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ABSTRACT
Salp-inspired agents (simple thrust-based agents that can form
chains for locomotion) have the potential to monitor marine life
and collect scientific samples in topologically intricate underwater
habitats, such as caves, overhangs, and confined openings. For ex-
ample, salp agents can modify the size of their chain structure to
allow themselves to navigate through narrow bottlenecks and reach
areas that would otherwise be inaccessible. However, the redun-
dancy, non-linear characteristics, and chain structure make design-
ing modular salp chain locomotion controllers a challenging task.
Current approaches focus on controlling single salp units or small
salp chains that are limited to operating within a fixed structure.
In this work, we introduce a set of graph-based neuro-controllers
whose structures directly map onto salp chains of arbitrary length.
We develop a Salp Chain Locomotion Domain for learning the con-
trollers’ parameters and evaluating their zero-shot performance
across different graph structures and aggregation mechanisms. By
representing salp units as nodes in a graph, we can express the chain
as a variable-sized input that naturally fits graph-based controllers
regardless of chain length. This shift in perspective integrates the
chain’s structure directly into the controller’s architecture, elimi-
nating the need for a new controller whenever the chain grows or
shrinks. Our results show that our graph-based controllers main-
tain strong zero-shot performance when generalizing to new chain
lengths up to twice the length of the trained models.
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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 [3, 23]. Salp-inspired agents [7, 14, 30] offer similar
advantages for long-range underwater motion, making them well-
suited for extended tasks such as ocean monitoring or environ-
mental surveys [10]. Additionally, salp units can be attached and
detached from salp chains to reconfigure their structure, making
them adaptable to dynamic environments. Two main limitations
stem from the modular design of salp chain agents. The first is that
the complete state of the salp chain consists of the combined limited
perspective of each salp unit. The second is that the use of multi-jet
propulsion leads individual salp units to have limited locomotion,
as each one can only generate motion in the direction it is facing.
These two limitations, added to the varying degrees of freedom of
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(a) A biological salp chain [6]. (b) A salp-inspired agent [23].

(c) SCLD diagram. (d) 8-unit salp chain in the SCLD.

Figure 1: From top to left: 1a shows a biological salp chain,
while 1b shows a 3-unit salp chain agent capable of moving
on the water’s surface. Figure 1c shows a diagram of the Salp
Chain Locomotion Domain (SCLD) we introduce in this work.
The goal is to control each salp unit in the salp chain to reach
the target pose. Each salp unit has a target pose assigned,
as shown by their colors. Finally, 1d shows an 8-unit salp
chain operating inside the SCLD. The projected lines from
each salp unit represent the magnitude and direction of their
generated force.

adding or removing salp units, make designing controllers for salp
chain agents challenging.

Seminal research in salp-inspired agent locomotion focuses on
the control of single salp units [7, 14, 31] and small salp chains (two
to three units) [30, 32]. While these controllers are effective for
small chains, the primary benefits of salp locomotion come from
their ability to operate as much larger chains. The challenge is how
to maintain effective control of the salp chain as more units are
added. Each unit’s dynamics are tightly coupled to every other unit,
so a small perturbation from one unit can affect the entire chain.

This is where Reinforcement Learning (RL) methods have shown
promising results, as they can learn controllers that handle tightly
coupled, non-linear dynamics [12, 16, 21, 29]. Graph neural net-
works (GNNs) [11, 27] in particular are well suited for controlling
intricate structures with many interconnected joints [2, 13, 28].
They aggregate information from neighboring joints to determine
the control action for a single joint. However, applying them to a



salp chain introduces a unique challenge because the joints connect-
ing individual salps are passive, and the reconstruction of the salp
chain state requires accurate processing of each salp unit’s informa-
tion. This means that selecting how the information between units
will be shared, through graph topology or aggregation mechanism,
can have a significant impact on the salp chain’s behavior.

