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Abstract—Multi-robot teams are increasingly important for
scaling task workload and complexity. However, existing ap-
proaches to multi-robot policy learning face three fundamental
limitations: the inability of unimodal policies to capture multi-
modal joint strategies, the rigidity of fixed policies in adapting
to dynamic execution-time requirements, and the difficulty of
resolving conflicting objectives during deployment. To address
these challenges, we introduce Collaborative Flow Policy Guidance
(CFPG), a novel approach for modifying collaborative multi-robot
policies through objective composition at execution time. First, we
propose Multi-Agent Flow Policy Optimization (MAFPO), which
learns robust and multi-modal collaborative policies in a fully
on-policy manner without requiring offline datasets. Second, we
enable training-free multi-robot adaptation to new execution-time
objectives by leveraging flow-matching guidance to steer actions
of multi-robot systems toward user-specified goals. Third, we
develop a hierarchical gradient projection mechanism that resolves
conflicts between nominal objectives and execution-time objectives
during guidance. We provide theoretical analysis of CFPG and
validate its effectiveness across multiple simulation environments
and real-world robot platforms. Experimental results demonstrate
improved performance over state-of-the-art methods.

Further details of this work are available on the project website:
https://hcrlab.gitlab.io/project/cfpg.

I. INTRODUCTION

Collaborative multi-robot systems are becoming pivotal in
robotics due to their ability to scale significantly in terms of task
workloads in various applications, such as search and rescue
[1], [2], warehouse logistics [3], [4], space exploration [5],
[6], and environmental monitoring [7], [8]. By leveraging the
capabilities of multiple robots, these systems can address large-
scale challenges more efficiently than single-robot systems.
However, as their scale and complexity increase, coordinating
multi-robot actions to satisfy diverse, dynamic, and potentially
conflicting objectives becomes increasingly challenging.

Existing approaches for multi-robot collaboration face three
fundamental challenges, as illustrated in Fig. 1. First, classical
Multi-Agent Reinforcement Learning (MARL) algorithms,
such as MAPPO [9], typically model policies using unimodal
Gaussian distributions. While sufficient for simple tasks, these
distributions fail to capture the complex, multi-modal action
distributions inherent in multi-robot collaboration, where valid
strategies often lie in disjoint regions of the action space (e.g.,
passing either to the left or right of an obstacle to avoid
collision). Consequently, these methods often converge to
suboptimal or invalid mean actions when faced with multiple
distinct solutions. The second challenge is that once trained,
standard multi-agent policies are generally fixed and static.
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Fig. 1. A motivating scenario illustrating the challenges of balancing multiple
potentially conflicting objectives in multi-robot teams. Our collaborative flow
policy guidance explicitly enables execution-time learning-free multi-robot
policy optimization across multiple goals and automatically resolves conflicts
according to goal priorities.

Modifying them during execution to optimize new or varying
objectives is challenging without retraining. This rigidity limits
the team’s ability to adapt to dynamic requirements that were
not foreseen or prioritized during the initial training phase. The
third challenge occurs when robot teams often must balance
multiple competing objectives, such as maintaining formation
versus avoiding obstacles. While techniques exist to handle
objective conflicts during training (such as scalarization [10],
[11] and gradient manipulation [12]–[14]), there is currently no
straightforward mechanism to resolve these conflicts directly
during execution time. As a result, deployed policies may fail
to satisfy new objectives, especially when the robot team state
and environmental conditions diverge from those encountered
during initial training.

To address these challenges, we present Collaborative Flow
Policy Guidance (CFPG), a novel and principled approach
that enables training-free adaptation of pretrained collabora-
tive multi-robot policies to new objectives directly during
execution time. Unlike traditional MARL methods that fix
reward preference weights during training, CFPG decouples
the learning of collaboration strategies (CFPG training) from
the satisfaction and balancing of new execution-time objec-
tives (CFPG execution). Our CFPG method leverages a flow
matching model trained via a novel algorithm we call Multi-
Agent Flow Policy Optimization (MAFPO), which extends
flow policy optimization in the single-agent case [15] to the
multi-agent setting and represents multi-robot joint actions as
a collaboration manifold. By adapting this approach to multi-
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robot teams, MAFPO learns a robust, multi-modal distribution
of valid joint actions in a fully on-policy manner, without
relying on offline datasets or expert demonstrations. This
generative representation provides a continuous probability
density over the space of collaborative behaviors. At execution
time, CFPG utilizes the guidance property of flow matching
to steer the generated actions toward low-cost regions defined
by user-specified differentiable cost functions. Furthermore,
to explicitly handle situations where nominal and execution-
time objectives pull in opposing and conflicting directions, we
employ gradient projection techniques directly during the flow
matching inference process to resolve the resulting gradient
conflicts. We provide theoretical analysis and proofs of CFPG
and validate our approach empirically.

The specific novelties of this work include:

• We introduce the first multi-agent flow matching policy
trained in a fully on-policy manner without requiring any
offline training dataset, and demonstrate its ability to learn
diverse and robust collaborative policies with multi-modal
action distributions successfully.

• We enable the training-free ability of adapting existing col-
laborative multi-robot policies to new objectives directly
during execution time by using flow matching guidance.

• We propose a hierarchical gradient projection technique to
resolve conflicts among different execution objectives, and
between nominal (training) objectives and execution-time
objectives.

