
t
k ,u

t
k)+ gk(x

t
k) r̃ tkj ≥ rsafe +�−1(1− ε) σ̃ t

kj

LinearizedGP-NoChance fk
(

xtk ,u
t
k

)

+ µ
(

x̄
)

+∇xµ
(

x̄
) (

xtk − x̄
)

r̃ tkj ≥ rsafe

LinearizedGP-Chance (Proposed) fk
(

xtk ,u
t
k

)

+ µ
(

x̄
)

+∇xµ
(

x̄
) (

xtk − x̄
)

r̃ tkj ≥ rsafe +�−1(1− ε) σ̃ t
kj
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4.2 � Results

Figures 2–3 show the resulting trajectories with the most simple Nominal-NoChance 
and the proposed method, respectively. In the plots, the heavy dot shows the current 
position at time t, the smaller dot shows the predicted position at time t + T  , and the 
dashed line is the straight line to the target for reference. The solid line shows the tra-
jectory up to time t, where the dashed line shows the predicted trajectory from time t 
to t + T  . The trajectories appear jagged because of the simple dynamical model. The 
last panel shows the timestamp when the target has been reached.

Figure 2 shows the baseline case, where ignoring model nonlinearities and uncer-
tainties leads to overcorrected trajectories once collision constraints are violated. 
Figure 3 presents the proposed framework, which combines learned residual dynam-
ics with chance constraints to achieve efficient trajectories and robust collision 
avoidance. The target is reached quickly ( t = 51 ) without any violation of collision 
constraints.

Figure 4 shows convergence for different hyperparameter values ρ for all described 
algorithms. On the y-axis, we see (�(ytkj)

i − (ztkj)
i�) for each agent, and then the aver-

age of all agents for all timesteps. Higher values of ρ give slower convergence, but can 
give more stable results (although this behavior is not seen for all algorithms). All 
methods converge within 60 ADMM iterations.

Figure 5 shows the inter-agent distance over time for each evaluated method. The 
solid line gives the average over 10 runs and the shaded area shows the standard 
deviation. (Each color shows the distance of a pair of agents.) It is seen that several 
methods violate the safe distance constraint, and that employing chance constraints 
consistently results in safer inter-agent distances. This highlights the benefit of incor-
porating uncertainty quantification into the collision-avoidance constraint, which 
leads to more robust and safer agent interactions.

Fig. 2  Example trajectories where model nonlinearities are ignored; deterministic collision-avoidance 
constraint (Nominal-NoChance)

Fig. 3  Example trajectories resulting from the proposed method: Linearized GP with chance constraint
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Figure 6 shows the total path lengths traveled by each agent under the different meth-
ods, averaged over 10 runs. Each color represents one agent. The dashed line shows the 
naive straight trajectory length, giving the minimal possible path, but subject to poten-
tial collisions. The actual paths are longer than the minimum due to the noisy model, 
and due to the extra distance covered to ensure collision avoidance. The nominal model 
with a deterministic collision-avoidance constraint has the shortest average path length; 
however, these paths are not safe. For the nonlinear and linearized GP methods, we see 
that the average path length is shorter when the chance constraint for collision is used. 
This is due to safer trajectories, reducing the need for dramatic corrections when agents 
get close.

In summary, the simulations showed that the Linearized GP is effective to capture the 
residual dynamics. Using the GP also makes it possible to include the chance constraint, 
which leads to safer navigation. When uncertainty is considered, agents keep a larger 

Fig. 4  ADMM convergence results for different hyperparameter values ρ , showing that algorithms converge 
over a wide range of parameter settings
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Fig. 5  Inter-agent distances for each pair of agents, for each of the considered methods. The dashed line 
represents the safe distance rsafe

Fig. 6  Total path lengths traveled by each agent, averaged over 10 runs. The dashed line represents the 
straight trajectory length (subject to collisions)
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distance from each other and avoid collisions more reliably. Path lengths are also shorter 
with the proposed method, because the agents follow smoother and safer trajectories, so 
they do not need sudden corrections. The deterministic methods may look efficient in 
distance, but they do not guarantee safety. The algorithm consistently achieves consen-
sus for a range of parameters ρ , showing it handles tuning well.

