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ABSTRACT
Reconfigurable multiagent systems (RMSs) are composed of indi-
vidual agents capable of docking and undocking together to form
composite agents with new capabilities that can adapt to diverse
tasks. One such system, salp-inspired agents (simple thrust-based
agents that can form chains for locomotion) have the potential for
scientific monitoring in topologically intricate underwater habi-
tats, such as caves, overhangs, and confined openings. Current
approaches focus on controlling the locomotion of single salp units
or small salp chains that are limited to operating on a fixed-size
structure. However, this limits the scalability and robustness inher-
ent to the salp chain design and requires new controllers for new
chain configurations. In our work, we introduce a set of graph-based
neuro-controllers whose structures directly map onto salp chains of
arbitrary length. By representing salp units as nodes in a graph, we
integrate the chain’s structure directly into the controller’s archi-
tecture, eliminating the need to redesign the controller whenever
the chain grows or shrinks. Our results show that graph-based
controllers retain up to 90% performance under zero-shot settings,
demonstrating scalability and robustness to salp-unit failures.
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1 INTRODUCTION
Salps are marine organisms that propel themselves using multi-jet
propulsion and self-assemble into large chains to move efficiently
underwater [2, 16]. Salp-inspired agents [4, 9, 21] offer similar
advantages for long-range underwater motion, making them well-
suited for extended tasks such as ocean monitoring or environ-
mental surveys [5]. Three main challenges stem from the modular
design of salp chain agents. Firstly, the use of multi-jet propulsion
limits the locomotion of individual salp-units to one DOF. Thus, lo-
comotion of the chain requires a high level of coordination between
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salp-units. Secondly, the varying degrees of freedom of adding or
removing salp-units require a new controller for every chain config-
uration. Finally, salp-units along the chain can fail, which requires
the controller to adapt and retain performance under failure.

Seminal research in salp-inspired agent locomotion focuses on
the control of single salp-units [4, 9, 22] and small salp chains (two
to three units) [21, 23]. While these controllers are effective for
small chains, the primary benefits of salp locomotion come from
their ability to operate as larger chains. Additionally, as the chain
grows in size, so does the risk of failure of individual salp-units.
Thus, the challenge is how to maintain effective control of the salp
chain as units are added, removed, or even fail.

Reinforcement Learning (RL) methods have shown success in
training neural network (NN) controllers that handle tightly cou-
pled, non-linear dynamics [7, 11, 14, 20]. Among the different NN
architectures, graph neural networks (GNNs) [6, 18] in particular
are well suited for controlling intricate structures with many inter-
connected joints [1, 8, 19]. They do this by aggregating information
from neighboring nodes to determine the control action for individ-
ual nodes. However, for a salp chain, this means that the selection
of graph topology or aggregation mechanism can have a significant
impact on the salp chain’s robustness and adaptability.

In our work, we introduce a set of graph-based controllers that
embed the structure of the salp chain into a controller’s architec-
ture. To test the controllers’ robustness and scalability, we perform
zero-shot experiments across varying salp chain sizes and levels
of salp-unit failure. To train the controllers, we introduce the Salp
Chain Locomotion Domain (SCLD). Empirical results in the SCLD
environment show that graph-based controllers maintain 90% of
their performance on salp chains of up to twice the length used
during training. Furthermore, we find that both local and global
aggregation mechanisms can produce graph-based controllers with
strong zero-shot performance.

2 BACKGROUND
Work on single salp units started with the emulation of salp jet
propulsion by Bujard et al. [3]. They built a pulse-jet swimming
agent whose cost-of-transport matches the one seen in efficient
pulse-jet swimmers such as jellyfish and salps. Tackling the problem
of linking multiple salp units into a chain, the authors [21] devel-
oped a ground-based version of a 3-unit salp chain and developed
a controller using geometric mechanics. Finally, iterating on their
origami-inspired salp-unit, Yang et al. [23] connected multiple salp
units into a 2-unit chain, and showed that it provides a significant
increase in speed underwater than a single unit. To control the salp
chain, they use a fixed jet pulse sequence at a known rate.
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To leverage reinforcement learning methods [17], we model
the salp chain locomotion problem as a Markov Decision Process
(MDP). An MDP is a sequential decision-making process defined
by five components: a set of states S, actions A, a reward function
R(𝑠), a transition function P(𝑠′ |𝑠, 𝑎) and a policy 𝜋 (𝑎 |𝑠). At each
time step, given a state 𝑠 ∈ S, the agent takes an action 𝑎 ∈ A
following policy 𝜋 . Afterwards, it receives the next state 𝑠′ from the
transition function P and finally obtains a reward from R(𝑠′) → 𝑟 .
The use of policy 𝜋 induces a value function 𝑉 (𝑠𝑡 ) = E[𝑅𝑡 |𝑠𝑡 ],
where 𝑅𝑡 =