II. PRELIMINARIES

Multi-Agent Proximal Policy Optimization (MAPPO). Multi-
robot collaboration can be modeled as a Decentralized Partially
Observable Markov Decision Process (Dec-POMDP) defined by
M = ⟨I,S, {Ai}i∈I ,P,R, {Oi}i∈I ,Ω, γ⟩, where I indexes
the robots, S is the global state space, Ai and Oi are the
action and observation spaces of robot i, and A =

∏
i Ai is

the joint action space. The transition function P defines the
system dynamics, R is a shared reward function, Ω denotes
the observation function, and γ ∈ (0, 1] is the discount factor.
At time t, st ∈ S; robots observe ot

i = Ωi(s
t) ∈ Oi, act

via ati ∼ πi(·|ot
i), and induce st+1 ∼ P(·|st,at) with reward

rt = R(st,at). A joint policy π is learned by maximizing
the expected discounted return J(π) = Eat∼π[

∑∞
t=0 γ

trt].
MAPPO [9] optimizes a clipped surrogate objective that
approximates J(π) while ensuring stable policy updates [16]:

LMAPPO(θ) = Ê
[
min(ρ(θ)Ât, clip(ρ(θ), 1− ϵ, 1 + ϵ)Ât)

]
(1)

where ρ(θ) = πθ(ai|oi)
πθold (ai|oi)

is the probability ratio, and Ât is the
Generalized Advantage Estimate (GAE) [17]. During training
only, a separate critic network estimates the value function to
help in computing advantage estimates.
Flow Matching. To model complex continuous action distri-
butions for a, we adopt flow matching [18], [19], an emerging
generative modeling paradigm that learns a continuous-time

vector field to transport a base distribution to the data
distribution by directly supervising the trajectories of the flow.

A flow defines a probability path pτ (a, τ) : Rd × [0, 1] →
R≥0, which transforms a simple prior noise distribution
p0(a) = N (a;0, I) (e.g., a Gaussian distribution at τ = 0) to
the data distribution p1(a) (i.e., at τ = 1) via a time-dependent
velocity field vτ (a). The evolution of the probability density is
governed by the continuity equation ∂pτ

∂τ +∇· (pτvτ ) = 0, and
samples can be generated by solving the Ordinary Differential
Equation (ODE):

da

dτ
= vτ (a), aτ=0 ∼ p0 (2)

Directly learning the probability density pτ , as well as the
marginal velocity field vτ that generates pτ , is intractable.
Instead, flow matching leverages the concept of conditional
flow matching (CFM), which assumes the marginal probability
path is an aggregation of simpler conditional probability paths
pτ (a|aτ=1) conditioned on a latent target data sample aτ=1.
In our setting, the entire generative process is additionally
conditioned on a context variable o (e.g., robot observations).
If vτ (a|aτ=1,o) is the conditional velocity field generating
pτ (a|aτ=1,o), then the marginal velocity field vτ (a|o) satisfies
vτ (a|o) = Epτ (aτ=1|a,o)[vτ (a|aτ=1,o)]. This allows us to
regress a neural network vθ(a, τ |o) to the conditional velocity
fields directly. We specifically employ an optimal transport
path; given a context o, a data sample aτ=1 ∼ q(a|o), and
a noise sample aτ=0 ∼ p0, we define the conditional path
as a straight-line trajectory: aτ = (1− τ)aτ=0 + τaτ=1. The
target conditional velocity field generating this path is the time-
derivative of the path, vτ (aτ=0,aτ=1) = aτ=1 − aτ=0. Then,
the CFM loss function is defined as:

LCFM(θ) = Eτ,aτ=0,aτ=1

[
∥vθ(aτ )− (aτ=1 − aτ=0)∥2

]
(3)

An advantage of flow matching is that it directly learns a deter-
ministic transport vector field between noise and data, avoiding
stochastic reverse diffusion and complex noise scheduling. Flow
matching also performs faster model inference during execution,
which aids in real-time robot deployment.

III. PROBLEM FORMULATION

We consider a team of N robots operating within a shared
physical environment in SE(2). Each robot i ∈ {1, . . . , N}
has pose xt

i = [xt
i, y

t
i , θ

t
i ] and velocity vt

i = [vtx,i, v
t
y,i, ω

t
i ]

at timestep t and has a radius of rrobot. The individual state
is given by sti = [xt

i,v
t
i ]. Robots are controlled via actions

ati = [atx,i, a
t
y,i, α

t
i] ∈ Ai, representing linear and angular

accelerations. The motion of each robot follows discrete-time
dynamics defined by vt+1

i = vt
i+ati∆t and xt+1

i = xt
i+vt

i∆t,
subject to kinematic constraints. To perceive the environment,
each robot is equipped with a limited-range LIDAR sensor. The
local observation oti ∈ Oi includes the robot’s pose information
and a set of range readings {zti,k}Kk=1 capturing the distance
to obstacles or other robots within a sensing radius rlidar.

The global state of the collaborative robot team, denoted
by st = [xt

1, . . . ,x
t
N ] ∈ S, represents the full configuration



of all robots. The observations ot
i only provide partial and

noisy information about this global state. We define collision
states as configurations where the spatial distance between any
two robots i, j satisfies ∥xt

i,x
t
j∥2 ≤ 2rrobot. The joint action

at = [at1, . . . ,a
t
N ] transitions the system state according to the

joint dynamics P(st+1|st,at).
The robot team must collaborate to satisfy a set of objectives.

