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Fig. 1: Two agents using Def-MARL to safely and collaboratively inspect a moving target. We propose a novel safe
MARL algorithm, Def-MARL, that solves the multi-agent safe optimal control problem. Def-MARL translates the original
problem to its epigraph form to avoid unstable training and extends the epigraph form to the CTDE paradigm for distributed
execution. (a): Long exposure photo of the trajectories of the drones. The trajectory of the target is shown in green and that
of the agents is shown in blue. (b)-(i): Snapshots of the agents’ policy. Using De f-MARL, the agents learn to collaborate to
maintain visual contact with the target at all times, with each agent being responsible only when the target is on their side.

Abstract—Tasks for multi-robot systems often require the
robots to collaborate and complete a team goal while maintaining
safety. This problem is usually formalized as a constrained
Markov decision process (CMDP), which targets minimizing
a global cost and bringing the mean of constraint violation
below a user-defined threshold. Inspired by real-world robotic
applications, we define safety as zero constraint violation. While
many safe multi-agent reinforcement learning (MARL) algo-
rithms have been proposed to solve CMDPs, these algorithms
suffer from unstable training in this setting. To tackle this, we
use the epigraph form for constrained optimization to improve
training stability and prove that the centralized epigraph form
problem can be solved in a distributed fashion by each agent.
This results in a novel centralized training distributed execution
MARL algorithm named Def-MARL. Simulation experiments
on 8 different tasks across 2 different simulators show that
Def-MARL achieves the best overall performance, satisfies safety
constraints, and maintains stable training. Real-world hardware
experiments on Crazyflie quadcopters demonstrate the ability
of Def-MARL to safely coordinate agents to complete complex
collaborative tasks compared to other methods.'

1. INTRODUCTION

Multi-agent systems (MAS) play an integral role in our
aspirations for a more convenient future with examples such
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as autonomous warehouse operations [37], large-scale au-
tonomous package delivery [45], and traffic routing [76].
These tasks often require designing distributed policies for
agents to complete a team goal collaboratively while main-
taining safety. To construct distributed policies, multi-agent
reinforcement learning (MARL) under the centralized train-
ing distributed execution (CTDE) paradigm [84, 25] has
emerged as an attractive method. To incorporate the safety
constraints, most MARL algorithms either choose to carefully
design their objective function to incorporate soft constraints
[69, 58, 79, 74, 54, 57], or model the problem using the
constrained Markov decision process (CMDP) [3], which
asks for the mean constraint violation to stay below a user-
defined threshold [32, 38, 18, 41, 26, 90]. However, real-world
robotic applications always require zero constraint violation.
While this can be addressed by setting the constraint violation
threshold to zero in the CMDP, in this setting the popular
Lagrangian methods experience training instabilities which
result in sharp drops in performance during training, and non-
convergence or convergence to poor policies [66, 35, 24, 36].

These concerns have been identified recently, resulting in a
series of works that enforce hard constraints [82, 89, 66, 24,
86] using techniques inspired by Hamilton-Jacobi reachability
[71, 44, 49, 46, 5] in deep reinforcement learning (RL) for
the single-agent case and have been shown to improve safety



compared to other safe RL approaches significantly. However,
to the best of our knowledge, theories and algorithms for safe
RL are still lacking for the multi-agent scenario, especially
when policies are executed in a distributed manner. While
single-agent RL methods can be directly applied to the MARL
setting by treating the MAS as a centralized single agent, the
joint action space grows exponentially with the number of
agents, preventing these algorithms from scaling to scenarios
with a large number of agents [33, 69, 23].

To tackle the problem of zero constraint violation in multi-
agent scenarios with distributed policies® while achieving high
collaborative performance, we propose Distributed epigraph
form MARL (Def-MARL) (Fig. 1). Instead of considering
the CMDP setting, De £ -MARL directly tackles the multi-agent
safe optimal control problem (MASOCP), whose solution
satisfies zero constraint violation. To solve the MASOCP,
Def-MARL uses the epigraph form technique [10], which
has previously been shown to yield better policies compared
to Lagrangian methods in the single-agent setting [66]. To
adapt to the multi-agent setting we consider in this work, we
prove that the centralized epigraph form of MASOCP can be
solved in a distributed fashion by each agent. Using this result,
Def-MARL falls under the CTDE paradigm.

