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Abstract— Bimanual dexterous manipulation in robotics, es-
sential for a wide range of applications, addresses the crit-
ical challenge of balancing intricate operational capabilities
with assured safety and reliability. While Safe Reinforcement
Learning is integral to the robustness of robotic systems,
the area of safe multi-agent reinforcement learning (MARL),
cooperative control of multiple robots has been scarcely studied.
In this study, we explore MARL for safe cooperative control
with multiple robot hands. Each robot must follow individual
and collective safety guidelines to ensure safe team actions.
However, the non-stationarity inherent in current algorithms
hinders the precise updating of strategies to satisfy these
safety constraints effectively. In this paper, we propose Multi-
Agent Constrained Proximal Advantage Optimization (MAC-
PAO), which considers the sequence of agent updates and
integrates non-stationarity into sequential update schemes. This
algorithm ensures consistent improvement in both rewards
and adherence to safety constraints in each iteration. We
tested MACPAO on various tasks with safety constraints and
demonstrated that it outperforms other MARL algorithms in
balancing reward enhancement and safety compliance. Supple-
mentary materials and code are available at the provided link
https://github.com/YONEX4090/MultiSafeHand.git.

I. INTRODUCTION

Bimanual dexterous manipulation epitomizes human skill
and sets a high standard for robots in sectors like health-
care and manufacturing [1]–[5]. The versatility of human
hands sets a precedent for robotic designs [3]. However,
current approaches typically separate dexterity from multi-
agent systems, resulting in robots that lack agility, bound by
challenges such as complex state spaces and detailed object-
hand relations [6]. In MARL, it is critical to ensure safety
by having agents strictly follow safety protocols while they
optimize rewards in complex scenarios [7], [8].

Trust region learning methods have achieved notable suc-
cess in reinforcement learning [9], particularly in solving
complex tasks from single-agent control [10] to multi-agent
applications [11]. These methods offer theoretical guarantees
for consistent policy improvement, showing both superior
and stable results. MARL advances beyond single-agent al-
gorithms in terms of efficiency and effectiveness by enabling
multiple agents to learn and coordinate their actions towards
a shared goal. However, the implementation of most MARL
algorithms poses significant challenges. These algorithms
typically update all agents’ policies simultaneously, prevent-
ing the observation of changes in other agents’ policies
and leading to non-stationarity problems in the environment
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Fig. 1. We utilize simulation-trained Safe MARL methods to ensure the
safe execution of diverse bimanual dexterous manipulation tasks, such as
Hand Over, Close the Door, and Open/Close Pen Cap.

[12]. Furthermore, they focus on optimizing policies for re-
ward maximization, overlooking safety considerations. This
oversight becomes particularly problematic in multi-agent
environments, where ensuring safety is more complex due
to each agent having to consider not only its own safety
constraints but also those of others, to ensure joint behavior
safety. Current solutions for safe multi-robot control in the
context of effective learning algorithms are still limited [13]–
[15].

In this paper, we present a series of steps to address the
above problems. Firstly, we investigated the safety prob-
lem in bimanual dexterous control from the perspective
of Safe MARL, addressing them through multi-agent pol-
icy optimization methods. So, we propose the Multi-Agent
Constrained Proximal Advantage Optimization (MACPAO)
method, which successfully extends constrained policy opti-
mization techniques [14] to multi-agent settings, sequentially
updating the policies of each agent. This method ensures
monotonic improvements guarantee both the joint policies
and individual agent policies. Notably, we applied clipping
techniques inspired by Proximal Policy Optimization (PPO)
[16] to optimize both reward and cost objectives, updating
policies using data sampled from PPO, thus allowing our
MACPAO algorithm to effectively overcome trust region
constraints. Furthermore, we evaluated our method through
a set of four dexterous manipulation tasks created in the
Safe Multi-Agent Isaac Gym Benchmark (Safe MAIG) [17].
On dexterous manipulation tasks, MACPAO consistently
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outperforms strong baselines in terms of performance and
cost control, and demonstrated advantages in facilitating
coordination among agents. The main contributions of our
work are as follows:

• We propose the MACPAO algorithm, a novel approach
to Multi-Agent Constrained Proximal Advantage Op-
timization, for solving Constrained Markov Decision
Processes (CMDPs). It is the first safe sequential per-
agent update algorithm that maintains a guarantee of
monotonic policy improvement on both individual and
joint agent policies.