First, we define the Nominal Team Objective (Jnom), which
represents the fundamental objective of the robot team; this can
be a standard multi-robot task such as collision-free multi-robot
navigation. We formulate this objective by identifying a set of
optimal joint actions Anom(st) at each state that minimize the
task cost Jnom(st,at) as: Anom(st) = argminat Jnom(st,at).

In addition to the nominal task, we consider a set of
Dynamic Execution Objectives (J exec). These are defined
by M cost functions {J exec

m (at)}Mm=1. At execution time, these
are aggregated into a single scalar cost

∑M
m=1 λmJ exec

m (at),
parameterized by a preference vector λ = {λ1, . . . , λM} ∈
RM . A concrete example of a dynamic execution objective is
controlling the joint motion of the robots in the team to have
velocity magnitudes within a specified range (i.e., fast and
efficient vs slow and careful movement). Another example is
specifying the relative positions of robots during collaboration
(i.e., robot 1 must be to the left of robot 2, and robot 3 must
be to the right of robot 2). The problem we want to solve is
how to optimize these execution objectives strictly within the
manifold of behaviors that satisfy the nominal objective Jnom.
This can be formulated as a bilevel optimization problem:

Aexec =argmin
ãt∈Anom

M∑
m=1

λmJ exec
m (ãt) (4)

s.t. Anom = argmin
at∈A

Jnom(st,at) (5)

Here, the lower-level optimization defines the feasible set of
task-optimal actions, from which the upper-level optimization
selects the action that best aligns with λ. This bilevel structure
highlights the intractability: the constraint set Anom(st) is
defined by the solution to a complex, non-convex optimization
problem (often involving long-horizon value estimation) in
Eq. (5) that cannot be solved analytically online and may consist
of disjoint, multi-modal manifolds. Furthermore, this set must
be further optimized with additional dynamic execution-time
objectives in Eq. (4) during execution time, further exacerbating
the tractability challenge.

To overcome the intractability of the bilevel optimization
problem, we propose to first learn a conditional generative
policy that approximates the distribution over the optimal set
Anom(st), from which we will sample actions that optimize
Eq. (4). To realize this approach, we require two components:
(1) a method to train this policy to maximize a pretraining
reward that optimizes Jnom, which we formulate as a Multi-
Agent Reinforcement Learning (MARL) problem, and (2) a
generative model capable of representing the complex, multi-
modal policy that can be sampled while optimizing J exec, for
which we employ flow matching. We reformulate the execution-
time optimization problem in Eqs. (4)-(5) by sampling from

the action distribution represented by a learned policy:

a∗ =argmin
ãt∈Anom

ε

M∑
m=1

λmJ exec
m (ãt) (6)

s.t. Anom
ε = {π | G(π) ≥ G(π∗)− ε} (7)

where G(π) = Est,at∼π [
∑∞

t=0 γ
tR(st,at)] is the expected

total return of a policy π, and π∗ is the optimal policy
maximizing this return (representing Jnom). The nominal
objective Jnom encodes the full task objective for which a
reward R is defined and directly optimized during training. In
contrast, J exec encodes additional execution-time objectives on
top of the policy trained on R. By utilizing this formulation,
we minimize over the set of all ε-optimal policies, allowing
us to satisfy the complex pretraining constraints implicitly via
the generative model while explicitly optimizing the dynamic
execution objectives. The approach consists of: (1) an on-
policy training algorithm to learn the collaborative manifold to
solve Eq. (7), and (2) an execution-time guidance mechanism
utilizing gradient projection to solve Eq. (6).

Eq. (7) can be solved by MAPPO to get an unguided policy
π∗
θ that maximizes the expected discounted reward. However,

while effective for unimodal Gaussian policies, MAPPO
struggles to represent the multi-modal action distributions
that arise in complex multi-robot interactions, where feasible
actions often lie in disjoint regions of the action space.
Furthermore, although gradient projection techniques such
as PCGrad [12] could theoretically be employed to balance
conflicting rewards during MAPPO training (though not well
explored in literature), they cannot be directly applied to resolve
conflicts during execution. Once trained, MAPPO policies are
fixed and generally lack the ability to adapt actions to new
objectives on the fly.

IV. APPROACH

We propose Collaborative Flow Policy Guidance (CFPG),
a principled approach that learns a robust multi-robot collab-
oration policy, which can then be used to optimize specific
and potentially conflicting execution-time objectives. CFPG
consists of learning a static policy πθ(a|o) that approximates
the manifold of valid collaborative joint actions and modifying
it during execution time to optimize the additional objectives.
By introducing a new MARL approach called Multi-Agent Flow
Policy Optimization (MAFPO), we train a flow matching model
as the policy backbone that can be modified during model
inference. CFPG leverages MAFPO’s learned velocity field vθ
to model the distribution of robot actions as a prerequisite
for additional optimization during guided generation. An
overview of the CFPG architecture is illustrated in Fig. 2. This
formulation treats the policy as a learnable velocity field, which
can be continuously steered during the inference process (ODE
integration) to minimize dynamic costs via gradient guidance,
while employing gradient projection techniques to resolve
conflicts between team-level and individual-level objectives.
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Fig. 2. CFPG trains a flow matching model within the MARL framework
using our novel multi-agent flow policy optimization. During execution, CFPG
enables training-free guided inference to optimize new objectives, modifying
the actions from the pretrained policy. To resolve conflicts among objectives,
hierarchical gradient projection is applied, first across execution objectives,
and then between the combined execution objective and the nominal objective.