We validate Def-MARL using 8 different tasks from 2
different simulators, multi-particle environments (MPE) [40]
and Safe Multi-agent MulJoCo [32], with varying numbers
of agents, and compare its performance with existing safe
MARL algorithms using the penalty and Lagrangian methods.
The results suggest that De £ -MARL achieves the best perfor-
mance while satisfying safety: it is as safe as conservative
baselines that achieve high safety but sacrifice performance,
while matching the performance of unsafe baselines that
sacrifice safety for high performance. In addition, while the
baseline methods require different choices of hyperparam-
eters to perform well in different environments and suffer
from unstable training because of zero constraint violation
threshold, Def-MARL is stable in training using the same
hyperparameters across all environments, indicative of the
algorithm’s robustness to environmental changes.

We also perform real-world hardware experiments using
the Crazyflie (CF) drones [27] on two complex collaborative
tasks and compare Def-MARL with both centralized and
decentralized model predictive control (MPC) methods [29].
The results indicate that Def-MARL finishes the tasks with
100% safety rates and success rates, while the MPC methods
get stuck in local minima or have unsafe behaviors.

To summarize, our contributions are presented below:

o Drawing on prior work that addresses the training in-
stability of Lagrangian methods in the zero-constraint
violation setting, we extend the epigraph form method
from single-agent RL to MARL, improving upon the
training instability of existing MARL algorithms.

’In this paper, the policies are distributed if each agent makes decisions
using local information/sensor data and information received via message
passing with other agents [25], although this setting is sometimes called
“decentralized” in MARL [83].

« We present theoretical results showing that the outer prob-
lem of the epigraph form can be decomposed and solved
in a distributed manner during online execution. This
allows Def-MARL to fall under the CTDE paradigm.

« We illustrate through extensive simulations that, without
any hyperparameter tuning, Def-MARL achieves stable
training and is as safe as the most conservative baseline
while simultaneously being as performant as the most
aggressive baseline across all environments.

« We demonstrate on Crazyflie drones in hardware that
Def-MARL can safely coordinate agents to complete
complex collaborative tasks. Def-MARL performs the
task better than centralized/decentralized MPC methods
and does not get stuck in suboptimal local minima or
exhibit unsafe behaviors.

II. RELATED WORK

Unconstrained MARL. Early works that approach the
problem of safety for MARL focus on navigation problems
and collision avoidance [14, 13, 21, 64], where safety is
achieved by a sparse collision penalty [39], or a shaped
reward penalizing getting close to obstacles and neighboring
agents [14, 13, 21, 64]. However, adding a penalty to the
reward function changes the original objective function, so the
resulting policy may not be optimal for the original constraint
optimization problem. In addition, the satisfaction of collision
avoidance constraints is not necessarily guaranteed by even
the optimal policy [47, 21, 39].

Shielding for Safe MARL. One popular method that
provides safety to learning-based methods is using shielding
or a safety filter [25]. Here, an unconstrained learning method
is paired with a shield or safety filter using techniques such
as predictive safety filters [88, 50], control barrier functions
[11, 55], or automata [19, 77, 48, 7]. Such shields are often
constructed before the learning begins and are used to modify
either the feasible actions or the output of the learned policy
to maintain safety. One benefit is that safety can be guar-
anteed during both training and deployment since the shield
is constructed before training. However, they require domain
expertise to build a valid shield, which can be challenging in
the single-agent setting and even more difficult for MAS [25].
Other methods can automatically synthesize shields but face
scalability challenges [48, 20]. Another drawback is that the
policy after shielding might not consider the same objective
as the original policy and may result in noncollaborative
behaviors or deadlocks [56, 85, 87].

