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Abstract

Consider an environment where at least two robotic agents
are surrounded by small and large-sized objects that have to
be moved from their current locations to designated goal lo-
cations. Small objects can be pushed by one robotic agent
while large objects need to be pushed by two robotic agents.
The objective is to minimize the total time required to move
all the boxes to their respective goal locations. In this paper,
we explore a solution using a cooperative Partially Observ-
able Markov Decision Process (POMDP) utilizing Proximal
Policy Optimization algorithms in a simulated environment.

Introduction

Achieving robust cooperation among multiple autonomous
robotic agents is a central challenge in Multi-Agent Rein-
forcement Learning (MARL). Tasks intuitive for humans,
such as coordinated object manipulation, are challenging to
robotic agents, requiring agents to effectively share loads,
navigate cluttered environments, and adapt their behaviors
to diverse embodiments. While substantial progress has been
made in this field, key performance gaps and theoretical un-
solved problems remain in MARL.

The primary goal of this paper is to study the problem of
multi-agent cooperation with MARL using Proximal Policy
Optimization (PPO) (?) methods and translate the findings
into a multi-robot system.

Recent work (Bettini et al. 2024) on the Vectorized Multi-
Agent Simulator (VMAS) benchmark suite provides infor-
mation on challenges that centralized training methods face
in certain environments. Specifically, the authors report that
only Independent Proximal Policy Optimization (IPPO) suc-
cessfully converges to the optimal policy in the transport
scenario, as shown in Figure 1. This is attributed to the ex-
ploration difficulties that arise when using centralized crit-
ics, as they must process the concatenated observations from
all agents. This high-dimensional input leads to a large vari-
ance in possible joint states and a correspondingly low like-
lihood of revisiting similar states. Consequently, centralized
methods often fail to generalize, while IPPO, relying solely
on local observations, proves to be more adept at handling
such complexity.
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Figure 1: Performance of multiple MARL algorithms, where
IPPO is the only algorithm that successfully converges to the
optimal policy (Bettini et al. 2024).

This motivates the core question of our work: Why does
IPPO outperforms Multi-Agent Proximal Policy Optimiza-
tion (MAPPO) (Yu et al. 2022) in this cooperative box-
pushing scenario? If IPPO’s decentralized training paradigm
excels due to simpler exploration dynamics or better han-
dling of partial observability, these could inform new ap-
proaches to overcome MAPPO’s limitations.

Building on this, we consider two avenues to enhance
MARL systems further. First, we explore heterogeneity.
Real-world teams of robots often differ in their dynamics,
sensing modalities, and capabilities. Existing MARL algo-
rithms frequently assume homogeneous agents or rely on
heuristics to differentiate behaviors. By introducing Hetero-
geneous Graph Neral Network Policy Optimization (Het-
GPPO) (Bettini, Shankar, and Prorok 2023) an algorithm
designed to handle heterogeneous agents explicitly, our goal
is to understand how agent differences impact the interplay
between decentralized and centralized strategies. Compar-
ing IPPO, MAPPO, and HetGPPO in controlled settings will
help isolate factors such as agent specialization and diverse
sensing that influence overall performance and stability.

Second, there is interest in exploring hierarchical struc-
tures within MARL frameworks, such as those proposed
in recent works on hierarchical multiagent reinforcement
learning (HRL) (Hong et al. 2024). While IPPO might in-
form us how local and decentralized intelligence aids explo-



ration and adaptation, hierarchical decomposition can fur-
ther break down complex manipulation tasks into manage-
able subtasks. High-level controllers can set strategic goals,
such as selecting objects or navigating obstacles, while
mid-level and low-level policies execute these objectives.
The combination of insights from IPPO’s advantages, Het-
GPPO’s handling of heterogeneity, and hierarchical control
promises a more principled design of MARL solutions that
scale to cluttered environments and extended planning hori-
Zons.

In parallel, the demand for more realistic scenarios has
led to experiments with heterogeneous teams of robots and
varied motion models (Boroson and Ayanian 2019). While
initial studies may focus on homogeneous platforms in sim-
plified 2D domains like VMAS, bridging the gap to real-
world applications requires considering more diverse hard-
ware platforms and environments. For instance, combining
differential-drive mobile bases and quadrupedal robots in
physically rich 3D simulations (e.g., IsaacGym (Makoviy-
chuk et al. 2021)) can provide critical insights into how
well-learned policies generalize across embodiments. Such
heterogeneity also motivates approaches like HetGPPO,
which leverage structured representations of agent differ-
ences, such as distinct morphologies or sensory modalities
to facilitate learning robust cooperative strategies.