• We demonstrate that our method maintains a guarantee
of monotonic improvement for each agent’s policy un-
der a single rollout scheme, and further show that under
theoretical guarantees, the tightness of the monotonic
bound for joint policies in a single rollout algorithm is
the most stringent, leading to effective policy optimiza-
tion.

• We developed MACPAO, an algorithm using the deep
actor-critic framework with a clipped surrogate approx-
imation. We demonstrate that MACPAO surpasses cur-
rent leading methods in both reward and cost efficiency.

II. RELATED WORK

Bimanual Dexterous Manipulation. In the field of
robotics, the manipulation of dexterous hands is considered
one of the most challenging and complex tasks in motion
control, especially noted for its intricacy. These dexterous
hands are particularly useful in unstructured environments
and multi-contact scenarios, offering exceptional operational
flexibility. However, this flexibility comes with its own set of
challenges, including high-dimensional control and complex
contact models [18], [19]. Moreover, the construction and
control of multi-fingered dexterous hands represent signifi-
cant technological challenges. For a long time, research in
this area has largely depended on trajectory optimization
and model prediction, heavily dependent on the accuracy
of dynamic models [6], [20], [21]. Past successes in the
design and control of dexterous hands have mostly focused
on simplified control problems, or the development of con-
trollers for relatively simple tasks, such as grasping [22],
[23] or in hand rotating [24], often involving manipulators
with fewer degrees of freedom [6], [25]. Recently, learning-
based methods have made notable advancements in bimanual
dexterous manipulation. These methods effectively address
uncertainties in perception and are even adaptable to unseen
objects [26]. Despite the rise of many benchmarks for
learning-based robotic manipulation [27]–[30], most have not
addressed safety constraints, making the safe manipulation
of dexterous hands a relatively unexplored topic. In this
work, we conduct a range of extensive parallel tests for
safe bimanual dexterous manipulation tasks. Our aim is to
advance research in the safe and complex manipulation of
dexterous hands.

Multi-Agent Reinforcement Learning. MARL has
gained prominence for its adept handling of complex, multi-
agent tasks in dynamic environments. This approach en-

ables agents to formulate adaptive decision-making strategies
through interactions with both the environment and other
agents [31], [32]. A significant advancement in MARL is
the adaptation of policy gradient methods, notably the Multi-
Agent Proximal Policy Optimization (MAPPO), a modified
version of PPO with a centralized critic. This addresses key
MARL challenges such as monotonic improvement, coordi-
nation, and credit assignment [33]. The diverse applications
of MARL in robotics are demonstrated in collaborative
navigation [34], [35], UAV formations [36], and distributed
manipulation [37]. Innovations within MARL, like disen-
tangled attention for bimanual tasks [38] and symmetry-
aware actor-critic methods for handovers [39], demonstrate
its adaptability in complex simulations. However, MARL
algorithms encounter non-stationarity during simultaneous
agent updates, leading to high gradient variance and the
need for more samples for convergence [12]. In contrast,
our proposed MACPAO algorithm, a MARL method with
sequential agent updates, effectively mitigates the problems
of non-stationarity and updates all agents using the same
samples from a single rollout.