In this paper, we introduce a set of graph-based controllers that
embed the structure of the salp chain into a controller’s architecture.
Additionally, we analyze how these controllers perform in zero-shot
experiments across varying salp chain sizes. To train the controllers,
we introduce the Salp Chain Locomotion Domain (SCLD), a novel
RL environment that simulates salp chain locomotion (see Figure
1). In the SCLD, introducing a new salp unit requires the policy to
control the new unit and coordinate with the rest of the chain to
maintain performance. The key insight in this work is that the graph
structure captures the relationships among the independent states
of the salp units, enabling the graph neural network controller to
operate on arbitrary salp chain lengths.

The contributions of this work are:

(1) A set of graph-based neural network controllers that achieve
scalable salp chain locomotion, enabled by a representative
state space that captures the independent salp unit’s state
while capturing the joint locomotion potential of the salp
chain.

(2) A novel learning environment, the Salp Chain Locomotion
Domain (SCLD), that simulates salp chain locomotion and
allows for scaling the salp chain size.

Empirical results in the SCLD environment show that graph-
based controllers maintain their performance on salp chains of
up to twice the length used during training; beyond that, their
performance decays linearly. Furthermore, we find that both local
and global aggregation mechanisms can produce graph-based con-
trollers with strong zero-shot performance. The key is ensuring
important data is not lost during aggregation.

2 BACKGROUND
2.1 Salp-Inspired Agents
Work on single salp units started with the emulation of salp jet
propulsion by Bujard et al. [5]. They built a pulse-jet swimming
agent whose cost-of-transport matches the ones seen in efficient
pulse-jet swimmers such as jellyfish and salps. Tackling the prob-
lem of linking multiple salp units into a chain, the authors [30]
developed a ground-based version of a 3-unit salp chain and devel-
oped a controller using geometric mechanics. Finally, iterating on
their origami-inspired salp unit, Yang et al. [32] connected multiple
salp units into a 2-unit chain, and showed that a 2-unit chain has a
significant increase in speed underwater than a single unit. To con-
trol the salp chain, they use a fixed jet pulse sequence alternating
at a known rate.

2.2 Reinforcement Learning
To leverage reinforcement learning methods [24], 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. In this
work, we utilize the Proximal Policy Optimization (PPO) algorithm
to optimize the MDP’s policy.

2.2.1 Proximal Policy Optimization. Proximal Policy Optimization
(PPO) [20] is a reinforcement learning method that is widely used
in locomotion learning tasks [12, 16, 29]. PPO collects a series of
rollouts from the environment and uses them to optimize the policy
using the following clipped loss function:

𝐿(𝜃 ) = Ê𝑡 [min
(
𝑟𝑡 (𝜃 )𝐴𝑡 , clip

(
𝑟𝑡 (𝜃 ), 1 − 𝜖, 1 + 𝜖

)
𝐴𝑡

)
] (1)

where 𝑟𝑡 (𝜃 ) =
𝜋𝜃 (𝑎𝑡 |𝑠𝑡 )

𝜋𝜃old (𝑎𝑡 |𝑠𝑡 )
represents the probability ratio be-

tween the current policy and a previous copy, and 𝐴𝑡 represents
the advantage estimation using Generalized Advantage Estimation
[17].

2.3 Graph Neural Networks
Graph Neural Networks (GNN) are a class of neural network archi-
tectures that can operate on any graph, both directed and undirected
[11]. A graph is defined as G = (V, E) where V is the set of all
nodes, and E is the set of all edges. The set of nodes neighboring
node 𝑖 is represented as N(𝑖). 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 [2, 18, 28]. For
example, in [18], 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.

Graph Convolutional Networks (GCN) [15] are a type of GNN
that leverages graph convolution to aggregate neighboring node
features into each node in the graph. They work by updating the
features ℎ𝑖 of each node in the graph. This update aggregates infor-
mation from neighboring nodes’ features 𝑥 𝑗 where 𝑗 ∈ N (𝑖) using
a weight matrixW. The following equation shows how the node
features are calculated:

ℎ𝑖 =
1√︁

𝑑𝑒𝑔(𝑖)
√︁
𝑑𝑒𝑔( 𝑗)

∑︁
𝑗∈N(𝑖 )

W𝑥 𝑗 (2)

where 𝑑𝑒𝑔(𝑖) and 𝑑𝑒𝑔( 𝑗) represent the number of connections
node 𝑖 and 𝑗 have respectively, also called the degree. The degree
is used to normalize the features of nodes with a high neighbor
count, as they are shown to propagate more easily than those with
a lower neighbor count.