A. Multi-Agent Flow Policy Optimization (MAFPO)

One of our primary novelties is Multi-Agent Flow Policy
Optimization (MAFPO), which explicitly addresses the theo-
retical limitations of unimodal action distributions in classical
MARL. By integrating flow matching into the MARL paradigm,
MAFPO learns decentralized flow-based policies πθi for each
robot while utilizing a centralized value function Vϕ(s) to
estimate advantages Ât based on the global state [9]. In
contrast to standard flow matching policies that rely on behavior
cloning from offline datasets, MAFPO is trained in a fully on-
policy manner, enabling the learning of robust, multi-modal
collaborative strategies without expert demonstrations. We
extend Flow Policy Optimization (FPO) [15] to multi-robot
collaboration, and similarly reframe policy optimization by
using the CFM objective as a surrogate for log-likelihood.
Specifically, we replace the probability ratio ρ(θ) = πθ(a

t|ot)
πθold (at|ot)

from MAPPO using the difference in flow matching losses:

ρMAFPO(θ) = exp
(
LCFM(θold;at,ot)− LCFM(θ;at,ot)

)
(8)

where LCFM is the flow matching loss evaluated at the sampled
action, and θold are the weights of the policy in the previous
iteration.

While this ratio is used in the standard PPO-clip objective,
the clipping mechanism can still diverge and may also be
restrictive for the complex, multi-modal distributions learned
in multi-robot collaboration. To address this, we adopt Simple
Policy Optimization (SPO) [20], which replaces hard clipping
with a soft Kullback-Leibler (KL) divergence regularization.
We generalize SPO to the multi-robot setting by optimizing
the joint policy via individual updates. The resulting MAFPO
objective for robot i is:

LMAFPO(θi) = −Ê

[
ρMAFPO(θi)Â

t − |Ât|
2ϵ

[ρMAFPO(θi)− 1]2

]
(9)

where the probability ratio ρMAFPO(θi) is computed per robot i
using the flow matching loss difference LCFM(θold

i )−LCFM(θi).
This formulation allows MAFPO to learn robust, multi-modal

collaborative policies in a stable manner without requiring of-
fline datasets or expert demonstrations. By independently using
local observations and learning individual action multimodality,
the robots implicitly learn coherent multimodal joint actions.

Proposition 1 (MAFPO Surrogate Consistency). Minimizing
the MAFPO surrogate objective LMAFPO(θi) yields a pol-
icy update direction that maximizes the advantage-weighted
Evidence Lower Bound (ELBO). Specifically, ∇θiLMAFPO =
−E[Ât∇θiELBO(ai|oi)]. Because the ELBO is a variational
lower bound on the log-likelihood, this update approximately
maximizes the expected joint return J(θ).

Proof. See the Supplementary Material.

B. Execution-Time Guided Inference

In order to solve the challenge of optimizing new execution-
time objectives, we propose to use guidance on the trained
MAFPO policies. While guidance has been explored for single-
agent diffusion, we extend this to multi-agent flow policies,
enabling the novel capability of modifying collaborative strate-
gies on-the-fly without retraining. Once trained, πθ represents
the distribution of valid collaborative actions that optimize
Jnom. At execution time, we aim to steer this distribution
towards actions that minimize the dynamic execution costs
defined by J exec(a) =

∑M
m=1 λmJ exec

m (a), where λ ∈ RM is
the preference vector.

We leverage the flexibility of flow matching to modify the
generation process by introducing a guidance term to the
velocity field that steers the flow toward low-cost regions.
The guided ordinary differential equation (ODE) is given by:

daτ
dτ

= vθ(aτ )− η∇aτJ
exec(â(aτ , τ)) (10)

where â is an estimator function of aτ=1 given by â(aτ , τ) =
aτ + (1 − τ)vθ(aτ , τ |o) under the optimal transport path
assumption employed in MAFPO. Note that the optimal joint
actions are conditioned on the local observations o. Here, η
is the guidance scale, which can also subsume the magnitude
of the preference vector λ within J exec. The input to the cost
function is â(aτ , τ) because the execution costs are defined on
the action distribution at τ = 1 (i.e., aτ=1), which corresponds
to valid physical control commands. On the other hand, the
intermediate states aτ are noisy interpolations that lack physical
semantic meaning; evaluating costs directly on aτ would be
ill-defined. Therefore, we must estimate the terminal action
from the current state aτ to evaluate the cost. The guidance
gradient is then computed via chain rule through the estimator
â:

∇aτJ
exec(â(aτ , τ)) = (∇aτ â(aτ ))

⊤ ∇âτ=1
J exec(â(aτ , τ))

(11)

Inspired by other theoretical works [21], [22] on diffusion
and flow matching, we prove a theorem on the execution-time
guided flow regularized optimization for multi-robot systems.
This guidance mechanism ensures that the generated actions
approximately optimize the execution-time objectives using its



gradients while being regularized by the underlying probability
flow during the ODE solution steps.

Theorem 1 (Guided Flow Regularized Optimization). The
guided velocity field, defined by:

ṽτ = vθ(aτ , τ)− η∇aτ
J exec(â(aτ , τ)) (12)

generates trajectories that approximate the descent direction
of a time-dependent regularized objective:

Lτ (aτ ) = J exec(â(aτ , τ))−
1

η
log pτ (aτ ) (13)

where pτ represents the flow-induced marginal density and η
is the guidance scale.

