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Abstract— Recently, multi-robot systems have gained sig-
nificant attention for their promise of scalable efficiency,
reliability, and cost savings. A crucial capability is collaborative
transportation, where a team of robots works together to
transport a payload. However, key challenges remain, such as
potential conflicts between team-level decisions and individual-
level robot controls, team kinematic constraints imposed by the
robot-payload coupling, and diverse obstacles encountered in 3D
terrain. We present Collaborative Quadruped Transportation
with Constrained Diffusion (CQTD), enabling a team of
closely coupled quadruped robots to collaboratively transport
a payload across 3D terrain. A diffusion-based upper level
learns terrain-aware team-level trajectories satisfying team
kinematic constraints due to the payload coupling, while a lower
level optimizes velocity controls of individual robots satisfying
collision and anisotropic velocity constraints. Experiments in
high-fidelity simulations and on real-world quadruped robot
teams demonstrate that CQTD outperforms baseline methods
in challenging 3D terrain scenarios requiring closely-coupled
collaboration between the quadruped robots.

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

I. INTRODUCTION

Multi-robot systems are becoming an increasingly promi-
nent area of robotics, with diverse real-world applications
such as search and rescue [1], [2], construction [3], [4],
manufacturing [5], [6], and space exploration [7], [8]. Using
multiple smaller, cheaper robots instead of a single large,
expensive robot results in improved operational efficiency,
greater redundancy and reliability, and reduced deployment
costs [9]-[12]. Collaboration is a cornerstone of multi-robot
systems, which is defined as a group of robots working
closely and interdependently to achieve tasks that would
be impossible for an individual robot to accomplish alone.
Specifically, collaborative transportation is an essential capa-
bility within multi-robot collaboration, with the objective of
enabling robots to work as a team to transport payloads to a
designated goal position (Fig. 1). Controlling multiple robots
to perform collaborative transportation presents significantly
greater challenges compared to single-robot control, as it
requires closely-coupled teamwork and synchronized actions
among individual robots under team constraints in order to
ensure effective payload transportation.

Recent advancements in learning-based methods have
significantly enhanced multi-robot collaboration capabilities.
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Fig. 1. A motivating scenario involves two quadruped robots collaborating
closely to transport a payload across 3D terrain while avoiding obstacles
that can be overcome between them.

For example, deep neural networks (DNNs) have been
implemented for multi-robot collision avoidance [13], [14],
graph neural networks (GNNs) have demonstrated promise
in decentralized multi-robot path planning [15]-[17], and
deep reinforcement learning (DRL) has also been developed
to perform collaborative multi-robot transportation, which
generates motion plans for teams of quadrotors [18], [19]
and quadrupeds [20]-[22]. However, several key challenges
remain inadequately addressed. First, when multiple robots
work together, conflicts can emerge between team-level
decisions and individual robot controls. Previous methods
have primarily focused on team-level motion planning and
treat individual robot control as a separate task [23], [24].
Second, while quadruped robots can move omnidirection-
ally, their motions are typically faster and more stable for
forward/backward compared to lateral movements. Exist-
ing learning-based approaches for quadruped robots often
overlook these anisotropic velocity limitations [20], [25].
Third, collaborative transportation can impose kinematic
constraints when robots are coupled to a payload. Existing
methods typically account only for the footprint of the payload
when addressing collisions and represent the robots as point
masses [14], [18], [25], which generally cannot address space-
constrained scenarios. Fourth, outdoor field environments with
varying terrain and obstacle heights require special attention
due to differences in robot and payload clearance heights,
where the two robots may navigate on either side of the
obstacle, even if their ground clearance is lower than the
obstacle’s height. This remains largely unaddressed in the
current state-of-the-art robot learning methods.