Another type of GNN is the GraphAttention Network (GAT) [27].
In this work, we implement the GATv2 model [4] since it’s a direct
improvement over the original GAT model. The GATv2 network
makes use of a simplified attention mechanism that calculates the
attention score 𝑒𝑖 𝑗 using the following equation:

𝑒𝑖 𝑗 = 𝑎
⊤LeakyReLU(W𝑙

−→
ℎ𝑖 +W𝑟

−→
ℎ 𝑗 ) (3)



where 𝑖 is the query node, 𝑗 is the key node, 𝑎 is the adjacency
matrix, and W𝑙 and W𝑟 are the query and key weight matrices
respectively. This equation enables the dynamic aggregation of
neighboring nodes’ features.

Similar to GATv2, the Graph Transformer (GT) [8, 22] is a GNN
architecture that leverages the full self-attention mechanism used
in the Transformer architecture [26]. Where the attention weight
between two nodes 𝑖 and 𝑗 is calculated with the following equation:

𝑤𝑖 𝑗 = softmax(
𝑄ℎ𝑖 · 𝐾ℎ 𝑗√

𝑑
) (4)

where ℎ𝑖 and ℎ 𝑗 are the features of their respective nodes, 𝑑 is
the feature embedding dimension, and 𝑄 and 𝐾 are the query and
key embedding matrices. These weights function as a similarity
measurement between node features and can capture more complex
patterns between node interactions.

3 METHOD
3.1 Salp Chain Locomotion Domain
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.
A diagram of the learning environment is shown in Figure 1c.

3.1.1 Reward Structure. SCLD’s reward structure consists of a
sparse goal-based reward and a dense distance-based reward. Di-
viding up the reward into these two components is common in
continuous control tasks [1, 19, 25]. The sparse goal-based reward
is not given every episode, but only at the end of episodes where
the target pose is reached within a threshold. This reward allows
the policy to differentiate between behaviors that reached the goal
but couldn’t match the target pose correctly, and behaviors that
were able to do both navigation and pose adjustment. The use of
a dense reward provides the policy with a learning signal even
when the target pose is not fully reached. A key aspect of the im-
plemented dense reward is that it does not reward or punish the
salp chain for not moving. The reason is that in every episode, the
initial salp chain pose and the target vary. This leads to the starting
state having different rewards for most episodes, increasing the
chances of biasing the model positively or negatively for taking no
action. Thus, the dense reward is provided at every timestep as the
difference between the distance to the target pose in the current
timestep and the previous timestep, providing a small reward every
time the salp chain moves towards (positive) or away (negative)
from the target pose.

To calculate the rewards, we define the following notation, where
𝑛 is the number of salp units in the chain, s ∈ R𝑛×2 represents all
salp units’ positions in the chain, and u ∈ R𝑛×2 represents all target

poses of the goal pose. The dense reward is provided by calculating
the negative mean distance error between the target and the salp
chain at the current and previous timestep, and calculating their
difference:

𝑅𝑑𝑖𝑠𝑡 (𝑡) = −
∑𝑛

𝑖=0 | |𝑢𝑡𝑖 − 𝑠𝑡𝑖 | |
𝑛

(5)

𝑅𝑑𝑒𝑛𝑠𝑒 = 𝑅𝑑𝑖𝑠𝑡 (𝑡) − 𝑅𝑑𝑖𝑠𝑡 (𝑡 − 1) (6)
The sparse goal-based reward utilizes the discrete Fréchet dis-

tance [9] as a similarity measure between the curves defined by
the target pose and the salp chain. The discrete Fréchet distance
is the greatest distance between any salp unit position and the
closest point in the target pose. It’s worth noting that this metric
can be replaced with any metric that captures curve similarity. The
goal-based reward is given once the salp chain reduces the Fréchet
distance between target and salp chain to fulfill this equation:

𝑅𝑔𝑜𝑎𝑙 =

{
0 0.95 > 1

exp (fréchet(u,s) )
1 0.95 ≤ 1

exp (fréchet(u,s) )
(7)