Safe Reinforcement Learning. In Safe Reinforcement
Learning (Safe RL), the key challenge is balancing oper-
ational safety with high efficiency. This issue holds par-
ticular significance in practical scenarios such as robotics
and autonomous systems. Numerous studies have introduced
CMDPs [40] to frame the problem of safe control, aiming
to maximize rewards while adhering to cost constraints. To
address the learning challenge in CMDPs, one approach
involves quadratic methods for policy optimization, such as
CPO [14] and Projection-based constrained policy optimiza-
tion (PCPO) [41]. CPO approximates constraint satisfaction
through policy search within a trust region, while PCPO em-
ploys a two-step process: first finding the optimal policy, then
projecting it back into the feasible set. These methods involve
local policy searches based on conjugate gradients, leading to
high computational costs. Another approach is Lagrangian-
based methods like Primal-Dual Optimization (PDO) [42]
and its variants, which utilize Lagrangian Duality to learn
constraint-satisfying policies. Although these methods excel
in safety, their performance in terms of rewards is less
satisfactory. Compared with the prior work, our MACPAO
algorithms offer three key advantages. First, they ensure
monotonic strategy improvements without compromising on
safety or performance, crucial for complex, dynamic environ-
ments. Second, MACPAO’s sequential policy update scheme
and theoretical guarantees enhance reliability and reward
outcomes. Finally, our approach ensures adherence to safety
constraints in every iteration.

III. PRELIMINARIES

A. Multi-Agent Constrained Markov Decision Process

Multi-Agent CMDPs model environments where multi-
ple agents make decisions under constraints. In bimanual
dexterous manipulation, each robot hand acts as an in-
dependent agent, coordinating to achieve common goals
while ensuring safety. This is crucial for tasks like handling
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fragile objects or operating near humans. Our scenarios are
modeled as a constrained Markov game, denoted by a tuple
(N ,S,A,P, R, C, γ), where N = {1, . . . , n} is the number
of agents, S is the state space set, A = A1 × · · · × AN

is the joint action space, P : S × A × S → [0, 1] is
the probabilistic transition function, R is the joint reward
function, which returns one total credit for all agents when
they select at ∈ A in state st. Specifically, each agent is
characterized by a series of cost functions represented as C ={(

cji , b
j
i

)}i∈N

1<j<k
, where each cji is auxiliary cost functions

mapping from a state st and agent-specific action at to a
real-valued cost, and bji is the constraint bound. γ ∈ [0, 1) is
the discount factor.

In a multi-agent system at time step t, each agent i
selects an action ait according to its policy πi

(
ai | st

)
,

where st denotes the state. The trajectory is defined as
τ = {(s0,a0) , (s1,a1) , . . .}. The actions of all n agents
from a joint action at =

{
a1t , . . . , a

n
t

}
and a joint policy

π(· | st) = π1 × . . . × πn. This joint policy induces
a normalized state distribution dπ , where dπ(s) = (1 −
γ)
∑∞

t=0 γ
tP (st = s | π) . The reward state-action value

and the state-value functions are defined: Qπ(s,a) =
Eτ∼π [

∑∞
t=0 γ

tR (st,at) | s0 = s,a0 = a] and V π(s) =
Eτ∼π [Qπ(s,a)] . The advantage function is Aπ(s,a) =
Qπ(s,a)− V π(s).

Replacing R with cji , we define the cost action-value
function Qπ

cji
(s, ai), cost value function V π

cji
(s), and cost ad-

vantage function Aπ
cji
(s) for the auxiliary costs in an analogy

to V π, Qπ and Aπ . The goal of MARL with respect to a
CMDP is to maximize the expected total reward JR(π) =
Eτ∼(P,π) [Vπ(s)] = Eτ∼(P,π) [

∑∞
t=0 γ

tR (st,at)] and min-
imize cost Jcji

(π) = Eτ∼(P,π)

[∑∞
t=0 γ

tcji
(
st, a

i
t

)]
≤ bji

to ensure safety. The ultimate goal is to search the optimal
policy π⋆ such that: π⋆ = argmaxπ J(π).