To address these challenges, we introduce Collaborative
Quadruped Transportation with Constrained Diffusion
(CQTD) that enables a team of two quadruped robots to
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collaboratively transport a payload to a goal position. CQTD
simultaneously learns team-level collaboration decisions and
individual-level robot controls under the unified mathemat-
ical framework of constrained bilevel optimization. At the
upper level, a diffusion model learns to denoise robot team
navigation trajectories to collaboratively move the payload to
a designated goal position across 3D terrain with obstacles.
At the lower level, CQTD optimizes the velocity controls of
individual robots, enabling each robot to closely execute
the team-level policy for collaboration, while satisfying
kinematic and environment collision constraints and the
robot’s anisotropic velocity constraints.
Our contributions are listed below:

o This work enables a new multi-robot capability for a
team of quadruped robots to collaboratively transport a
payload across unstructured 3D outdoor terrain, while
allowing the payload to overcome lower obstacles and
pass through narrow alleys.

o We introduce the CQTD approach which simultaneously
learns a team collaboration policy at the upper level and
optimizes individual robot controls at the lower level,
while satisfying a set of constraints imposed by the team,
individual robots, and the environment.

o We develop the first Gazebo-based simulation for closely-
coupled dual-quadruped transportation, which features
automatic generation of 3D terrain and obstacle spawn-
ing. It includes a team of two quadruped robots phys-
ically coupled and controlled via ROS. As a practical
contribution to the robotics community, we release the
simulation and physical robot setup as open source in
the project website.

II. RELATED WORK

Multi-Robot Collaborative Transportation. A team of
two or more robots can work together to collaboratively
transport payloads that are either too large or too heavy for
a single robot [26]—-[28]. Previous approaches have studied
collaborative transportation employing teams of unmanned
ground vehicles (UGVs) [23], [24], [29]-[32]. Traditional
techniques used for multi-robot collaborative transportation
are often based on model predictive control (MPC) or opti-
mization [33]-[38], designed in order to enhance locomotion
stability by treating the team as a single larger unit. However,
these methods generally assume predefined trajectories for
the team to transport the payload, which are generated
by separate motion-planning techniques. Other tracks of
research have implemented motion planning methods to plan
navigational trajectories for the team to perform collaborative
transportation, for example, using search-based planners [25],
sampling-based planners [39], and potential field planners [24].
More recent advancements have employed reinforcement
learning-based planners that directly generate navigational
trajectories for individual robots [18]. However, these previous
approaches focus solely on collisions caused by the payload,
neglecting individual robot collisions and their differing
ground clearances. Additionally, when applied to quadruped

robots, they fail to account for the anisotropic velocity limits
specific to each robot in the team.

Diffusion Models for Robot Policy Learning. Diffusion
models are a category of latent variable generative models
that iteratively sample data from an underlying distribution
through a denoising process. Recently, diffusion-based meth-
ods have attracted significant attention in robotics, where
they have been applied to policy learning across a wide
range of tasks in robotics, ranging from representing robot
policies that denoise manipulator trajectories online [40],
optimizing data-driven trajectories for motion planning [41]-
[44], and learning diverse robot behaviors [45], [46], but are
limited to single robots or treat them as point masses during
planning. Several approaches have explored diffusion-based
policy learning for multi-agent systems such as human-robot
collaboration [47], [48] and multi-robot motion planning [49],
but they do not adequately address the kinematic constraints
imposed on the entire team and primarily focus on relatively
controlled environments, failing to account for unstructured
3D environments.