Proof. See the Supplementary Material.
Theorem 1 implies that the guidance optimizes the execution

cost projected from the terminal state, regularized by the
likelihood of the collaborative manifold. This formulation
identifies ṽτ as the negative gradient flow of the potential
function Lτ (aτ ). The term J exec(â(aτ , τ)) drives the system
toward states that map to low-cost terminal actions, while the
term − 1

η log pτ (aτ ) acts as a regularizer. This regularization
penalizes deviations from the high-likelihood regions of the
learned collaborative policy, ensuring that the optimization of
J exec remains on the valid collaboration manifold.

C. Conflict Resolution via Hierarchical Gradient Projection

We aim to apply guided inference over multiple execution-
time objective functions defined by {J exec

m }Mm=1. A fundamental
challenge in multi-objective guidance is the occurrence of
gradient conflicts, where the optimization direction of one
objective opposes that of another. In our approach, such con-
flicts arise at two distinct levels: (1) among the execution-time
objectives, and (2) between the aggregated execution guidance
J exec and the nominal objective Jnom. Naive summation of
corresponding gradients can lead to destructive interference,
resulting in trajectories that either violate team collaboration
or fail to satisfy individual constraints. To robustly handle
these conflicts, we propose a hierarchical gradient projection
mechanism inspired by PCGrad [12] and FCGrad [14].

1) Harmonizing Execution Objectives: We resolve conflicts
among the M execution objectives to ensure coherent guidance.
Let G = {gm}Mm=1 be the set of descent directions for each
execution objective, where gm = −∇aτ

J exec
m (â(aτ , τ)). We

seek a modified set of gradients {g̃m}Mm=1 that minimizes
destructive interference. For each gradient gm, we iteratively
project it onto the normal plane of any conflicting gradient gn

(where g⊤
mgn < 0) sampled from G:

g̃m = gm − g⊤
mgn

∥gn∥2
gn ∀gn s.t. g⊤

mgn < 0 (14)

This procedure harmonizes the execution objectives, yielding
a consolidated guidance vector gexec =

∑M
m=1 λmg̃m.

Proposition 2 (Pareto Descent of Execution Objectives). The
harmonized execution gradient gexec derived through iterative
projection lies within the intersection of the descent cones of the

individual objectives {J exec
m }Mm=1, provided such an intersection

exists. Consequently, an update along gexec does not increase
any individual cost J exec

m locally.

Proof. See the Supplementary Material.
This mechanism ensures that the optimization process does

not trade off one objective for another but rather seeks a
solution that respects all constraints simultaneously. Intuitively,
if one objective requires moving forward and another right,
the harmonized gradient will point forward-right. If they
require forward and backward, the projection will find a
neutral direction (i.e., in this case, no motion) rather than
oscillating, thereby preventing an increase in the cost of
individual objectives.

2) Manifold-Consistent Guidance: Next, we ensure that the
execution guidance does not degrade the nominal collaborative
policy. The learned velocity field vθ(aτ , τ) implicitly encodes
the manifold of valid collaborative actions (which follows
Jnom). To strictly prioritize the learned collaboration structure,
we define the nominal gradient gnom = vθ(aτ , τ) as the
primary objective. We assess the alignment between the
nominal gradient and the guidance using their inner product
ρ = gexec⊤gnom. If ρ < 0, indicating a conflict where the
guidance opposes the collaborative flow, we project gexec onto
the orthogonal complement of gnom:

gexec⊥ = gexec − gexec⊤gnom

∥gnom∥2
gnom (15)

This projection ensures that the guidance term preserves team
collaboration while locally optimizing dynamic constraints.

Proposition 3 (Non-Destructive Projection of Execution Guid-
ance to the Collaborative Manifold). Let gnom = vθ(aτ , τ)
be the nominal velocity field and gexec be the harmonized
execution descent direction. The effective update direction
d = daτ

dτ = gnom + gexec⊥, where gexec⊥ is the projection
of gexec with respect to gnom, satisfies ⟨d,gnom⟩ ≥ ∥gnom∥2.

Proof. See the Supplementary Material.
A key theoretical novelty of our approach is the guarantee

that execution-time interventions are non-destructive with
respect to the learned collaboration manifold. Unlike naive
addition of gradients which can disrupt the delicate collabora-
tion learned by the pretrained policy, our projection ensures that
any modification aligns with the original nominal objective
represented by the velocity field. Proposition 3 shows the
guarantee that the execution-time optimization never reduces
the alignment with the nominal collaborative flow, thereby
preserving the learned coordination structure. It also shows
that the guidance can operate strictly in the null space of the
nominal velocity field as necessary.

V. EXPERIMENTS

A. Experimental Setup

We train and evaluate N omnidirectional robots in a 2D
physics-based environment, where each robot is controlled via
continuous 2D force vectors. Across multiple environments, we



TABLE I
OVERVIEW OF VMAS ENVIRONMENTS, OBJECTIVES, AND EVALUATION

METRICS.

