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Abstract—This study proposes a neural network-based
transfer learning framework for modeling the dynamics of soft,
fin-actuated underwater robots. We focus on morphologically
similar robots that differ in scale and hydrodynamic properties.
A model trained on data from a larger robot (source domain)
is adapted to a smaller one (target domain) with limited
labeled data. To enable label-efficient transfer, we develop an
autoencoder-based domain adaptation approach that learns a
shared latent representation aligning the dynamics of both
robots. Experiments on two real underwater robots show that
the proposed method enables accurate state estimation of the
body-frame velocities on a target platform without labeled
data, highlighting its potential for efficient cross-robot dynamics
transfer among morphologically similar platforms.

I. INTRODUCTION

The morphologies of the underwater robots vary by appli-
cation [1]. The limitations of conventional propeller-driven
systems [2] motivate bio-inspired robots to use soft fin-based
actuators that offer quieter and efficient propulsion. However,
accurately modeling the dynamics of such soft actuated
systems for state estimation and control remains challenging
due to complex nonlinear fluid—structure interactions [3].
Due to this difficulty, most underwater vehicle systems cur-
rently rely on state estimation via expensive sensor feedback
[4]. To address these challenges, Neural Network (NN)-
based modeling and state estimation have shown promise
in capturing these complexities by predicting robot motion
directly from sensor and control input. However, they often
require large labeled datasets for supervised training [5].
Acquiring such data for underwater platforms is costly and
difficult due to the requirements of special equipment to
obtain ground truth labels.

To address these problems, transfer learning can leverage
knowledge from one robot to improve learning on another
[6]. In particular, this work explores dynamics transfer be-
tween two morphologically similar, fin-actuated underwater
robots. Although both share the same actuation principles
and kinematics, differences in geometrical scale introduce
a domain gap. To bridge this gap, we systematically eval-
vate several dynamic modeling transfer strategies. First, we
evaluated supervised baseline approaches, including neural
networks trained independently on each robot’s dataset, as
well as a joint model trained on combined dataset. Then, we
propose a self-supervised autoencoder framework that learns
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a shared latent representation aligning both robot domains.
An overview of the compared approaches is shown in Fig. 1.
By encoding the joint input feature space, the model captures
each robot’s dynamics and enables an accurate prediction for
the smaller robot even without labeled target data. Accurate
dynamic forward modeling serves as a foundation for model-
based control. Improving the transferability of learned dy-
namics directly contributes to enhancing control in soft robot
control applications. We validate the proposed framework on
two morphologically similar fin-actuated underwater robots:
U-CAT, referred to as the source domain, and Micro-CAT,
serving as the target domain.

II. RELATED WORKS

Soft-actuated underwater robots are difficult to model
due to nonlinear fluid—structure interactions [7], [8]. While
analytical models fail to capture these effects [9], neural
network—based methods offer better accuracy and flexibility
[10], [11]. A surrogate model has been proposed to capture
the dynamics of fin actuators [12], but it is limited to the
single-fin case. Such data-driven models still rely on large
labeled datasets, which are challenging to collect for motion-
constrained underwater robots. To reduce data dependency,
transfer learning has been applied to reuse knowledge across
robotic platforms [6]. For example, layer policy transfer for
deep reinforcement learning control has shown to improve
learning efficiency in underwater robots [13], but it still
relies on extensive labeled data. In parallel, a self-supervised
domain adaptation approach has been used to bridge domain
gaps, for instance, by pre-training with synthetic underwater
data to enhance visual models [14]. However, these efforts
still primarily address perception tasks. Recent work in
robotic manipulation has explored cross-embodiment trans-
fer using aligned latent representations [15]. The approach
proposed in this work aligns knowledge from two different
domains into a common latent representation, which later
can be used to guide the learner domain for the generation
of robotic manipulation trajectories. This approach highlights
the potential of representation alignment for knowledge
transfer across different robot embodiments.

Unlike prior works that focus on visual or control policy
transfer, our study targets latent dynamic model alignment
between morphologically similar soft underwater robots.

III. SUPERVISED BASELINE MODELS

This section outlines the supervised baseline methods used
to model the motion dynamics of the target platform. In
total, three baseline models are evaluated. All baselines
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use the same neural network architecture consisting of a
1D convolutional layer, a max-pooling layer, and a fully
connected output layer. The models are trained using the
Adam optimizer for 50 epochs under identical conditions to
the autoencoder to ensure a fair comparison. The baselines
consist of standard neural networks trained on sequences
of sensor and actuation features to predict robot motion.
In particular, input features consist of: pressure values from
pressure sensor, IMU orientation, IMU angular velocity, IMU
linear acceleration (gravity aligned), fin actuation parameters
as described in Section V-A. Each baseline is trained in
a supervised regression setting using time-series inputs to
predict target motion variables. The loss function is the mean
squared error (MSE) between the predicted and ground-truth
motion values. Three data usage settings are considered,
as illustrated in Fig. 1: the target-only model, trained on
labeled data from the target robot; the source-only model,
trained on source-domain data and evaluated directly on the
target domain; and the joint supervised model, trained on
the combined datasets of both robots. These settings are
used as reference points for comparison with the proposed
method.