III. APPROACH

We propose a novel approach, Collaborative Quadruped

Transportation with Constrained Diffusion (CQTD), to enable
the multi-robot capability of closely-coupled collaborative
transportation, which allows a team of quadruped robots to
navigate complex 3D outdoor environments together and
collaboratively transport a payload to a designated goal
position with minimal time and distance traveled. CQTD
develops a unified mathematical framework of constrained
bilevel optimization to jointly learn team-level collaboration
strategies and individual robot control policies. The upper
level of CQTD uses a diffusion probabilistic model to
generate navigational trajectories that guide the two quadruped
robots in collaboratively transporting the payload. As the
constraints of the upper level, CQTD’s lower level optimizes
the velocity controls of each quadruped robot, ensuring that
the robots precisely follow the team-level collaboration policy.
Constraints arising from the team kinematics, individual robot
configurations, and interactions with the environment are
also integrated into CQTD’s mathematical formulation. We
illustrate the CQTD approach in Figure 2.
Problem Definition. We represent the i-th robot using
a floating 3D bounding box, parameterized by b,, =
(%,,,R,,,d;.), where x,.. = (2.,y.,2,) € R3 is the
robot’s position in 3D space, R,, € SO(3) represents its
orientation as a 3D rotation matrix, and d,, € R3 represents
the size (i.e., length, width, and height) of the bounding
box. The quadruped robots are independently controlled with
velocity commands in a decentralized fashion, represented for
the i-th robot as u,, = (v,,,wy,), Where v, = (Vg r,, Uy r;)
and w,, denote the linear and angular velocities of the robot,
respectively.

Similarly, we model the payload as a floating 3D rect-
angular box, denoted by b, = (x,,R;,d,), where x, =
(Tp, Yp, zp) € R3 denotes its 3D position, R, € SO(3)
defines its 3D orientation, and d, € R3 represents its
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Overview of CQTD. Collaborative transportation is formulated as constrained bilevel optimization: the upper level employs diffusion to learn a

team-level trajectory to transport the payload, while the lower level computes individual robot velocity controls satisfying closed-chain kinematic constraints,

collision avoidance constraints, and anisotropic robot velocity constraints.

dimensions. Furthermore, we use Xg;qr+ € R> and Xgoal € R?
to represent the start and goal positions of the payload in
3D space, respectively. The two ends of the payload are
mounted on the backs of the two quadruped robots using
ball joints, which constrain the relative position between
the robots and the payload while allowing rotations. We
model this kinematic constraint in 3D space using a function
f : by = (x,%,), and also imposes a closed-chain
constraint for the team, which requires both quadrupeds
to remain in contact with the ground surface. The constraint
can be represented as Tglxr1 = T;Qx,,2 = X,, where
T)' € SE(3) and T)? € SE(3) are the transformation
matrices from the two robots to the payload’s center of mass.
Outdoor field environments typically feature uneven terrain
and irregular obstacles preventing the robot team from
passing through, which we define as the collision constraints.
To ensure safety while navigating, the quadrupeds must
satisfy the collision constraints to avoid collisions with the
terrain and obstacles. Mathematically, we represent the terrain
using an elevation map H : (x,y) — z, where z is the
height of the uneven terrain at position (z,y). Obstacles
are represented in the elevation map as an increase in
terrain height at their respective locations. We define the
i-th robot as free from collision with the environment when
its bounding box remains above the terrain and obstacles,
ie., b, > H(bs,by),V (by,by,b,) € b,,, where (b,,b,,b,)
is any point from the robot’s bounding box b,,. We similarly
define collision constraints with respect to b, for the payload.
Our objective is to determine a sequence of robot velocity
commands that minimize the time and distance required for
the robots to transport the payload from a start position
Xstart 10 @ goal position x4, While respecting kinematic
and collision constraints.
Upper-Level Optimization for Teamwork Policy Learning.
We introduce a diffusion probabilistic model at the upper level
of CQTD to learn the collaboration between the quadrupeds,
which enables them to transport the payload to the goal
position. Formally, we define the team state as a set of
bounding boxes that denote both the robots and payload,
i.e., s = (by,, by,, by), where each b consists of the position
x, orientation R, and dimensionality d of the bounding box in
3D space. We further represent a trajectory of team states as
S = [s!,s2,...,s%] that includes L team states on the trajec-

tory. Then, we model the team trajectory probabilistically as a
conditional distribution p(S|c), where ¢ = (H, Xstart, Xgoal )
encodes the height map representation H, start position Xs¢q¢,
and goal position X4,4. The conditional distribution p(S|c)
resides in a high-dimensional space, which makes direct
modeling and sampling intractable. To explicitly address this
challenge, we propose to leverage the expressive power of
diffusion models to learn this distribution as a parameterized
model.