Environment Objective Metric (unit)

Navigation
N: Navigation Navigation Success (%)
E: Speed Limit Speeding Violation (%)
E: Safety Margin Margin Violation (%)

Balance
N: Payload Transportation Payload Distance (m)
E: Spatial Order Order Violation (%)
E: Inter-robot spacing Spacing Stddev (m)

Sampling
N: Sample Gathering Mean Samples (#)
E: Geofencing Geofencing Violation (%)
E: Clustering Cluster RMSE (m)

N: nominal objective; E: execution objective.

define two types of objectives: a nominal objective, optimized
during training to learn a base policy, and two execution
objectives, which represent novel goals introduced only at test
time via the cost functions J exec (Section IV-B). Performance
is evaluated based on whether the nominal objective is satisfied
simultaneously with both execution objectives, requiring meth-
ods to jointly optimize all three objectives during execution. We
describe the baselines, environments, objectives, and evaluation
metrics below, with additional experimental details provided
in the Supplementary Material.
Baselines. To validate the efficacy of CFPG, we compare
against baseline approaches that use MAPPO to train a base
policy; however, these policies are typically already fixed
during execution and cannot be modified. To equip these
baselines with the ability to handle execution objectives unseen
during training, we integrate them with projected gradient
descent (PGD) [23], [24] and shielding (SHLD) [25], [26],
two techniques primarily used in other related fields, such as
adversarial machine learning and safe reinforcement learning,
respectively, to post-process action predictions. MAPPO+PGD
applies PGD by projecting the MAPPO-predicted action to
its local neighborhood that minimizes execution costs J exec

using gradient descent. MAPPO+SHLD restricts the MAPPO
predicted action onto a safe set to strictly enforce safety
requirements. For this baseline, we repurpose shielding safety
constraints to instead adapt to execution objectives. To further
highlight the fundamental difference in our problem setting,
we also introduce PC-MAPPO, a preference-conditioned
multi-objective RL algorithm adapted to MAPPO. Unlike
CFPG which addresses training-free execution-time adaptation
to previously unseen constraints, PC-MAPPO requires the
execution objectives to be pre-defined and optimized during
the training phase. Finally, we include an ablation of our
method, CFPG (No HGP), which removes the Hierarchical
Gradient Projection to isolate its effect on resolving conflicts
between the nominal and execution objectives.
Environments, Objectives, and Metrics. We evaluate per-
formance across three challenging environments implemented
in the Vectorized Multi-Agent Simulator (VMAS) [27]. Each
environment is defined by one nominal objective that specifies
the primary task to be accomplished, along with two execution
objectives that introduce additional behavioral constraints or

preferences during execution. To assess the flexibility and
adaptability of the methods, we consider both individual-level
execution objectives, which apply to each agent separately, and
team-level execution objectives, which require coordinated
group behavior. For each environment, we further design
objective-specific evaluation metrics that directly quantify the
ability of different methods to optimize the corresponding
objectives, enabling a fine-grained comparison across distinct
behavioral criteria. Table I provides an overview of the
correspondence between environments, nominal and execution
objectives, and their associated evaluation metrics.
Navigation. The nominal objective is the navigation of

N robots to N corresponding goal locations while avoiding
collisions within a time limit. Its navigation success metric
is the percentage of episodes where all robots reach their
assigned goals without any inter-robot collisions. We define
two execution objectives and their corresponding metrics. (1)
Speed limit (individual) restricts each robot’s velocity as a
safety constraint. Its speeding violation metric measures the
percentage of time steps a robot’s velocity exceeds a predefined
threshold. (2) Safety margin (team) requires a minimum inter-
robot separation distance as an additional safety constraint. Its
margin failure metric measures the percentage of time steps
where inter-robot distance is below a predefined threshold.
Balance. The nominal objective is the payload transporta-

tion of N robots to a target zone within a time limit; gravity
acts on the payload, requiring constant coordinated force for
balance. Its payload distance metric is the mean distance of the
payload (meters) from the target location. We also define two
execution objectives with corresponding metrics. (1) Spatial
order (individual) constrains the robot formation to a specific x-
axis ordering (e.g., x1 < x2 < x3 < x4) to facilitate scanning.
Its order violation metric measures the percentage of episodes
where the predefined spatial ordering of robots is violated.
(2) Inter-robot spacing (team) constrains the distance between
a robot and its closest neighbor. Its spacing stddev metric
measures the standard deviation (meters) of the inter-robot
distances at the end of all episodes.
Sampling. The nominal objective is the sample gathering

of N robots within an environment and within a time limit; the
samples are spatially distributed with three distinct peaks. Its
mean samples metric is the average number of samples gathered
by the robot team. Two execution objectives are defined with
corresponding metrics. (1) Geofencing (individual) prohibits
robots to enter an “avoid” zone. Its geofencing violation metric
measures the percentage of time steps any robot is within the
avoid zone. (2) Clustering (team) requires robots to stay within
a defined radius of the team centroid to facilitate flocking.
Its cluster RMSE metric measures the root mean square error
(meters) between the team’s actual cluster radius and a target
cluster radius. Here, the cluster radius is defined as the average
distance of each robot to the team centroid.
Multi-Objective Success Rate. Since execution objectives may
conflict with each other and the nominal objective, the goal is
for each method to find a balance that satisfies all objectives to
the extent possible. To clearly facilitate comparison among the



TABLE II
QUANTITATIVE COMPARISON OF EXECUTION-TIME ADAPTATION METRICS ACROSS THREE MULTI-ROBOT ENVIRONMENTS.