The 0.95 threshold effectively means that once the salp chain
reduces the discrete Fréchet distance to a value 𝜖 ≈ 0 the task
is considered complete. The final reward value per time step is
calculated as the sum of both rewards:

𝑅𝑆𝐶𝐿𝐷 = 𝑅𝑑𝑒𝑛𝑠𝑒 + 𝑅𝑔𝑜𝑎𝑙 (8)

3.1.2 State Space. The state space in SCLD is composed of the
concatenation of salp units’ state information. The state of each
salp unit can be seen in Table 1, which is composed of 24 different
kinematic and dynamic metrics. The complete salp chain state
dimension is 𝑛 × 24, and it scales linearly with the number of salp
units in the chain.

The state space captures the salp unit’s local, neighboring, and
individual target information. We include local kinematic data such
as linear and angular position and velocity. Additionally, we include
data relative to the overall chain and target, such as positions and
velocities, which helps locate the salp unit in the context of the
task. Finally, the state includes data from the salp unit’s neighbors,
such as their relative angle and forces being generated, which gives
information about the local shape of the salp chain. This effectively
means that the centralized controller can only see the local view of
each salp unit. By having the state space be a concatenation of local
states, introducing a new salp unit only requires the concatenation
of a new local state.

3.1.3 Action Space. The action space of the salp chain is composed
of the possible actions of all salp units, and it has a dimension of
𝑛× 2. The action space of each salp unit is composed of two actions:
𝑎𝑓 𝑜𝑟𝑤𝑎𝑟𝑑 determines how much the salp unit wants to go forward,
and 𝑎𝑏𝑎𝑐𝑘𝑤𝑎𝑟𝑑 determines how much it wants to move backward.
These two action values are then used to generate the resulting force
magnitude 𝐹𝑢𝑛𝑖𝑡 of a single salp unit using the following equation:

𝐹𝑢𝑛𝑖𝑡 = 𝑎𝑓 𝑜𝑟𝑤𝑎𝑟𝑑 − 𝑎𝑏𝑎𝑐𝑘𝑤𝑎𝑟𝑑 (9)
The forces of all salp units determine the motion and shape

of the salp chain. The translation and rotation of the salp chain



Table 1: The state space information of a single salp unit.

Salp unit state information Dim
Salp unit binary ID Z4

Position R2

Velocity R2

Angular position R1

Angular velocity R1

Relative velocity to salp chain centroid R2

Relative position to salp chain centroid R2

Relative position to target pose centroid R2

Relative position to assigned target position R2

Relative angles to salp unit neighbors R2

Salp unit neighbors’ forces R4

is calculated at every timestep by the rigid body physics engine
used by VMAS [1]. We use VMAS due to its high customizability
and accessible/user-friendly API to create new continuous control
learning environments.

3.2 Training a Scalable Locomotion Policy
We utilize the SCLD to train graph-based locomotion policies that
can handle the growing state and action space resulting from the
addition of more salp units to the chain. To train GNNs, we apply
a transformation that translates the state information of the salp
chain into a graph.

3.2.1 Turning states into graphs. The SCLD environment provides
the state as a vector of dimension 𝑛 × 24. Therefore we consider
each salp unit’s 24-dimensional state vector as a node in a graph
G = (V, E) where V is the set of all nodes (salp units), and E is
the set of all edges (links). GNN implementations require all edges
to have a direction, and additional edges to create self-loops. This
results in the graph having a total of 𝑛+2(𝑛−1) edges for the mixed
graph structure, and 𝑛2 for the fully connected structure shown
in Figure 2. The edges are only used to determine the adjacency
between nodes and contain no state information.