The diffusion model is based upon the probabilistic diffu-
sion process [50], with Gaussian noise progressively added
to the team state trajectory Sy during the forward diffusion
process to obtain noisy trajectories Si,...,Sk_1,Sk using
a Gaussian function ¢, while maintaining features of the
original trajectory Sy. This forward diffusion process can be
expressed by ¢(Sk|Sk—1,k) = N(Sk, V1 — BrSk—1, Bi]),
where (i is determined by the diffusion noise variance
schedule, and k € {1,..., K}. The reverse diffusion model
then reverses the forward process via predicting the Gaussian
noise at each step k utilizing a deep neural network €y (Sk, k)
parameterized by 6. Starting with a standard Gaussian
prior p(Sk) = N(0,1), the denoising process iteratively
transforms the noisy trajectory Sy into a noise-free trajectory
Sp. Since the navigational trajectories of the team are
influenced by the environment, as well as the team’s start
and goal positions, we design the denoised trajectories to
be conditioned on the height map, start position, and goal
position. The conditional denoising process is defined as
Sk_1 = oy (Sk - ’ykeg(sk, k|C)) + oy, where o, Vi, and oy,
are parameters in this reverse process. To learn this diffusion
model, we minimize the mean squared error between the
predicted noise €y(Sk, k|c) and the actual noise added up to
the k-th step, expressed by £ = Ec s, ||ex —€o(So+ex, k|c)|3,
where €, is a randomly sampled noise with variance oy.

Then, the upper-level optimization of CQTD can be
mathematically expressed by:

min Ee s, e — €9(So + €k, klc) |13 (1)
st (x,,x7,) = f(b},) )
Tyix,, = T, = X, 3)
btz > H(biﬂbgt;) V (btxab;‘;abi) € b;aj S {pv 7"1,7"2} (4)

The objective function in Eq. (1) aims to learn the parameters
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0 of the diffusion model used to sample the maximum likeli-
hood of p(S|c) in order to generate navigational trajectories
for the team of robots to collaboratively transport the payload
to the goal position, while satisfying the team kinematic and
closed-chain constraints in Egs. (2) and (3), respectively, and
the environment constraints for the team and payload to avoid
collisions in Eq. (4).

Lower-Level Optimization for Individual Robot Control.
The goal of our CQTD’s lower-level optimization is to gener-
ate a sequence of L velocity controls U, = [u}ni, u,%i, e uﬁ]
for each individual robot, enabling them to closely follow
the upper level team state trajectory and reach their goal
positions as fast as possible, while satisfying collision and
velocity constraints.

Given the [-th team state s' € S from the trajectory of team
states S = [s',s?,...,s%] planned by our CQTD’s upper-
level optlmlzatlon, we extract and define the bounding box
poses of the i-th robot as its state s. = (x. ,RL) € s’
When the robot takes an action denoted by a velocity
command ul for a time period 7! ,» this robot transitions
from its Current state sl to the next robot state sl+1 through

sttt = sl + [uf dt. The objective function of the lower
level, denoted by a squared ¢5-loss, is designed to ensure
that the actual states (s. )*“* of the i-th quadruped robot
closely follow its planned states (sl”)pl“" = s! generated
at the upper level. Furthermore, the lower level of CQTD
aims to minimize the total travel time to encourage each
robot to move faster, which can be accomplished through
minimizing Zle 7'7{ Non-holonomic ground robots, includ-
ing quadrupedal robots, are subject to anisotropic velocity
constraints, where the robot’s maximum allowable velocities
differ for movements along the z-axis and y-axis. To explicitly
model such constraints in CQTD’s lower level, we define the
maximum anisotropic velocities of each quadrupedal robot as
Vmaz = (ULmaxa'Uy}maw): where Uz, max > Vy max > O’
and require linear velocities to satisfy these anisotropic
velocity constraints (|vf, .|, v} |) < Vinqe. Incorporating the
minimization objective and constraints, we mathematically
formulate the lower level of CQTD as:

mlnz (7L + AJ(sh, )2t — (st )Plem)|2) Wi € {1,2} (5)

(\vz vl 10 1) < Vinaas Vi € {1,2} (©6)
bt > H(b;,b;) V (b, 0, 0L) € bl g€ {ri,m}  (7)

where A is a hyperparameter to balance the two loss functions.
Besides the anisotropic velocity constraints, each individual
robot must satisfy the collision constraints for obstacle
avoidance as modeled in Eq. (7).