Constrained MARL. In contrast to unconstrained MARL
methods, which change the constraint optimization problem
to an unconstrained problem, constrained MARL methods
explicitly solve the CMDP problem. For the single-agent
case, prominent methods for solving CMDPs include primal
methods [78], primal-dual methods using Lagrange multipliers
[8, 70, 35, 36], and trust-region-based approaches [1, 35].
These methods provide guarantees either in the form of asymp-
totic convergence guarantees to the optimal (safe) solution
[8, 70] using stochastic approximation theory [59, 9], or



recursive feasibility of intermediate policies [1, 60] using
ideas from trust region optimization [61]. The survey [31]
provides an overview of the different methods of solving
safety-constrained single-agent RL. In multi-agent cases, how-
ever, the problem becomes more difficult because of the non-
stationary behavior of other agents, and similar approaches
have been presented only recently [32, 38, 18, 41, 26, 90, 15].
However, the CMDP setting they handle makes it difficult
for them to handle hard constraints, and results in poor
performance with zero constraint violation threshold [24].

Model predictive control. Distributed MPC methods
have been proposed to handle MAS, incorporating multi-agent
path planning, machine learning, and distributed optimization
[75, 72, 92, 22, 42, 16, 52]. However, the solution quality of
nonlinear optimizers used to solve MPC when the objective
function and constraints are nonlinear highly depends on
the initial guess [73, 29]. Moreover, the real-time nonlinear
optimizers typically require access to (accurate) first and
second-order derivatives [53, 29], which present challenges
when trying to solve tasks that have non-differentiable or
discontinuous cost functions and constraints such as the ones
we consider in this work.

III. PROBLEM SETTING AND PRELIMINARIES
A. Multi-agent safe optimal control problem

We consider the multi-agent safe optimal control problem
(MASOCP) as defined below. Consider a homogeneous MAS
with /N agents. At time step &, the global state and control
input are given by z* ¢ X C R” and v* ¢ U C R™,
respectively. The global control vector is defined by concate-
nation u* = [u¥; ... ;uk], where u¥ € U4; is the control input
of agent i. We consider the general nonlinear discrete-time
dynamics for the MAS:
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where [ : & x U — X is the global dynamics function. We
consider the partially observable setting, where each agent has
a limited communication radius R > 0 and can only commu-
nicate with other agents or observe the environment within its
communication region. Denote of = O,(z*) € O C R™ as
the vector of the information observed by agent 7 at the time
step k, where O; : X — O is an encoding function of the
information shared from neighbors of agent 7 and the observed
data of the environment. We allow multi-hop communication
between agents, so an agent may communicate with another
agent outside its communication region if a communication
path exists between them.

Let the avoid/unsafe set of agent i be A; = {0; € O :
hi(0;) > 0}, for some function h; : @ — R. The global
avoid set is then defined as A = {z € X : h(z) > 0},
where h(z) = max; h;(0;) = max; h;(O;(z)). In other words,
i, s.t. 0; € A; <= =z € A. Given a global cost function { :
X xU — R describing the task for the agents to accomplish?,

3The cost function [ is not the cost in CMDP. Rather, it corresponds to the
negation of the reward in CMDP.

we aim to find distributed control policies 7; : O — U; such
that starting from any given initial states 0 ¢ A, the policies
keep the agents outside the avoid set A and minimize the
infinite horizon cost. In other words, denoting m : X — U
as the joint policy such that w(x) = [r1(01);...;7n(0n)] =
[71(01(x)); ... ;7 (On ()], we aim to solve the following
infinite-horizon MASOCP for a given initial state z°:

min

0 Y UG
mho 15

s.t. hi(04(z%)) <0, Vie{l,...,N},k >0, (2b)
R = f(aF w(2?)), k>0. (2c)

(2a)

Note that the safety constraint (2b) differs from the average
constraints considered in CMDPs [3]. Consequently, instead
of allowing safety violations to occur as long as the mean
constraint violation is below a threshold, this formulation
disallows any constraint violation. From hereon, we omit the
dynamics constraint (2¢) for conciseness.

B. Epigraph form

Existing methods are unable to solve (2) well. This has been
observed previously in the single-agent setting [82, 89, 66, 24].
We show later that the poor performance of methods that
tackle the CMDP setting to the constrained problem (2)
also translates to the multi-agent setting, as we observe a
similar phenomenon in our experiments (Section V). Namely,
although unconstrained MARL can be used to solve (2)
using the penalty method [51], this does not perform well
in practice, where a small penalty results in policies that
violate constraints, and a large penalty results in higher total
costs. The Lagrangian method [32] can solve the problem
theoretically, but it suffers from unstable training and has
poor performance in practice when the constraint violation
threshold is zero [66, 24]. In this section, we introduce a new
method of solving (2) that can mitigate the above problems
by extending prior work [66] to the multi-agent setting.