B. System design

1) Shadow Dexterous Hand: The Shadow Dexterous
Hand [43], a 24-DoF robotic manipulator, mimics the size
and dexterity of an average male hand. It uses 40 pneumatic
muscle actuators connected through tendons for movement.
The hand features 4 DoF in the first, middle, and ring fingers,
5 DoF in the little finger and thumb, and 2 DoF in the wrist.
Each DoF is controlled by position and equipped with a joint
angle sensor for precise manipulation (Fig. 2).

2) Simulation Setup: In our work, the Isaac Gym physical
simulation platform [44] is utilized to facilitate the training
of bimanual dexterous manipulation tasks, , which are il-
lustrated in Fig. 1. The simulation operates at a frequency
of 120Hz, whereas the control frequency is maintained
at 20Hz. An end-to-end reinforcement learning strategy is
implemented and trained within this simulated environment.
Furthermore, Fig. 3 shows we select YCB [45] dataset
objects for our tasks, focusing on object pose, allowing
flexible substitution with suitably sized YCB objects.

Fig. 2. Design of the joints on a Shadow Dexterous Hand

C. Dexterous Manipulation Tasks

To evaluate the safety and reliability of our described
method for bimanual dexterous manipulation, we designed a
system comprising three components: object datasets, tasks
requiring strategic execution of safe dexterous operations
(such as Hand Over, Close the Door, and Open/Close Pen
Cap, as illustrated in Fig. 3), and the Safe MARL algorithm.
These tasks involve challenging contact patterns and coor-
dination, mirroring typical daily manipulation activities. We
use Safe MARL to address these challenges, aiming to learn
a safe control policy where each agent not only considers
its own safety constraints to maximize its rewards but also
keeps the safety constraints of others, ensuring their joint
actions are safe. Specific safety definitions for each task are
detailed separately.

Fig. 3. The controller receives inputs comprising sensory data from the
hands (indicated in green), object information and goal position. Outputs of
the control, representing joint activations, are depicted in blue. Each hand
is governed by its own individual controller.

1) Hand Over: (Fig. 4). This task includes a number of
aspects such as object relocation, precise grasping, and hand
safety within a constrained MARL framework. Successful
collaboration is one where one hand must adeptly toss an
object, while the other must catch it accurately, avoiding
excessive force that could lead to accidental object damage,
unstable grasp, or potential safety risks.

The state space is composed of the shadow hands’ ob-
servation space (including shadow hands joint positions,
velocities, forces, base velocity, base rotation, and the last
action taken), ball information (position, linear velocity,
angular velocity), and the goal position. The action space
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Fig. 4. Hand Over

is the hands’ actuated joint angles and the reward function
is

rt = dtrans + drot

dtrans := 20 ∗ exp
(
−0.2 ∗ ∥pb − pg∥2

)
drot := 10 cos−1 (clamp (∥Θdiff ∥ ,−1, 1))

where dtrans is the translational distance between the ball
position pb and the goal position pg . drot measures the angu-
lar difference between target and current orientations, using
Θdiff to represent rotation vector discrepancy, constrained
within [−1, 1] for validity. The cost function is provided as

ct =


1.0, for

∣∣angphalanges

∣∣ ≥ 0.7

1.0, for
∣∣angmetacarpals

∣∣ ≥ 0.5

1.0, for
∣∣angcarpals

∣∣ ≥ 0.1

0, otherwise

Where angphalanges, angmetacarpals and angcarpals rep-
resent the motion degrees of the joints at the phalanges,
metacarpals, and carpals, respectively(please refer to Fig.
2(a)). This function ensures that excessive joint movements,
which could lead to instability or damage, are penalized.
Similar cost functions are defined for other tasks, ensuring
that each task-specific safety requirement is met. By integrat-
ing these cost functions into the learning process, our method
ensures that the agents not only strive for high rewards but
also adhere to strict safety constraints.

2) Close the Door: (Fig. 5). This task involves robotic
agents learning to close the door, a process that requires
pushing or pulling on a handle and adjusting to factors like
the door’s inertia, force needed, and handle design.