Constrained Bilevel Optimization for Diffusion Learning.

We integrate the upper-level and lower-level objectives into
the unified mathematical framework of constrained bilevel
optimization, which results in our CQTD approach, defined
as:

minEe s, [[ex — €9(So + €x, k[c) I3 ®)
L

s.t. argminz (L A+ AI(sh, ) <t — (st )Pl |13) Vi € {1,2}
T =1

©)

(x7,,x7,) = f(b) (10)

Tm fl — T:fxiz = X; (11)

(|% 7ﬂ1| |vt |) < Vinagz, Vi € {1,2} (12)

bt > H(b;,b;) W (b, b, ) € bl j € {p, 71,70}
(13)

The upper level in Eq. (8) learns a trajectory of team
states S as the collaboration policy for the quadrupeds to
transport the payload together, while CQTD’s lower level
in Eq. (9), as a constraint of the upper-level optimization,
optimizes velocity controls for individual robots to precisely
execute the team policy in a decentralized manner. Within the
optimization formulation, CQTD simultaneously integrates
four constraints. The constraint at the upper level on team
kinematics is modeled by Eq. (10), which arises from physical
connections between the payload and the robots. The closed-
chain constraint at the upper level, modeled by Eq. (11),
ensures that the robots remain on the ground surface. The
constraints on anisotropic velocities at the lower level in
Eq. (12) reflect the different capabilities of the quadruped
robots when moving in different directions. The collision
constraints in Eq. (13) must be satisfied both by each
individual robot at the lower level and the payload carried
by the team at the upper level of CQTD.

In order to solve the formulated constrained bilevel
optimization problem, we simultaneously train the diffusion
probabilistic model to generate trajectories of the robot team
S at the upper level in Eq. (8) and optimize individual
robot velocities U, at the lower level in Eq. (9). Given a
dataset of collaborative transportation D = {c, S*}¥ |, which
contains N samples that are collected using our new multi-
robot simulation (presented in Sec. IV) across varying height
maps H of different terrain, as well as the robot team’s start
positions Xzqr¢, goal positions X 04, and trajectories S*, we
perform imitation learning to generate a trajectory of team
states. The upper level Eq. (8) optimizes the diffusion model
parameters # to minimize the diffusion loss with respect to
S* and c in the dataset and is solved by training the diffusion
model using gradient descent based upon the Adam optimizer.
The lower-level objective is optimized during the training
phase by minimizing the error between the learned individual
robot velocities and the velocities from the imitation samples
within the dataset. During execution, this is implemented
using a PID-based local planner that tracks the robot team
states from S, and individual robot velocities are scaled down
to velocity limits to prevent robot and payload collisions.

IV. EXPERIMENTS

Experimental Setups. We develop the first Gazebo-based
simulation for closely-coupled dual-quadruped transportation,
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Fig. 3.
CQTD approach in Gazebo simulations and with real physical robots in
both indoor and outdoor environments.

Representative scenarios used to comprehensively validate our

which features automatic generation of 3D terrain with height
maps and obstacle spawning to allow for diverse automated
testing environments. The simulation runs Robot Operating
System (ROS) 1 Noetic and includes a team of two quadruped
robots physically coupled to a payload that can be positioned
anywhere in the simulation. We utilize two Unitree Gol
quadruped robots using the Champ locomotion controller [51].
The 3D models of two quadruped robots and a 45-inch
payload are imported to Gazebo simulator and the payload
is attached to the robots via two ball joints, allowing for
rotation. The robot team’s states can directly be queried from
the Gazebo simulation, while each robot can be independently
controlled using velocity commands through ROS using the
cmd_vel topic under separate namespaces (i.e., gol_1 and
gol_2). We run the entire simulation on an Ubuntu 20.04
machine.