Given a constrained optimization problem with objective
function J (e.g., J = > pol(z*, m(2¥)) as in (2a)), and
constraints A (e.g., (2b)):

min J(7) st. h(m) <0, 3)
its epigraph form [10] is given as
min =z st. h(m) <0, J(r) <z, 4

where z € R is an auxiliary variable. In other words, we add
a constraint to enforce z as an upper bound of the cost J(7),
then minimize z. The solution to (4) is identical to the original
problem (3) [10]. Furthermore, (4) is equivalent [66] to

min z

mﬂin J. (7, z) = max{h(r), J(7) — 2} <0

(5a)

s.t. (5b)

As a result, the original constrained problem (3) is decom-
posed into the following two subproblems:



1) An unconstrained inner problem (5b), where, given an
arbitrary desired cost upper bound z, we find 7 such that
J.(r, z) is minimized, i.e., best satisfies the constraints
h<0and J < z.

2) A l-dimensional constrained outer problem (5a) over z,
which finds the smallest cost upper bound z such that z
is indeed a cost upper bound (J < z) and the constraints
of the original problem A(7) < 0 holds.

Comparison with the Lagrangian method. Another pop-
ular way to solve MASOCP (2) is the Lagrangian method [32].
However, it suffers from unstable training when considering
the zero constraint violation [66, 35] setting. More specifically,
this refers to the case with constraints >, c(z*) < 0 for
¢ X — Ry>( non-negative. Since 1 can be negative, we can
convert our problem setting (3) to the zero constraint violation
setting by taking c¢(x) == max{0, h(z)}. Then, (3) reads as

mﬂin J(m) ZmaX{O h(zM} <0. (6

The Lagrangian form of (6) is then

7+ A max{h(z*),0}, (7)

k=0

max min

naxml JA(W,)\) =J

where )\ is the Lagrangian multiplier and is updated with gradi-
ent ascent. However, & J\(m, ) = 352 ymax{h(z*),0} >
0, so A continuously increases and never decreases. As
2 Jx(m, ) scales linearly in A when h(z*) > 0 for some £,
a large value of A causes a large gradient w.r.t z, and makes
the training unstable. Note that for the epigraph form, since z
does not multiply with the cost function J but is added to J
in (5b), the gradient %JZ (7, z) does not scale with the value
of z resulting in more stable training. We validate this in our
experiments (Section V).

IV. DISTRIBUTED EPIGRAPH FORM MULTI-AGENT
REINFORCEMENT LEARNING

In this section, we propose the Distributed epigraph form
MARL (Def-MARL) algorithm to solve MASOCP (2) using
MARL. First, we transfer MASOCP (2) to its epigraph form
with an auxiliary variable z to model the desired cost upper
bound. The epigraph form includes an inner problem and
an outer problem. For distributed execution, we provide a
theoretical result that the outer problem can be solved distribu-
tively by each agent. This allows Def-MARL to fit the CTDE
paradigm, where in centralized training, the agents’ policies
are trained together given the desired cost upper bound z,
and in distributed execution, the agents distributively find the
smallest cost upper bound z that ensures safety.

A. Epigraph form for MASOCP

To rewrite MASOCP (2) into its epigraph form (5), we first
define the cost-value function V! for a joint policy 7 using
the standard optimal control notation [6]:

Vi w) = Zlﬂcw (8)

k>T

We also define the constraint-value function V* as the maxi-
mum constraint violation:
VMz";7) = max h(z"
k>T

) = max max h (o)

. N )
= maxmax h; (0] ) = max V" (o] ; ).
i k>7 i

Here, we interchange the max to define the local per-agent
functions V*(o7;7) = maxy> h;(oF). Each V/* uses only
the agent’s local observation and thus is distributed. We now
introduce the auxiliary variable z for the desired upper bound
of V!, allowing us to restate (2) concisely as