3.2.2 The impact of modeling the salp chain as a graph. The connec-
tivity of the salp chain graph structure determines how each node
processes the data of other salp units’ features. By using the mixed
graph structure shown in Figure 2, each node only aggregates fea-
tures from its neighbors and itself; this keeps the action selection
local to each salp unit’s point of view. Whether using attention or
graph convolution in the GNN, the mixed graph structure reduces
the number of trainable parameters required and eliminates the
need to aggregate features from every node in the graph. Thus,
for every new salp unit added to the chain, only its direct neigh-
bors have to aggregate the new features. In contrast, when using a
fully-connected structure as shown in Figure 2, all salp units can
aggregate features from all other units. This means that when a
new salp unit is added, every other salp unit has to decide how
much information to aggregate from it. When using an attention
mechanism such as the one used by the Graph Transformer model,
a fully connected structure can help the model capture more com-
plex interactions between all nodes. However, when using the same
fully connected structure, other aggregation mechanisms, such as

Figure 2: The mixed graph structure shown only allows salp
units to aggregate information from their direct neighbors.
On the other hand, the fully connected structure allows every
salp unit to aggregate information from every other salp unit
in the chain to make a decision.

graph convolution in a GCN or the simpler attention mechanism of
GATv2, can lead to the node features collapsing onto a similar value
in a phenomenon called oversmoothing. This leads to a reduction
in the overall expressiveness of the model.

4 EXPERIMENTS
We use the SCLD to test how different graph-based models perform
when evaluated on unseen salp chain lengths. We evaluate a total of
four models: an MLP to serve as a baseline for performance, a GCN,
GATv2, and GT. The following list describes the set of experiments:

(1) Training of graph-based policies (GCN, GATv2, GT) using
the mixed and fully connected graph structure, and an MLP
policy as a performance baseline using PPO. The training is
conducted using an 8 and 16 salp-unit chain.

(2) Zero-shot evaluation using policies trained on 8 and 16 salp-
unit chains and executing on salp chain lengths of up to 64
salp units.

4.1 Training the graph-based controllers
We use PPO to train the four different policy architectures over five
statistical runs. Both MLP and GCN policies utilize two layers with
a hidden dimension of 128, for both the actor and critic. The GATv2
and GT policies use two attention heads and two layers of size
128 for the actor and critic. The GCN policy has a total of 102804
learnable parameters, the GATv2 policy has 162452, and the GT
policy has 318740. All graph-based policies use attention pooling
using all the graph’s nodes to produce the joint state’s value. The
reward used during training is the SCLD reward from Equation 8.
Additionally, the PPO parameters used for training can be seen in
Table 2 and the detailed model parameters can be seen in Table 3.



4.2 Zero-shot experiments on unseen salp chain
lengths

Using the trained policies, we conduct 50 zero-shot trials for 15
different salp chain lengths. Each size increment consists of adding
4 salp units to the chain, starting at 4 and up to a length of 64. These
experiments aim to demonstrate the relevance of the aggregation
mechanism (attention or convolution) and graph connectivity to the
scaling performance of the tested policies. To maintain consistency
across experiments as new salp chain units are added to the chain,
we also increase the size and spawn distance of the target pose.
Additionally, we use the distance reward from Equation 5 as it
has a clear upper bound of zero, which is only achieved when the
salp chain fully matches the target pose, facilitating comparison
between policies.

Table 2: PPO Hyperparameters

Hyperparameter Value

Epochs 10
Training episodes 60000
Batch size 5120
Minibatch size 256
Epsilon clip 0.2
Gradient clip 0.5
Discount factor 𝛾 0.99
GAE 𝜆 0.95
Entropy coefficient 0.001

Table 3: Graph Neural Networks Properties

Model Properties Value

All Hidden Layers 2
Hidden Size 128
Learning rate 5e-5

GCN Learnable Parameters 102804
Aggregation Mechanism Eq. 2

GATv2 Learnable Parameters 162452
Attention Heads 2
Aggregation Mechanism Eq. 3

GT Learnable Parameters 318740
Attention Heads 2
Aggregation Mechanism Eq. 4

5 RESULTS
5.1 Training performance
In the first set of experiments, we train the MLP, GCN, GATv2, and
GT policies using salp chains of 8 and 16 units. The learning curves
can be seen in Figure 3. We can see that different graph models
combined with different graph structures achieve different levels
of training performance. The Graph Transformer policy using both
graph structures was the best performer when training with both 8

and 16 salp units. A close second was the GCN and GATv2 policies
when just using the mixed graph structure. This is surprising con-
sidering that both policies have a lower parameter count and are
aggregating data from only the neighboring nodes. Unsurprisingly,
when using the fully connected structure, both GATv2 and GCN
policies struggle in both 8 and 16 salp unit cases, underperform-
ing when compared to the MLP policy. We attribute this to the
over-smoothing of node features caused by the graph convolution
operator and the GATv2 attention mechanism when operating on
dense graphs.