In this paper we present a mathematical formulation of
the methods we will use. We later outline a plan for the ex-
perimental work that we will do to analyze in simulation
the performance of the three MARL algorithms (MAPPO,
IPPO, and HetGPPO) in a custom-controlled scenario.

Related Work
Collaborative MARL

Coordination by robotic agents to complete a single task
has real-world applications in a wide variety of domains
including distribution warehouses, search and rescue, and
spacecraft collaboration and communication (Adams et al.
2024). Our focus area primarily fits a warehouse-like envi-
ronment, where robotic agents need to carry or push boxes
or crates from one starting location to a goal location, usu-
ally with obstacles taking the form of other boxes or other
agents. Specific to this sort of scenario, there have been
several advances in multi-agent collaboration for task com-
pletion.Recently, pairs of quadruped robots were used for
long-horizon pushing of boxes from a starting location to
a goal location while remaining aware of obstacles (Feng
et al. 2024). Others have used larger numbers of fully de-
centralized puck robots to push objects much larger in size
to goal locations using whole body (Chen et al. 2015). Fully
decentralized systems of robots have also used manipulation
to transport much larger objects with no prior knowledge of
the shape or size of the object, relying fully on angular ve-
locity and center of mass measurements to carry the object
from the start to the goal location (Culbertson and Schwager
2018).

In addition, traditional MARL frameworks cannot ex-
plicitly accommodate policy heterogeneity and typically
constrain agents to share neural network parameters. This

causes the agents’ models to be identical and, thus, homo-
geneous. While this is beneficial to speed up training, it
can prevent learning in scenarios that require truly hetero-
geneous behavior. While heterogeneous policies for robots
with different goal objectives are fairly common practice,
there is a scarcity of work dealing with heterogeneous poli-
cies single single-objective problems. This would allow
robots with similar hardware to exhibit different behaviors
despite having similar inputs (Bettini, Shankar, and Prorok
2023).

Proximal Policy Optimization

PPO is a group of policy gradient methods for reinforce-
ment learning that alternate between sampling data through
interaction with the environment and optimizing a “surro-
gate” objective function using stochastic gradient ascent.
PPO uses an objective function that enables multiple epochs
of mini-batch updates (?). Alternative methods have draw-
backs. For example, Q-Learning with function approxima-
tion is not well understood and does not perform well out-
side of game environments. Vanilla policy gradient methods
have poor data efficiency and robustness, and trust region
policy optimization can be complicated and not compatible
with noisy architectures. (?)

The academic focus on MARL has been on utilizing off-
policy learning frameworks like Multi-Agent Deep Deter-
ministic Policy Gradient (MADDPG) (Lowe et al. 2017) and
Q-learning (Phan et al. 2024) (Sunehag et al. 2017). How-
ever, recently there has been a focus on PPO, an on-policy al-
gorithm underutilized in MARL (Yu et al. 2022). PPO-based
multi-agent algorithms achieve surprisingly strong perfor-
mance in four popular multi-agent testbeds: the particle-
world environments, the StarCraft multi-agent challenge,
Google Research Football, and the Hanabi challenge, with
minimal hyperparameter tuning and without any domain-
specific algorithmic modifications or architectures. Com-
pared to competitive off-policy methods, PPO often achieves
competitive or superior results in both final returns and sam-
ple efficiency(Yu et al. 2022).

Two additional MARL models of interest are the ho-
mogeneous Graph Neural Network Proximal Policy Opti-
mization (GPPO) and its heterogeneous counterpart Het-
erogeneous HetGPPO (Bettini, Shankar, and Prorok 2023)
GPPO builds upon Independent Proximal Policy Optimiza-
tion (Bettini et al. 2024). GPPO overcomes the limitations of
IPPO while maintaining its benefits. It uses a graph neural
network (GNN) (Scarselli et al. 2008) communication layer,
allowing agents to share information in neighborhoods to
coordinate and overcome partial observability.