{mi}rvl Vi(z% ) st. Vizm) <0, (10)
Tifi=1
The epigraph form (5) of (10) then takes the form
min =z (11a)
s.t. {mm max { maxVh(oz;w),Vl(:ET;w) —z} <0.
=V {(z0,2;7m)
(11b)

By interpreting the left-hand side of (11b) as a new policy
optimization problem, we define the fotal value function V' as
the objective function to (11b). This can be simplified as

V(z™, z;7) ), Vl($7;7r) —z}
™), ViaT;m) — 2}

— mas{max V(o]
= max max{V;" (o] ; (12)
— max Vi(a", 27,

Again, we interchange the max to define V;(z7,z;7) =
max{V/*(o];7),Vi(z";7) — z} as the per-agent total value
function. Using this to rewrite (11) then yields

min z
z

(13a)

s.t.  minmax V;(z", z;7) <0.
kis K3

(13b)

This decomposes the original problem (2) into an uncon-
strained inner problem (13b) over policy 7 and a constrained
outer problem (13a) over z. During offline training, we solve
the inner problem (13b): for parameter z, find the optimal
policy 7 (-, z) to minimize V (x°, z; 7). Note that the optimal
policy of the inner problem depends on z. During execution,
we solve the outer problem (13a) online to get the mini-
mal z that satisfies constraint (13b). Using this z in the z-
conditioned policy 7(-,z) found in the inner problem gives
us the optimal policy for the overall epigraph form MASOCP
(EF-MASOCP).

To solve the inner problem (13b), the total value function V'
must be amenable to dynamic programming, which we show
in the following proposition.

Proposition I: Dynamic programming can be applied to
EF-MASOCP (13), resulting in

V(¥ 2% m) = max{h(z"), V(2" 22T 1)),
k

=2k 1(2F, w(2F)). (19

z
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Fig. 2: Def-MARL algorithm. Randomly sampled initial states and z° are used to collect trajectories in = and z using the
current policy 7. In the centralized training (orange blocks), distributed constraint-value functions V;* and policies m; and a
centralized cost-value function V! are jointly trained. During distributed execution (green blocks), the distributed V,* are used
to solve the outer problem (15b) to compute the optimal z;, which is used in each agent’s z-conditioned policy.

The proof of Proposition 1 is provided in Appendix A follow-
ing the proof of the single-agent version [66]. In other words,
for a given cost upper bound z*, the value function V at the
current state x* can be computed using the value function
at the next state %! but with a different cost upper bound
2Rl = 2k [(z* m(z*)) which itself is a function of z*. This
can be interpreted as a “dynamics” for the cost upper bound z.
Intuitively, if we wish to satisfy the upper bound z* but suffer
a cost [(x*, w(z*)), then the upper bound at the next time step
should be smaller by I(z*, 7(z*)) so that the total cost from
x* remains upper bounded by z*. Additional discussion on
Proposition 1 is provided in Appendix C.

Remark I (Effect of z on the learned policy): From (12),
for a fixed x and 7, observe that for z large enough (i.e.,
VY(z;7)—z is small enough), we have V (z, z; ) = V" (z; 7).
Consequently, taking a gradient step on V' (z,z;7) equals
taking a gradient step on V" (x;7), which reduces the con-
straint violation. Otherwise, V (z, z;7) = V!(x; 7) — 2. Taking
gradient steps on V(x,z;7) equals taking gradient steps on
V!(z; ), which reduces the total cost.

B. Solving the inner problem using MARL

Following So and Fan [66], we solve the inner problem
using centralized training with proximal policy optimization
(PPO) [63]. We use a graph neural network (GNN) backbone
for the z-conditioned policy mp(0;,2), cost-value function
V(zl)(gc,z), and the constraint-value function qu(oi,z) with
parameters 6, ¢, and 1, respectively. Note that other neural
network (NN) structures can be used as well. The implemen-
tation details are introduced in Appendix E.