Method
Navigation Balance Sampling

Navigation Speeding Margin Payload Order Spacing Mean Geofencing Cluster
Success (%) ↑Violation (%) ↓Violation (%) ↓ Dist. (cm) ↓ Violation (%) ↓StdDev (cm) ↓ Samples ↑ Violation (%) ↓RMSE (cm) ↓

MAPPO+PGD 89.70±1.15 0.03±0.01 33.54±1.43 82.19±4.78 67.30±2.45 26.58±3.62 124.37±0.93 33.13±2.31 14.62±0.24
MAPPO+SHLD 47.90±2.68 0.00±0.00 1.30±0.07 121.93±3.22 47.40±1.21 12.49±0.24 90.42±1.45 14.20±0.38 9.08±0.34
CFPG (Ours) 92.90±2.01 0.00±0.00 4.54±0.19 60.77±2.27 25.06±2.49 19.05±1.17 98.51±2.41 13.36±1.44 8.64±0.32

Shaded and clear cells indicate metrics for nominal and execution objectives, respectively. ↑ higher is better, ↓ lower is better, best results in bold.

TABLE III
MULTI-OBJECTIVE SUCCESS RATE ACROSS ENVIRONMENTS.

Method Navigation (%) ↑ Balance (%) ↑ Sampling (%) ↑
MAPPO+PGD 59.64±0.82 1.30±0.97 50.80±3.35

MAPPO+SHLD 47.32±2.62 3.60±0.42 60.20±2.41
PC-MAPPO 76.24±1.10 0.00±0.00 24.50±3.00

CFPG (No HGP) 89.14±1.13 35.10±3.15 61.20±1.86
CFPG (Ours) 88.71±1.82 38.20±2.68 71.00±0.94

methods across all objectives, we define a unified metric for
overall success: the multi-objective success rate. This metric
measures the percentage of episodes where all of the objectives,
including the nominal objective and all execution objectives, are
simultaneously satisfied. Consequently, a high multi-objective
success rate indicates a method’s ability to effectively balance
all objectives concurrently.

B. Results on Vectorized Multi-Agent Simulator

Quantitative Results and Statistical Significance. We present
quantitative results in Table II reporting standard deviations
over 5 seeds. In the Navigation environment, CFPG achieves the
highest navigation success rate and ties for the best performance
in minimizing speeding violations. While MAPPO+SHLD
achieves a lower margin violation rate compared to CFPG,
it results in a much lower navigation success rate, likely due
to the overly strict enforcement of safety constraints. Similarly,
in Balance, CFPG achieves the best payload distance and
spatial order violation. In Sampling, CFPG achieves the lowest
geofencing violation rate and cluster RMSE.
Conflict Resolution among Nominal and Execution Objec-
tives. We further evaluate the ability of the methods to satisfy
all three objectives simultaneously using the multi-objective
success rate, as shown in Table III. Here, it is much clearer that
CFPG significantly outperforms both baselines across all envi-
ronments. Of particular note is the Balance environment, where
achieving the specific spatial ordering of robots is an extremely
challenging task to complete during execution time alone. This
difficulty leads to very low success rates for the MAPPO+PGD
and MAPPO+SHLD baselines. In contrast, CFPG achieves a
significantly higher success rate, demonstrating its superior
ability to balance and satisfy multiple conflicting objectives
during execution. Using Welch’s t-test, CFPG significantly
outperforms baselines (MAPPO+PGD, MAPPO+SHLD, PC-
MAPPO) in multi-objective success rate across Navigation
(p=[8.8e-7, 6.9e-8, 3.5e-5]), Balance (p=[5.2e-6, 3.5e-5, 3.5e-
5]), and Sampling (p=[4.9e-4, 1.2e-3, 4.8e-6]). In our ablation,
CFPG outperforms [No HGP] in Balance (p=6.67e-2) and Sam-

pling (p=2.38e-5) while maintaining equivalent performance in
Navigation using Two One-Sided Tests (TOST) for equivalence
(p=1.15e-3).
Execution-Time Guided Inference. We qualitatively demon-
strate CFPG’s adaptation to execution-time objectives in Fig. 3.
In Navigation (Fig. 3a), robots navigate to their corresponding
goal positions while actively adjusting trajectories (e.g., at
t = 1.7s and t = 3.4s) to maintain safety margins and adhere
to speed limits. In Balance (Fig. 3b), starting from a default
configuration (Red-Orange-Yellow-Green-Blue), the robots
transport the payload to its target position while coordinating
their actions to keep a specified inter-robot spacing and to
establish the specified spatial order (Orange-Red-Green-Yellow-
Blue) by t = 12.3s. In Sampling (Fig. 3c), the robots collect
samples from the high probability regions while forming a
tight cluster with a specified radius (starting at t = 1.9s)
and coordinating their motions to avoid the geofenced zone
visualized by the red circle.

C. Results on High-Fidelity Multi-Robot Simulations

To intuitively demonstrate our CFPG approach, we perform
a case study in a high-fidelity Unity simulation environment
using Clearpath Husky robots running Robot Operating System
1 (ROS1). The robots are tasked with the Navigation scenario,
where they must reach their assigned goals while avoiding
collisions with other robots (no static obstacles are present). In
addition to the nominal navigation objective, we also impose
the same execution objectives (speed limit and safety margin)
as constraints during inference. Additional experimental details
are provided in the Supplementary Material. The qualitative
results are demonstrated in Fig. 4. We can observe that the
robots successfully navigate towards their goals while avoiding
collisions with other robots. The robots actively adjust their
paths in real-time to satisfy the safety constraints, resulting in
smooth and efficient trajectories.