Each agent solves an MPC cost function at time t, which now includes a GP-lineariza-
tion step and an ADMM update. The local quadractic program with linearized GP con-
straints has a computational cost of O(D3

xT
3) for each iteration. Communication per 

ADMM iteration consists of exchanging the 2DxT–dimensional variables (ytkj,k)
i and 

(ytkj,j)
i with each neighbor. With |Nk | neighbors, that is 2DxT |Nk | numbers sent and 

received each iteration. Because each agent’s computation is local and each edge only 
carries coupling variables, overall complexity scales roughly linearly in the number of 
edges |E |.

4.3 � Discussion

It is worth noting that integrating GP modeling and ADMM coordination requires care-
ful parameter tuning (e.g., the risk level ǫ ), which in turn offers substantial benefits. 
For agile agents like drones, standard MPC often yields overly conservative trajecto-
ries or violates safety constraints under unmodeled wind disturbances. Our proposed 
framework justifies its complexity by explicitly balancing path efficiency with probabil-
istic safety. Nevertheless, our approach has some limitations. First, probabilistic safety 
guarantees are approximate; because collision avoidance relies on a linearized distance 
surrogate, large linearization errors could degrade actual safety margins. Second, state 
covariance propagation over the prediction horizon is currently simplified and requires 
a more rigorous formulation for practical scenarios. Third, the offline-trained GP can-
not be readily adapted to non-stationary disturbances in real time. Finally, extending this 
framework to higher-order kinematics or larger state spaces poses scalability challenges 
[32]. Higher-dimensional systems require more training data (N ) to model residual 
dynamics accurately [33]  Since GP evaluation scales poorly with $N$, repeated com-
putations within the real-time MPC loop can become a bottleneck  [34]. Furthermore, 
introducing complex dynamics may compromise the recursive feasibility of the local 
MPC solvers and hinder ADMM convergence.

5 � Conclusion
In this paper, we presented a fully decentralized Gaussian Process–augmented Model 
Predictive Control (GP-MPC) framework for navigation with collision avoidance for 
multi-agent systems. Each agent maintains its own locally trained GP model to capture 
residual dynamics and quantify predictive uncertainty, enabling adaptive tightening of 
collision-avoidance margins without sharing full covariance information. Through a dis-
tributed ADMM scheme, agents exchange only minimal trajectory snippets with their 
immediate neighbors, eliminating the need for a central coordinator and significantly 
reducing both computational and communication burdens.

Simulation studies demonstrate that our linearized GP-MPC with chance constraints 
consistently outperforms both nominal and fully nonlinear MPC baselines, achieving 
faster convergence to targets while respecting a prescribed risk level. The incorporation 
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of uncertainty estimates leads to smoother trajectories and shorter average path lengths 
under probabilistic safety guarantees. Convergence analysis further confirms that the 
method reliably reaches consensus across a wide range of algorithmic parameters, 
underscoring its robustness to tuning.

The fully decentralized architecture ensures scalability as the number of agents grows, 
and yet each controller’s computational load remains constant and communication is 
confined to local neighborhoods. Future work will focus on deriving formal probabil-
istic bounds for the chance-constraint approximation to strengthen safety guarantees, 
integrating online GP updates or sparse approximations for enhanced adaptability in 
dynamic environments, and extending the framework to heterogeneous agent teams 
navigating more complex obstacle fields to broaden its applicability to real-world robotic 
swarms and autonomous vehicle fleets. In our future work, we aim to study the scalabil-
ity of the proposed solutions for more complex real-world scenarios and higher-order 
kinematics. To handle non-stationary disturbances, future extensions will explore online 
GP learning. Subsequent work will involve a formal characterization of covariance prop-
agation over the prediction horizon, as well as an investigation into bounding the errors 
introduced by linearizing the chance constraints.
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