Policy and value function updates. During centralized
training, the NNs are trained to solve the inner problem
(13b), i.e., for a randomly sampled z, find policy = (-, z) that
minimizes the total value function V (2%, z;m). We follow
MAPPO [80] to train the NNs. Specifically, when calculating

the advantage with the generated advantage estimation (GAE)
[62] for the i-th agent, A; [63], instead of using the cost func-
tion V' [80], we apply the decomposed total value function
maX{qu(oi, z), le) (x,z) — z}. We perform trajectory rollouts
following the dynamics for x (1) and z (14) using the learned
policy mg, starting from random sampled z° and 2°. After
collecting the trajectories, we train the cost-value function Vdf
and the constraint-value function V$ via regression and use
the PPO policy loss to update the z-conditioned policy mg.

C. Solving the outer problem during distributed execution

During execution, we solve the outer problem of EF-
MASOCEP (13) online. However, the outer problem is still cen-
tralized because the constraint (13b) requires the centralized
cost-value function V', To achieve a distributed policy during
execution, we introduce the following theoretical result:

Theorem 1: Assume no two unique values of z achieves the
same unique cost. Then, the outer problem of EF-MASOCP
(5a) is equivalent to the following:

zZ = max z;
K3

(15a)

. /
Z; =min z
Z/

(15b)

st VMosn(,2)) 20,

i=1, -,

The proof is provided in Appendix B. Theorem 1 enables
computing z without the use of the centralized V! during
execution. Specifically, each agent 7 solves the local problem
(15b) for z;, which is a 1-dimensional optimization problem
and can be efficiently solved using root-finding methods (e.g.,
[12]) as in [66], then communicates z; among the other
agents to obtain the maximum (15a). One challenge is that
this maximum may not be computable if the agents are not
connected. However, in our problem setting, if one agent is not
connected, it does not appear in the observations o of other
connected agents. Therefore, it would not contribute to the
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Fig. 3: Simulation Environments. Visualization of the (top) modified MPE [40] and (bottom) Safe Multi-agent MuJoCo [32]

environments we consider.

constraint-value function V" of other agents. As a result, it is
sufficient for only the connected agents to communicate their
z;. Purthermore, we observe experimentally that the agents
can achieve low cost while maintaining safety even if z; is
not communicated (see Section V-C). Thus, we do not include
z; communication for our method. The overall framework of
Def-MARL is provided in Fig. 2.

Dealing with estimation errors. Since there may be errors
estimating V' using NN, we can reduce the resulting safety
violation by modifying / to add a buffer region. Specifically,
for a constant v > (0, we modify A such that A > v when
the constraints are violated and A < —v otherwise. We then
modify (15b) to qu(oi,zi) < =&, where £ € [0,v] is a
hyperparameter (where we want £ =~ v to emphasize more
on safety). This makes z more robust to estimation errors of
V. We study the importance of ¢ in Section V-C.

V. SIMULATION EXPERIMENTS

In this section, we design simulation experiments to answer
the following research questions:

(Q1): Does Def-MARL satisfy the safety constraints and
achieve low cost with constant hyperparameters across
all environments?

Can Def-MARL achieve the global optimum of the
original constrained optimization problem?

How stable is the training of De f-MARL?

How well does Def-MARL scale to larger MAS?
Does the learned policy from Def-MARL generalize

to larger MAS?

(Q2):

(Q3):
(Q4):
(Q5):

Details for the implementation, environments, and hyperpa-
rameters are provided in Appendix E.

A. Setup

Environments. We evaluate Def-MARL in two sets of
simulation environments: modified Multi-agent Particle Envi-
ronments (MPE) [40], and Safe Multi-agent MuJoCo envi-
ronments [32] (see Fig. 3). In MPE, the agents are assumed
to have double integrator dynamics with bounded continuous
action spaces [—1,1]%. We provide the full details of all tasks
in Appendix E. To increase the difficulty of the tasks, we add
3 static obstacles to these environments. For Safe Multi-agent
MulJoCo environments, we consider SAFE HALFCHEETAH
2x3 and SAFE COUPLED HALFCHEETAH 4X3. The agents
must collaborate to make the cheetah run as fast as possible
without colliding with a moving wall in front. To design the
constraint function /, we let v = 0.5 in all our experiments
and £ = 0.4 when solving the outer problem.