Fig. 5. Close the Door

The state space is composed of the shadow hands’ ob-
servation space, door information, and the goal position.
The action space is the hands’ actuated joint angles and the
reward function consists of three parts

r = 0.5− dleft − dright + 2 ∗ (1− dlr)

dleft = ∥plhand − plhandle ∥2 , dright = ∥prhand − prhandle ∥2
dlr = ∥plhandle − prhandle ∥2

Where dleft and dright measure the distances from the left
and right hands to their respective handles, and dlr is the

distance between the two handles. The cost function of this
environment, interacting with any part of the door aside from
the handle incurs a cost of 1 if such contact results in moving
the door, and 0 otherwise.

3) Open/Close Pen Cap: (Fig. 6, Fig. 7). These tasks
require the use of both hands to open or close a pen cap
and prevent slippage or damage.

Fig. 6. Open Pen Cap

The state space is composed of the shadow hands’ ob-
servation space, pen information, and the goal position. The
action space is the hands’ actuated joint angles and the open
the pen cap reward function is

r = exp (−10 ∗ dcap ) + exp (−10 ∗ dbody) + dcb ∗ 5− 0.8

dcap = ∥plhand − pcap∥2 , dbody = ∥prhand − pbody∥2
dcb = ∥pcap − pbody ∥2

Where dcap and dbody denote the distances from the left and
right hands to the pen cap and body, respectively, while dcb
represents the distance between the pen cap and body. The
constraint in this environment is that the pen must not be
lifted more than 0.01 cm off the desktop during the opening
or closing of the pen cap. If the pen is lifted beyond this
threshold, the cost is 1; otherwise, it remains 0.

Fig. 7. Close Pen Cap

The close the pen cap reward function is

r =exp (−10 ∗ dcap ) + exp (−10 ∗ dbody)

+ (0.37− dcb ) ∗ (−5) + 1.85

Safety constraints remain unchanged.

IV. METHOD

A. MARL Enhancement via Monotonic Sequential Updates

To establish a connection between MARL and sequential
update scheme, consider a scenario where each agent is
aware of its predecessor’s actions in an arbitrary decision-
making order. In this framework, individual agents’ local
advantages aggregate to form the collective advantage when
each agent is aware of its predecessor’s actions in a given
sequence. This structured decision-making process facilitates
the simplification of their joint strategy updates, where
optimizing individual local advantages aligns with enhancing
the overall collective advantage. Consequently, during policy
updates, agents can disregard interference from others; the

12422



local advantage function encapsulates the inter-agent dynam-
ics. Fig. 8 illustrates this concept, assuming an arbitrary
update sequence for agents (for simplicity, we consider the
update order to be 1, 2, ..., n, without loss of generality).
Each agent has access to its predecessor’s actions and makes
optimal decisions based on this information. Furthermore, the
total state transition displacement encountered by agent i can
be decomposed into the sum of state transition displacements
caused by each updating agent. Changes induced by agents
with higher priority will be encountered by more subsequent
agents, thereby contributing more significantly to the non-
stationarity problem.

Fig. 8. Traditional vs. Sequential multi-agent learning: From simultaneous
actions to ordered decision-making with predecessor consideration

To implement the sequential update paradigm for MARL,
we define ei as the set of agents updated before agent
i, comprising 1, . . . , i− 1, and denote π̄i as the updated
policy of agent i. The joint policy is denoted as π̂i, which
integrates both updated and existing policies across the agent
spectrum. For initial and terminal configurations, we define
π̂0 = π, representing the initial joint policy, and π̂n =
π, indicating the completely updated joint policy. In the
sequential update scheme, each policy is updated individually
during the training process by utilizing the outcomes of
previous updates, expressed as π̂i−1 =

∏i−1
j=1 π̄

j ×
∏n

k=i π
k,

to refine and improve the subsequent policy, π̂i. Thus, the
surrogate objective for agent i could be formulated [46] as

Lπ̂i−1
(
π̂i
)
= J

(
π̂i−1

)
+ Zπ

(
π̂i
)

(1)

where Zπ
(
π̂i
)
= 1

1−γE(s,a)∼(dπ,π̂i) [A
π(s,a)].