D. Validation on Physical Robot Teams

We further validate CFPG on a physical multi-robot system
comprising AgileX LIMO robots running ROS2. The robots
are similarly tasked with the Navigation objective in a real-
world indoor setting without static obstacles, subject to the
same execution objectives of speed limit and safety margin. We
visualize the navigation scenario by creating a mixed-reality
setup using an overhead projector mounted to the ceiling for
real-time visualization, and use an OptiTrack motion capture
system to retrieve robot pose information. Fig. 5 illustrates the
execution of the policy. We observe the robots coordinating
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Fig. 3. The qualitative results demonstrate CFPG’s ability to add new objectives during execution across the environments of (a) Navigation, where circles
represent robots and the corresponding squares represent their goal locations; (b) Balance, where the smaller circles under the line represent robots, while the
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red circle is the geofenced zone, and the background, ranging from blue to yellow, visualizes the relative spatial distribution of samples in the field, with
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Fig. 4. Qualitative results from high-fidelity simulations rendered in Unity using Clearpath Husky robots running on ROS1.

Fig. 5. Qualitative results from real-world experiments using LIMO robots operating fully autonomously under ROS 2 with Wi-Fi-based communication.

their motion to reach their respective targets without collision.
CFPG effectively guides the robots to complete the task
while satisfying the execution constraints, demonstrating its
robustness and applicability to physical systems.

E. Discussion

Guidance Sensitivity. We analyzed the performance of CFPG
with respect to the guidance strength η (Fig. 6). Zero guidance
results in low success rates as the policy fails to satisfy new
execution constraints. Conversely, excessively high guidance
pulls the robots too far from the learned collaborative manifold,
leading to reduced nominal task performance. This highlights
the importance of selecting an appropriate guidance scale to
balance both objectives.
Runtime Analysis. To evaluate computational feasibility, we
analyzed the number of ODE solver steps T versus performance
and latency (Fig. 7). CFPG achieves real-time execution (>

10Hz) on embedded hardware (NVIDIA Jetson Orin Nano,
CPU) with T = 10 steps, demonstrating that high-quality flow
generation can be performed within strict latency budgets.
Scalability. The execution-time complexity of CFPG is O(T ·
(M ·K+M2)), where T is the number of ODE steps, M is the
number of execution objectives, and K ≤ N is the number of
communicating neighbors. This complexity scales linearly with
T and the neighborhood size K, making it computationally
scalable to larger multi-robot teams.

VI. RELATED WORK

A. Multi-Objective Multi-Agent Reinforcement Learning

Multi-Agent Reinforcement Learning (MARL) extends re-
inforcement learning to systems where multiple agents must
coordinate to achieve shared or individual goals. While standard
MARL algorithms like MAPPO [9] and QMIX [28] optimize
scalar rewards, Multi-Objective MARL addresses conflicting
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Fig. 6. Hyperparameter sensitivity analysis of the guidance scale (η). Moderate guidance balances execution success without degrading nominal performance.
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goals using scalarization [10], [11] or Pareto approximation
[29]. Specific approaches explore reward decomposition [30],
social dilemmas [31], [32], and safety constraints [33], [34].
To mitigate optimization interference, gradient manipulation
techniques like PCGrad [12], CAGrad [35], GradNorm [36],
and MGDA [37] have been adapted to align multi-agent
incentives [13] and ensure fairness [14]. However, these
methods typically pre-define preferences into fixed policies
during training, preventing adaptation to dynamic execution-
time constraints. Our work overcomes this by decoupling
collaboration learning from execution-time optimization using
guided flow matching, with the added benefit of being able to
learn multi-modal action distributions.

B. Diffusion Policy and Flow Matching

Generative models like diffusion [38]–[41] and flow match-
ing [18], [19] have transformed robotics by capturing complex,
multi-modal distributions. While diffusion models typically
employ denoising score matching, diffusion policy [42]–[44]
leverages them for imitation learning, surpassing reinforce-
ment policy-based approaches. Flow matching shares these
generative strengths but offers faster, simulation-free training
and deterministic inference without complex noise schedulers.
Recent works apply flow matching to control [15], [45]–[48]
and utilize guidance [21], [22], [49]–[52] for steering outputs.
However, existing methods are difficult to apply to multi-robot
teams due to the reliance on offline datasets (which are difficult
to collect especially for increasing number of robots) and lack
conflict resolution for multiple objectives at execution time.
Our approach bridges this by training multi-agent flow policies
in a fully online and on-policy manner, and by introducing
hierarchical gradient projection for execution-time conflict-
aware guidance.

VII. CONCLUSION

We presented Collaborative Flow Policy Guidance (CFPG), a
novel approach for learning multi-robot collaboration strategies
that optimize a nominal objective and achieve adaptation to
new execution objectives in a fully training-free manner. By
introducing Multi-Agent Flow Policy Optimization (MAFPO),
we showed that on-policy flow matching models can effectively
capture the multimodal action distributions inherent in multi-
robot collaboration. Furthermore, CFPG enables the direct
optimization of previously unseen execution objectives during
inference by leveraging the guidance property of flow match-
ing, without requiring additional training. To balance new
execution objectives with the nominal objective, we introduced
a hierarchical gradient projection mechanism that resolves
gradient conflicts during guidance. In addition, we provided
theoretical analysis and proofs for CFPG and validated our
approach empirically. Experimental results demonstrate that
CFPG achieves superior performance and robustness across
multiple multi-robot simulation environments, outperforming
state-of-the-art baselines in adapting to dynamic execution-time
requirements. CFPG currently assumes homogeneous agents
and robots with full communication and pose observations
in 2D environments. Future work includes extending CFPG
to collaborative teams of heterogeneous robots, supporting
varying communication topologies for real-world multi-robot
deployment, and scaling to more complex tasks in unstructured
3D environments.
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