∑∞
𝑖=0 𝛾

𝑖𝑟𝑖+1 is the discounted return from the episode.
Graph Neural Networks (GNN) are a class of neural network

architectures that can operate on any graph, both directed and
undirected [6]. A graph is defined as G = (V, E) where V is the
set of all nodes, and E is the set of all edges. When it comes to
locomotion tasks, often the structure of the agent is partitioned
into nodes, and the edges between them define their kinematic
relation [1, 13, 19]. For example, in [13], the authors partitioned a
legged agent such that the state of each joint became a node and
each connection between joints an edge in a graph.

3 LEARNING SALP-INSPIRED LOCOMOTION
The Salp Chain Locomotion Domain (SCLD) simulates a 2D chain
of linked salp-units. The main goal in this domain is to translate
the entire chain to a target pose that changes in shape and position
each episode. In the SCLD, each salp-unit can only generate forces
to propel itself along one degree of freedom through forward or
backward force. The links between salps connect them in a chain
through revolute joints. Each salp-unit is assigned a reachable indi-
vidual target position that is part of the complete target pose. The
main locomotion challenge comes from the restricted motion of
each salp-unit and the requirement to coordinate the salp-units’
forces to produce both translation and rotation of the entire chain.

We use the SCLD to evaluate how different graph-based models
perform on unseen salp chain lengths and under varying levels of
salp-unit failure. We train graph-based policies (GCN, GATv2, GT)
using a mixed and fully connected graph structure, and an MLP
policy as a performance baseline using PPO. Two controllers are
trained for each model-topology pair, one trained on an 8-salp-unit
chain and another on 16, resulting in 6 total graph-based controllers
and 1 baseline MLP controller. We perform zero-shot evaluation
using policies trained on 8 and 16 salp-unit chains operating on an
increasing number of disabled salp-units and unseen chain lengths.
The maximum number of disabled units is 50% of the trained chain
length, and the maximum length on evaluation is up to 40 units.

Our results show that training our GNN controllers on a fixed
chain length, particularly the ones using theGT architecture, demon-
strate varying levels of both scalability and robustness to failure
under zero-shot conditions as seen in both Figures 1a and 1b. Ad-
ditionally, we found that increasing the size of the chain length
used for training also increases the scalability of our controller
by retaining 90% performance on longer chains. Additionally, we
found that the inverse relation is true when aiming for robustness.
As the ratio of train-length to zero-shot-length increases, the GT
controller trained on the longer 16 salp-unit configuration saw a
6.25% drop in the amount of disabled salp-units it could handle. On
the other hand, at a ratio of 2:3, the GT controller trained on the 8
salp-unit configuration showed the same robustness as when tested

with a 1:1 ratio. This implies that training on longer configurations
increases scalability at a higher rate than robustness.

(a)

(b)
Figure 1: Zero-shot evaluations of policies trained on 8 and
16 salp units across varying salp chain lengths (Fig. 1a) and
across increasing disabled units (Fig. 1b). A normalized mean
distance reward of 1.0 implies that the salp chain was able to
match the target pose fully. We can observe that as the ratio
increases, the 90% performance threshold is crossed sooner.

4 PROPOSED RESEARCH
So far in our work, we’ve shown that GNN models can provide
scalability and robustness in a salp chain locomotion setting. How-
ever, more complex tasks can require a sequence of docking and
undocking of salp units to do obstacle avoidance, or adapt the salp
chain shape to enclose or capture an objective, which cannot be
solved with just locomotion control. In this respect, we propose
abstracting the low-level locomotion into macro-actions to focus
on the higher-level decision-making of when to dock/undock, and
which chain configuration to select based on the task. For this, we
intend to leverage the concept of skill chaining [10, 15] in RL. By
using pre-trained skills such as spreading out, converging at a point,
and breaking into subchains, among others. We aim to train the
agent’s policies using multiagent RL [12, 24] methods to learn to
sequence these skills to solve a target enclosure task, where the
agents have to break into units to avoid obstacles, and then regroup
in a shape that can enclose an irregularly shaped target.
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