We create a synthetically generated dataset to train our
CQTD approach across 100,000 different height maps with 10
varying start and goal positions each. Specifically, the height
maps H are generated using Perlin noise [52] for realistic
terrain and are encoded into a height map representation using
a ResNet-18 network [53]. When generating the dataset D,
the upper-level optimal robot team trajectories S* are solved
by a search-based motion planner, where valid robot team
states are checked against the lower-level collision constraints,
and where edge costs between robot team states take into
account the anisotropic velocity limits of the quadrupeds.
Because of the computational complexity of search-based
planning for multi-robot teams, the generated high-quality
optimal trajectories need to be computed offline.

We evaluate our CQTD approach in both Gazebo simu-

TABLE I
QUANTITATIVE RESULTS OF CQTD IN SIMULATION.

\ Method [| Success Rate | Planning Time (s) [ Path Length (m) |
A* [54] 76.40% 4.31 14.92
RRT* [55] 67.40% 0.21 18.66
DON [18] 13.40% 0.06 15.86
CQTD (ours) 86.20% 0.76 17.00

lations and real-world deployments in indoor and outdoor
environments. In simulation, CQTD is trained and evaluated
on 8-core Intel Xeon Gold machines with 64GB RAM. For
real-world experiments, we deploy CQTD on a Jetson Orin
Nano onboard on each quadruped robot. Our evaluation covers
two scenarios: overcoming obstacles and passing through
narrow alleys.

We compare CQTD against three baseline approaches: (1)
A* [54], a graph-based pathfinding algorithm based on a
weighted graph of the configuration space, (2) RRT#* [55], a
sampling-based method that explores the robot’s configuration
space by constructing a space-filling tree, and (3) DQN [18],
a learning-based method using deep Q-network (DQN) for
cooperative object transportation.

Our CQTD is quantitatively evaluated and compared against

the baseline methods under three metrics: (1) success rate,
the ratio of completed collaborative tasks to total evaluations,
(2) planning time, which is the total time cost for robot
team’s actions inference, and (3) total path length, which is
the total distance traveled by the payload during collaborative
transportation. Both planning time and total path length are
measured only for successful cases.
Quantitative and Qualitative Results on Simulation.
We evaluate our CQTD approach on the test split of the
synthetically generated terrain dataset. We collect metrics
on 500 unique terrain environments with varying start and
goal positions. An example of a scenario solved by CQTD
in Gazebo simulation is in Fig. 4, where the two robots
successfully transport their payload to the goal position while
maintaining stability and avoiding obstacles in the terrain.

Our quantitative results can be seen in Table I. CQTD has
the highest success rate among the baseline methods, out-
performing them by at least ten percentage points. Although
RRT* has the fastest planning time (due to its probabilistically
complete formulation), the path length it produces is the
longest and its success rate is not very high. A* has the
shortest path length because its solutions (should it find
some) are guaranteed shortest; however, its search-based
nature significantly slows down its planning time due to the
exponential time complexity. Also, A* can also suffer from
discretization errors when optimizing search speed. DQN, the
only comparable learning-based baseline available in recent
work, performs poorly due to the difficulty in learning a
generalized policy across varying environments.
Qualitative Results on Real-World Robots. Additionally,
two Unitree Gol quadruped robots are deployed in both
indoor and outdoor real-world scenarios, where CQTD fully
autonomously controls the robots. Details on the experimental
setup are discussed in the project website. In the indoor envi-
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Fig. 4. Qualitative results of CQTD where two quadruped robots collaboratively transport several baskets across automatically generated 3D terrain running
on our Gazebo-based simulator.