Proposition 1. For agent i, let δ be the maximum value
of |Aπ(s,a)|, and ωj represent the maximum total variation
distance Dmax

KL between πj and π̄j , where j belongs to ei∪i.
We derive the inequality:∣∣∣J (π̂i

)
− Lπ̂i−1

(
π̂i
)∣∣∣ ≤ αi + βi

αi =
4δωi

1− γ

(
1− 1

1− ωj
∑

j∈(ei∪{i})

)

βi =
1

1− γ

4ωiδ + 2
∑
j∈ei

ωjδ

 is uncontrollable.

(2)

The policy enhancement for agent i, as indicated by Eq.
(1), depends on Zπ(π̂i) > βi. However, uncontrollable
elements within βi, particularly 2

∑
j∈ei ω

jδ/(1 − γ), can
hinder expected performance gains if Zπ(π̂i) < βi, even
after optimizing Zπ . Nonetheless, a global monotonic im-
provement across the joint policy is achievable through cu-
mulative analysis of all agents. We emphasize that ensuring
individual agent improvements not only strengthens the joint
policy’s monotonic bound but also incrementally sharpens
this bound with subsequent agent updates, mirroring chal-
lenges observed in MAPPO analysis.

The issue presented in Proposition 1 originates from
neglecting the effect of sequential policy updates on the ad-
vantage function. To mitigate this, our methodology enhances
policy evaluation by utilizing the advantage function Aπ̂i−1

tailored to agent i’s most recent policy update π̂i−1, rather
than relying on the generic Aπ . Such refinement improves the
accuracy of policy evaluation, directly addressing the previ-
ously identified uncontrollable term. The surrogate objective
for an individual agent i as: Lπ̂i−1

(
π̂i
)

= J
(
π̂i−1

)
+

1
1−γE(s,a)∼(dπ,π̂i)

[
Aπi−1

(s,a)
]
, For the joint update of all

agents, the surrogate objective is:

Gπ(π) = J(π) +
1

1− γ

n∑
i=1

E(s,a)∼(dπ,π̂i)

[
Aπi−1

(s,a)
]
.

(3)
It is important to note that Eq. (3) aggregates the expectations
of the global advantage function under varying joint policies,
diverging fundamentally from the advantage decomposition
lemma presented in [47], which breaks down the global
advantage function into individual local ones. Our approach
emphasizes a holistic evaluation of advantage across multiple
policy interactions, offering a new perspective on under-
standing the interplay between strategies, unlike the isolated
consideration of local advantages.

By generalizing the result about the surrogate objective in
Equation (3), We can now prove that the monotonic policy
improvement guarantee.

Theorem 1. (Monotonic Improvement) For each agent
i ∈ N , let δ be the maximum value of

∣∣∣Aπi−1

(s,a)
∣∣∣, and

ωj represent the maximum total variation distance Dmax
KL

between πj and π̄j , where j belongs to ei ∪ i. We derive the
inequality:

|J(π)−Gπ(π)| ≤ 4γδ

(1− γ)2

n∑
i=1

ωi
∑

j∈(ei∪{i})

ωj

 (4)

According to Theorem 1, a bound is established on the
discrepancy between the joint policy objective J(π) and its
surrogate Gπ , which is a function related to the discount
factor γ. By optimizing strategies for each agent sequentially,
this bound can be incrementally tightened. This process,
grounded in the contraction property theory proposed by
[48], offers a more lenient condition for policy improvement,
thereby enhancing the potential for performance gains.
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B. MACPAO: Multi-Agent Constrained Proximal Advantage
Optimization

In this section, we introduce the implementation of the
MACPAO algorithm within a MARL framework. Utilizing
a neural network Πθ =