Preliminaries

Decentralized Partially Observable Markov
Decision Process

Before we can formulate the cooperative multi-agent prob-
lem as a Decentralized Partially Observable Markov Deci-
sion Process (DEC-POMDP) with shared rewards (Olichoek
and Amato 2016), we must define our environment and
agents.



Let A = {ay,as,...,ay} denote the set of N agents. Let
B = {b1,ba,...,bp} denote the set of M boxes, each box
with the size of the attributes, denoted by s, € {small, large}
and mass, denoted by m;, € RT.

Time in our environment is measured by time ¢, the en-
vironment state at time ¢ is given by Sy, encompassing the
states of all agents and boxes.

A DEC-POMDP is defined by the tuple
(S, A,0,P,R,n,v), where S is a set of global states
St, A s the action space for each agent, with the joint action
space A = A; x --- x A, O is the observation space for
each agent, where o! = (O(S;;i) is the local observation
for agent a; at time ¢t. P is the state transition probability
function P(S;41]S:, A¢), with A; = (af, ..., al) being the
joint action of all agents. R is the shared reward function
R(S;, Ay), n is the number of agents, and v € [0, 1) is the
discount factor.

At each time step ¢, each agent a; receives a local observa-
tion o} based on the global state S;. Agents select actions a}
according to their individual policies y, (a!|o}), parameter-
ized by 6;. The environment transitions to a new state S; 11
according to the transition function P. All agents receive a
shared reward R, = R(S;, A;). The agents aim to maximize
the expected cumulative discounted reward:

T
J(0) =Exy | > A R(Si, A |,
t=0
where mp = {my,, ..., 7y, } represents the set of all agent
policies.
Methods

In this work, we address the cooperative object manipula-
tion task in a DEC-POMDP setting, where multiple robotic
agents must coordinate to push objects of varying sizes and
masses to designated goal locations. Our approach centers
on leveraging PPO-based multi-agent extensions, primarily
IPPO, to achieve efficient and scalable learning of complex
collaborative strategies. We organize our approach into three
key components: (1) environment design and state repre-
sentation, (2) learning algorithms and network architectures,
and (3) training protocols and evaluation frameworks.

Multi-Agent Proximal Policy Optimization

Our approach employs MAPPO (Yu et al. 2022) within the
Centralized Training with Decentralized Execution (CTDE)
framework. In MAPPO, we have policies, where each agent
a; has a policy my, (at|o!) that depends only on its local ob-
servation oﬁ, and a centralized value function, a shared value
function V;,(.S;) parameterized by ¢, which takes the global
state S; as input and is used for variance reduction during
training. Our clipping function can be defined as c.
The surrogate objective for MAPPO is formulated as:

Zn:min (@(e)Aﬁ, c(rt(0),1—€,1+¢) Ag)
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Figure 2: Visualization of a multi-agent environment show-
ing the four circular agents (purple circles) with their ori-
entation represented by blue directional lines. The environ-
ment includes three small boxes and three large boxes (red
squares), each with corresponding goal positions (green cir-
cles).

t)t
where rf(0) = % is the probability ratio between
the current and previous policies, A§ is the advantage esti-
mate for agent a; at time ¢, computed using the centralized
value function Vg (S;), and € is the clipping parameter to
limit the policy update step size.

In practice, MAPPO’s centralized critic often improves
coordination and leads to stronger overall performance than
purely independent training methods, especially in complex
tasks where global context aids in the credit assignment.

Independent Proximal Policy Optimization IPPO in-
volves each agent independently learning both its policy and
value function based solely on local observations o, without
access to global state information even during training. In
our fully cooperative setting with shared rewards, MAPPO’s
use of a centralized value function provides better coordina-
tion among agents and often leads to improved performance
(Yu et al. 2022). While IPPO shows that decentralized meth-
ods can excel, it may struggle in settings with heterogeneous
agents or partial observability.

Heterogeneous Graph Neural Network PPO HetGPPO
addresses these challenges by integrating graph neural net-
work (GNN) layers into the PPO framework. Agents com-
municate their local embeddings through a graph structure,
enabling richer information exchange and improved coordi-
nation without requiring full global state access.

HetGPPO allows heterogeneity in agent morphologies,
capabilities, and sensors by letting each agent process its
unique observation space and share encodings with neigh-



bors. The GNN-based communication mitigates the non-
stationarity and enhances cooperation in complex, multi-
robot scenarios where differing embodiments and roles are
integral. In essence, HetGPPO inherits IPPO’s simplicity
and scalability by adding structured communication to han-
dle heterogeneous teams and challenging partially observ-
able environments.