Fig. 5. Two quadruped robots collaboratively transport brick payloads as a closely-coupled team in an indoor environment (a) over a block obstacle and
(b) through a narrow alley between block walls.

Fig. 6. A closely-coupled team of two quadruped robots collaboratively transports brick payloads across an outdoor environment with unstructured 3D
terrain (a) over tree branches, (b) between a pile of rocks and a cart, (c) across dense obstacles, and (d) on terrain with steeper slopes.

ronment, CQTD successfully finishes the overcome obstacle  also executes the pass narrow alley scenario in Fig. 5(b),
scenario, where the payload passes over the obstacle while  where the robots switch from side-by-side to instead form
the robots walk side-by-side, illustrated in Fig. 5(a). CQTD a line to enter the narrow area. In the outdoor environment,
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the robot team instead crossed behind it.

we illustrate the same overcome obstacle and pass narrow
alley scenarios in Fig. 6(a) and Fig. 6(b). We show additional
scenarios of denser obstacles in Fig. 6(c) and steeper terrain
in Fig. 6(d), which the robots also successfully navigate.

Dynamic Scenes and Runtime Adaptation. Because our
approach computes the team trajectory using diffusion at
the start of collaborative transportation, similar to many
other diffusion-based planning methods [42], [43], it does
not directly apply to dynamically changing environments
and obstacles. To support dynamic scenarios, we re-plan
the CQTD upper level diffusion at regular intervals given
updated height maps. Our system can perform this re-planning
using its autonomy stack at up to approximately 1 Hz. We
demonstrate this scenario in Fig. 7, showing the robot team
successfully avoiding a dynamically moving Jackal robot.

V. CONCLUSION

In this work, we introduced CQTD as a novel constrained
bilevel optimization approach designed to enable collaborative
payload transportation across complex 3D terrain. CQTD
uses a diffusion-based learning method to generate robot
team trajectories at the upper level, while simultaneously
generating individual robot velocity commands at the lower
level. CQTD’s bilevel formulation also allows for the effective
integration of a wide range of constraints arising from
the team, individual robots, and the environment. At the
upper level, it considers closed-chain and team kinematic
constraints, as well as collision avoidance constraints for
both the robots and the payload, while CQTD’s lower level
accounts for collision avoidance constraints and anisotropic
velocity limitations for each individual quadruped. In order to
validate its performance, we conducted comprehensive exper-
iments to evaluate CQTD through both our newly designed
Gazebo simulations and physical quadruped robot teams
collaboratively transporting a payload in indoor scenarios
as well as outdoor environments with unstructured 3D terrain.
Experimental results demonstrate that our CQTD approach
enables new multi-robot capabilities for collaborative trans-
portation through robot learning, and it outperforms baseline
methods across multiple metrics.

VI. LIMITATIONS

We identify several limitations in our CQTD approach
that could serve as directions for future research. First, since
our approach uses a height map to represent the 3D terrain
surface of the environment, it cannot represent overhanging
obstacles. Future work could extend the height map into a 3D

CQTD handling a dynamic scene containing a moving obstacle by periodically re-planning. Originally intending to cross in front of the obstacle,

occupancy grid, which can be constructed using a 3D SLAM
method [56], to represent obstacles in the full 3D space in
order to update the generated team trajectory according to
the current environment situations. Second, as a common
limitation of diffusion-based approaches, the performance of
our approach depends on the size, quality, and diversity of
the training dataset. As a result, CQTD may struggle with
environments that differ significantly from the training set (i.e.,
out-of-distribution). To address this, we could generate a more
comprehensive and diverse synthetic dataset to model terrain
variations or collect real-world terrain data for continuous
learning. The third limitation arises from the assumption
that the two robots are physically connected by a fixed
and rigid payload, which is utilized to manually compute
closed-chain and team kinematic constraints. To enhance the
generalizability and adaptability of our approach in addressing
this limitation, future research could focus on incorporating
additional learning components to automatically estimate the
impact of payload length and weight on the robots.
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