{
π̂i

θi : θi ∈ Θ
}

, our algorithm
iteratively updates policies by sampling from the environ-
ment, facilitating both evaluation and sampling processes.
Addressing the challenge of minimizing objective Eq. (3),
which involves unknown future state sequences and exhibits
poor sampling efficiency, we draw inspiration from PPO [16].
To mitigate the instability in estimating the policy gradient
for agent i, we consider a technique of truncating the ratio of
joint policies from the preceding agent and once on the policy
ratio of agent i. This culminates in our proposed Multi-Agent
Constrained Proximal Advantage Optimization (MACPAO).
approach, which formulates a practical optimization target
derived from Eq. (3) as:

L
π̂i−1

θi

R (π̂θi) =E(s,a)∼(dπ
θi ,πθi)

[
min

(
f(s,a)A

π̂i−1

θi

R ,

clip (f(s,a), 1± ϵ)A
π̂i−1

θi

R

)] (5)

L
π̂i−1

θi

cji
(π̂θi) =E(s,a)∼(dπ

θi ,πθi)

[
max

(
f(s,a)A

π̂i−1

θi

cji
,

clip(f(s,a), 1± ϵ)A
π̂i−1

θi

cji

)] (6)

where f(s,a) =
π̄i
θi(a

i|s)
πi
θi

(ai|s) h(s,a), and h(s,a) =

clip

(∏
j∈ei π̄j

θi
(aj |s)∏

i∈ei πj

θi
(aj |s)

, 1± ϵ
2

)
. ϵ is the base clipping parame-

ter. The surrogate objectives L
π̂i−1

θi

R (5) and L
π̂i−1

θi

cji
(6), acting

as conservative estimates, enable updates from proximal
policy samples, thus enhancing consistent, efficient learning.

V. RESULTS

Task benchmark and methodology: We evaluate our
MACPAO method against tasks of increasing complex-
ity—Hand Over (elementary), Close the Door (intermediate),
and Open/Close Pen Cap (advanced). We compare MAC-
PAO’s performance to baseline methods (HAPPO, MACPO,
MAPPO-Lag [49]) using Average Reward per Episode and
Cost metrics to demonstrate safety across varying task diffi-
culties.

Baseline algorithms: For the UnSafe MARL algorithm,
we exclusively utilized HAPPO, wherein the reward func-
tion does not incorporate information regarding cost. For
the Safe MARL algorithms, we evaluated the performance
of MACPO and MAPPO-Lag on dexterous manipulation
system. MACPO promotes optimal and constrained policy
formulation among agents in a multi-agent environment by
the imposition of strong constraints coupled with a back-
tracking line search. Conversely, MAPPO-Lag extends credit
assignment solely to reward signals and employs a traditional
Lagrangian approach for adherence to constraints, optimizing
policies within prescribed boundaries.

Evaluation metrics: In Safe RL, the superiority of any
given agent is determined by the following precedence:
on one hand, agents adhering to constraints are decidedly
superior to those without constraints; on the other hand,
among agents that do adhere to constraints, superiority is
ascertained by comparing their cumulative returns.

Fig. 9. In our study, we evaluate the performance of our MACPAO
method across three tasks: Hand Over, Close the Door, and Open/Close
Pen Cap, comparing it against both Safe and Unsafe MARL algorithms
including MACPO, MAPPO-Lag, and HAPPO. Our findings demonstrate
that MACPAO consistently achieves zero cost in the Hand Over task,
indicating full compliance with safety constraints, and outperforms all
considered baseline algorithms in terms of rewards. In the Close the Door
task, MACPAO exhibits rapid convergence to zero cost, showcasing its
ability to satisfy safety constraints while maintaining reward performance
on par with MAPPO-Lag, yet with greater stability and higher performance
compared to both MACPO and HAPPO. For the Open Pen Cap task, our
method achieves nearly zero costs, aligning with safety requirements, and
surpasses MACPO and MAPPO-Lag in reward metrics, although it falls
short of the performance exhibited by the unsafe HAPPO algorithm. Across
all tasks, the shaded areas in our graphs represent the standard deviation
of scores from more than three trials, underscoring the robustness of our
methodology.