5.2 Zero-shot experiment
The second set of experiments utilizes zero-shot evaluations to
analyze how the performance of each policy decays as the salp
chain size increases. The results in Figure 4 show increments of 4
salp units in a range of 4 up to a 64 salp-unit chain. Since the MLP
policy is restricted by the salp chain size it was trained on, it is not
included in the evaluation.

Focusing on the policies trained on an 8-unit salp chain, we see
similar performance decay from the GATv2, GT, and GCN policies
using the mixed graph structure, and the GT policy using the fully
connected structure. These policies share a performance breakpoint
at the 16-unit salp chain; beyond this point, the performance decay
becomes linear as the controller no longer effectively controls the
entire chain. It’s worth noting that while the GATv2 policy shows
middling performance during training, it shows good zero-shot per-
formance. This is caused by the GATv2 policy learning to approach
the goal pose, but not being able to consistently obtain the goal
reward.

The best performers from the 16-unit policies are the same as
with the 8-unit policies. Observing the policies trained on the 16-
unit chain in Figure 4, we see a significant difference in the perfor-
mance breakpoint when compared to the 8 salp-unit policies. The
best-performing 16-unit policies show a performance breakpoint at
32 units, after which decay becomes linear. This behavior indicates
that by training on larger salp chains, the graph-based policies
allow us to extend the performance breakpoint to twice the trained
salp chain length while retaining performance on shorter chains.

6 CONCLUSION
In this work, we introduced a set of graph-based controllers for
scalable salp chain locomotion using RL. Current salp-inspired
agents use controllers that are limited by the fixed configuration of
the hardware they were developed for. One of the main advantages
of salp-inspired agents is their ability to form chains to adapt to
different tasks. To learn scalable salp chain locomotion controllers,
we modeled the state of the salp chain as a graph where each node
represents an individual salp unit state. Using the salp chain graph
model, we trained multiple graph-based controllers on a novel
Salp Chain Locomotion Domain. The main task in the SCLD is to
control each salp-unit in a chain to reach a desired target pose. The
challenge comes from the fact that when a unit is added or removed
from the chain, the controller has to adapt in order to efficiently
control the entire chain.

Our results show that on zero-shot evaluations on different salp
chain lengths, a Graph Convolutional Network using a mixed graph



Figure 3: Learning curves with standard mean error of policies trained with 8 and 16 salp-unit chains. We use a moving average
of 200 data points and show the standard mean error over five statistical runs. The plots show the normalized rewards across
both salp chain lengths. We can see that there’s a wide performance gap between the GCN and GAT models using the fully
connected topology when compared to the rest of the models. This empirically shows how the graph structure can negatively
affect the controlability of the salp chain when using simpler aggregation mechanisms.

Figure 4: Zero-shot evaluations of policies trained on 8 and 16 salp-unit chains across varying salp chain lengths. The plots show
the mean and standard deviation over 50 trials for every salp chain length. A normalized mean distance reward of 1.0 implies
that the salp chain was able to match the target pose fully. We use a threshold line to determine how many salp units each
controller can support while maintaining above 90% of the maximum reward. We can see that the best performing model was
the graph transformer using both the mixed and fully connected topologies. It was able to retain above 95% of the maximum
performance while operating on double the chain size seen during training.



structure reaches similar performance breakpoints when compared
to higher complexity models such as the Graph Transformer using
both a mixed and fully connected structure. Additionally, we find
that the best-performing graph-based controllers can maintain per-
formance during zero-shot evaluation in salp chain lengths of up to
twice the length used for training. Furthermore, we show that by
training on longer salp chains, we can achieve high zero-shot per-
formance in shorter salp chains. These results highlight the value
of graph-based models for salp chain locomotion, as they open the
path for training controllers on specific salp chain configurations
and generalizing to a much broader range of chain lengths.
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