Baselines. We compare our algorithm with the state-of-
the-art (SOTA) MARL algorithm InforMARL [51] with a
constraint-penalized cost I'(x,v) = I(x, u) + Smax{h(z), 0},
where 5 € {0.02,0.1,0.5} is a penalty parameter, and denote
this baseline as Penalty (5). We also consider the SOTA
safe MARL algorithm MAPPO-Lagrangian [30, 32]*. In ad-
dition, because the learning rate of the Lagrangian multiplier
A is tiny (1077) in the official implementation of MAPPO-
Lagrangian [32], the value of A\ during training will be largely
determined by the initial value Ay of A\. We thus consider
two A\g € {1,5}. Moreover, to compare the training stability,
we consider increasing the learning rate of A in MAPPO-
Lagrangian to 3 x 1073.7 For a fair comparison, we reimple-
ment MAPPO-Lagrangian using the same GNN backbone as

#We omit the comparison with MACPO [30, 32] as it was shown to perform
similarly to MAPPO-Lagrangian but have significantly worse time complexity
and wall clock time for training.

SThis is the smallest learning rate for A that does not make MAPPO-
Lagrangian ignore the safety constraint. We set Ag = 0.78 following [32].
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Fig. 4: Comparison on modified MPE (N = 3) and Safe Multi-agent MuJoCo. Def-MARL is consistently closest to the
top-left corner in all environments, achieving low cost with near 100% safety rate. The dots show the mean values and the

error bars show one standard deviation.

used in Def-MARL and InforMARL, denoted as Lagr (Ag)
and Lagzr (1zr) for the increased learning rate one. We run
each method for the same number of update steps, which is
large enough for all the methods to converge.

Evaluation criteria. Following the objective of MASOCP,
we use the cost and safety rate as the evaluation criteria for the
performance of all algorithms. The cost is the cumulative cost
over the trajectory Zgzo I(z*,u*). The safety rate is defined
as the ratio of agents that remain safe over the entire trajectory,
ie., hi(oF) < 0,Vk, over all agents. Unlike the CMDP setting,
we do not report the mean of constraint violations over time
but the violation of the hard safety constraints.

B. Results

We train all algorithms with 3 different random seeds and
test the converged policies on 32 different initial conditions.
As discussed in Section 1V-C, we disable the communication
of z; between agents (investigated in Section V-C). We draw
the following conclusions.

(Q1): Def-MARL achieves the best performance with
constant hyperparameters across all environments. First,
we plot the safety rate (y-axis) and cumulative cost (x-axis) for
each algorithm in Fig. 4. Thus, the closer an algorithm is to the
top-left corner, the better it performs. In both MPE and Safe
Multi-agent MuJoCo environments, Def-MARL is always
closest to the top-left corner, maintaining a low cost while
having near 100% safety rate. For the baselines Penalty
and Lagr, their performance and safety are highly sensitive
to their hyperparameters. While Penalty with 8 = 0.02

and Lagr with A\g = 1 generally have low costs, they
also have frequent constraint violations. With 8 = 0.5 or
Ag = b, they prioritize safety but at the cost of high cumulative
costs. Def-MARL, however, maintains a safety rate similar
to the most conservative baselines (Penalty (0.5) and
Lagr (5)) but has much lower costs. We point out that no
single baseline method behaves considerably better on all the
environments: the performance of the baseline methods varies
wildly between environments, demonstrating the sensitivity of
these algorithms to the choice of hyperparameters. On the
contrary, De £ -MARL, performs best in al/l environments, using
a single set of constant hyperparameters, which demonstrates
its insensitivity to the choice of hyperparameters.

(Q2): Def-MARL is able to reach the global optimum of
the original problem. An important observation is that for
Penalty and Lagr with a non-optimal A, the cost function
optimized in their training process is different from the original
cost function. Consequently, they can have different optimal
solutions compared to the original problem. Therefore, even
if their training converges, they may not reach the optimal
solution to the original problem. In Fig. 5, the converged states
of Def-MARL and four baselines are shown. Def-MARL
reaches the original problem’s global optimum and covers all
three goals. On the contrary, the optima of Penalty (0.02)
and Lagr (1) are changed by the penalty term, so they
choose to leave one agent behind to have a lower safety
penalty. With an even more significant penalty, the optima
of Penalty (0.5) and Lagr (5) are changed dramatically,
and they forget the goal entirely and only focus on safety.


































