Fig. 9 presents a detailed comparative analysis of the
reward and cost efficacies of algorithms MACPAO, MAPPO-
Lag, MACPO, and HAPPO across various continuous control
tasks, employing five random seeds for each result. Each
figure necessitates a threefold explanation: every plot sym-

12424



bolizes a task of distinct complexity, and within each, an
examination of four algorithms related to multi-agent control
tasks is performed. Each task illustrates reward trajectories
on the left (with higher values being more preferable) and
cost trajectories on the right (where lower values are prefer-
able).

The results show that the specified safe MARL algorithms,
including MACPAO, MAPPO-Lag, and MACPO, are adept
at quickly conforming to safety constraints, evolving from
initially non-compliant policies while maintaining explo-
ration within acceptable policy frameworks. In particular,
MACPAO demonstrates superior efficacy in adhering to
safety, contrasting significantly with HAPPO, which often
breaches constraint conditions, highlighting its intrinsic lack
of safety. This observational data suggests notable variations
in cost trajectories between MACPAO and other safe MARL
algorithms, revealing differing approaches to constraint op-
timization.

Some methodologies, like HAPPO, prioritize reward max-
imization, often leading to high rewards but poor safety.
These methods focus on aggressive exploration and rapid
policy updates, neglecting safety constraints. For example,
in the ’Hand Over’ task, agents might achieve high scores
by throwing objects forcefully, increasing the risk of damage
or instability. In the ’Close the Door’ task, agents sometimes
applied excessive force, causing the door to slam shut and
risking damage. In the ’Open Pen Cap’ task, poor coordina-
tion led to the pen cap slipping or the pen being lifted off
the table, violating safety constraints.

MACPAO addresses these issues by implementing adap-
tive step sizes in gradient ascent, significantly mitigating
constraint challenges during initial training. This method-
ological innovation facilitates swift stabilization within safety
parameters, enabling MACPAO to secure high rewards and
marking a notable advancement over existing safe algorithms
like MAPPO-Lag and MACPO. Despite these enhanced
functionalities, MACPAO does not outperform the inherently
unsafe HAPPO algorithm in reward metrics for tasks such
as ’Open Pen Cap’ and ’Close Pen Cap’. However, by inte-
grating safety constraints into the learning process, MACPAO
ensures both high performance and safe operation, effectively
balancing reward optimization with safety adherence.

VI. CONCLUSION AND FUTURE WORK

In this work, we introduced MACPAO, a novel algorithm
designed to address the challenges of Safe MARL in biman-
ual dexterous manipulation tasks within robotics. By incor-
porating a strategic approach to manage the non-stationarity
presented by multiple interacting agents, MACPAO signif-
icantly enhances cooperative control while ensuring strict
adherence to safety constraints for each agent and the collec-
tive team. Our comprehensive evaluations demonstrate that
MACPAO not only surpasses existing Safe MARL algo-
rithms in achieving higher rewards but also maintains a stead-
fast commitment to safety compliance across various tasks
with inherent safety requirements. This dual achievement
underscores the effectiveness of MACPAO in navigating the

complex balance between operational capability and safety,
marking a significant step forward in the development of
robust and reliable robotic systems for complex manipulation
tasks.

Future research will target the enhancement of the biman-
ual dexterous manipulation system by adding deformable
object manipulation and bridging the sim-to-real gap with
more realistic sensory inputs. We will explore Learning
from Demonstration to enrich training methodologies and
improve robot body simulations for more varied task han-
dling. Addressing the limitations of current meta/multi-task
RL algorithms and enhancing sim-to-real transfer capabilities
are also prioritized to expedite advancements in robotic
manipulation and Safe RL fields.
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