Mathematical Formulation

With the objective function, the goal is to find an optimal
policy 7* that maximizes the expected cumulative reward:

T
* t
= arng?XHLr [;7 R,
For state representation, the state St includes the positions
of all agents: {x! € R? | i = , N}, positions and
velocities of all boxes: {y}, vi € R2 | b= 1,...,M}, and
goal positions for each box {g, € R* | b=1,..., M}
Each agent a; has an action space A4; cons1stmg of move-
ment actions:

Ai = {ui € RQ | Hqu < umax}

The state-space Sy includes the positions x! of agents and
the positions and velocities y}, v of boxes. Each agent’s ac-
tion space A; consists of 2D movement or force commands
constrained by maximum bounds. The boxes move accord-
ing to the summed forces exerted by agents in contact, gov-
erned by Newtonian dynamics:

dvb Z ft

ieCf

where C} is a set of agents in contact with box b at time ¢ and
£! is the force applied by agent a;.

The reward function R; is designed firstly to encourage
agents to reduce their distance to the goal:

M

Rfiist == Z (55 - 52_1)

b=1

where 6) = ||y} — gl is the Euclidean distance from box
b to its goal at time ¢. Secondly, encourage cooperation for
large boxes:

coop Z 6 ]I |Cb‘ >2)

bE Blarge

where Biage 18 a set of large boxes, 3 > 0 is a cooperation
bonus, and I(+) is an indicator function. Thirdly the reward
function is designed to encourage agents toward a goal com-
pletion bonus:

goal Z Yo - ]I )

where 7, > 0 is the goal completlon bonus for box b.

To improve exploration, we introduce a heuristic reward
szplore that encourages agents to try diverse pushing strate-
gies or occupy distinct positions around the box’s perimeter.

For instance, an occlusion-based heuristic (Chen et al. 2015)
can guide agents to approach the box from different sides:

explore =« Z f 02; St

where f(-) could measure how “original” or “varied” the
contact points are compared to recently visited states, or how
well agents position themselves to push the box toward sub-
goals set by a high-level planner. & > 0 is a small weight
that ensures this term does not overshadow task completion
but still aids in preventing premature convergence to subop-
timal strategies. The total reward at time ¢ is:

Ry = R(tiist + Ry + Rtoal + Rexplore

coop

Conclusions

To summarize the above, we propose the following struc-
tured research plan for the remaining work:

1. We will begin by evaluating three MARL algorithms
(MAPPO, IPPO, and HetGPPO) in a custom-controlled
scenario where agents must push boxes of varying sizes,
some requiring only one agent, and others demanding
two to identify the conditions driving IPPO’s strong per-
formance. This will help us gain insight into why the de-
centralized approach performs better and help us reaffirm
the results reported in the VMAS (Bettini et al. 2024).

2. We will then adopt a Hierarchical MARL Framework
that integrates local decentralized policies capitalizing
on the strengths of IPPO at the lower levels, improv-
ing exploration and adaptability, while employing global,
high-level goal-setting policies to address long-horizon
planning. By separating decision-making across multi-
ple temporal and abstraction scales, we will handle the
complexity of navigation, coordination, and long-horizon
planning in cluttered environments. In later stages,
we will incorporate differential-drive and quadrupedal
robots, exploring the generalization of these hierarchical
policies to more complex, heterogeneous platforms.

3. Next we will conduct rigorous testing with heteroge-
neous robots across a varying number of boxes, from
simplified 2D VMAS scenarios to 3D IsaacGym simu-
lations. We will then look at how we can extend it to a
heterogeneous robot team. We plan to ultimately move
toward physical experiments.

Although this study is in the early stages, our approach
is grounded in well-motivated research questions and lever-
ages a comprehensive set of tools. By introducing heuristic
rewards to encourage exploration and designing experiments
that transition progressively from 2D VMAS scenarios to
complex 3D IsaacGym environments, we anticipate a thor-
ough evaluation of each proposed methodology. Overall, our
work aspires to yield MARL frameworks that not only ex-
plain IPPO’s edge in challenging settings but also produce
practical, robust multi-robot policies capable of handling di-
verse tasks with real-world constraints.
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