IV. METHOD

This section describes the proposed autoencoder model for
velocity estimation based on cross-platform transfer of under-
water robot motion dynamics. The model is trained in a self-
supervised manner using a shared feature space constructed
from both robot domains. It encodes sequences of sensor and
controls into a compact latent space that captures common
dynamic behaviors between platforms. The input features
are the same as for the baseline models. During training,
the model jointly optimizes the reconstruction, dynamics,
and domain-alignment objectives to ensure accurate feature
reconstruction and overlapping latent distributions between
domains. The network is trained using Adam optimizer with
a learning rate of 0.001, a batch size of 256, and 50 epochs.
Although trained on both robots, it is evaluated only on the
smaller target platform to test its ability to generalize and
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Fig. 2. Detailed architecture of the proposed autoencoder

transfer dynamic knowledge from the larger robot. Further
details of the architecture and training procedure are provided
in the following subsections.

A. Architecture

The autoencoder architecture is illustrated in Fig. 2. It con-
sists of three main components: an encoder, a dynamics head,
and two domain-specific decoders. The encoder extracts
compact latent representations from input feature space. It
consists of a 1D CNN layer that captures short-term temporal
patterns, followed by pooling and dense layers that compress
the input into a lower-dimensional latent vector encoding
robot-specific dynamic properties. Two decoders are used
to reconstruct the original time-series sequence—one per
domain. Each sample is routed through the corresponding de-
coder based on its domain label, allowing the shared encoder
to maintain reconstruction quality while supporting domain
alignment. Each decoder contains two fully connected layers
for reconstruction from latent representation. The dynamics
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Fig. 3. Autoencoder training pipeline overview, where:
z+ — input feature tensor; d — domain identifier (0 = source, 1 = target);
Zt+1 — predicted next latent state;

head predicts the next latent state from the current latent state
and control inputs.

B. Training pipeline

The training pipeline is illustrated in Fig. 3. The data
preparation stage involves constructing a shared feature
space that combines sensor readings and actuation-related
kinematic parameters from both domains as described in
Section V-A. For each training sample, the corresponding
control input and the feature sequence of the next timestep
are also generated. This results in a joint dataset consisting of
feature sequences, control inputs, next-state sequences, and
a domain label for source and target samples.

The encoder then processes the preprocessed time-series
data (structured as 3D tensors after windowing) and com-
presses them into a compact latent representation. To jointly
learn feature reconstruction, temporal dynamics, and cross-
domain alignment, the model is optimized using a combined
loss function:

ACtotal = ‘Crecon + )\dyn‘cdyn + )\mmd‘cmmd (1)

where L,ccon denotes the reconstruction loss, Lg,, the
dynamics prediction loss, and L,,,,4 the domain alignment
loss. The weighting factors Agy, and A.,;,,q were both set
to 0.5 to balance reconstruction, dynamics, and alignment
objectives equally, in the absence of a prior favoring one
term over the others.

The reconstruction loss is a measure of the difference
between the original input and the final reconstructed output.
For each domain d, the reconstruction loss is defined as the
mean squared error (MSE) between the input sequence x,(fd)

. L (d
and its reconstruction x§ );
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where d is a domain variable, @Ed) is a decoded output from
a latent state. The total reconstruction loss is computed as
the average reconstruction error across both domains.

The dynamics loss models how the latent state evolves,
given the current latent representation and control inputs. At
each timestep, the dynamics head predicts the next latent
state 2,11 based on the current latent z; and action vector
as: Ze41 = fayn(2¢, ar), where z; is the latent state produced
by the encoder.
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z¢ — current latent state; a; — action vector; & — reconstructed input;

o — Gaussian kernel bandwidth parameter.

The dynamics loss is defined as the mean squared error
between the predicted and true next latent states:

3)

This encourages the latent representation to capture how
its state evolves over time in response to control inputs,
improving the model’s ability to capture motion dynamics
across domains.

To align the latent feature distributions of source and target
platforms, we employ the Maximum Mean Discrepancy
(MMD) loss, which measures the distance between the mean
embeddings of two distributions in a reproducing kernel
Hilbert space (RKHS) [16].

Given two sets of latent vectors X = {z;}7*, and Y
= {yj}?zl, sampled respectively from source and target
distibutions, the squared MMD loss L is defined as:

Lagn =E[||ze41 — 2e4113] -

L2(P,Q) = Ep[k(X, X)] - 2Ep o[k(X,Y)] +Eq[k(Y,Y)]
“4)
where Ep[k(X,X)] and Eq[k(Y,Y)] denote expectations
over all pairs of samples drawn from the same distribution,
and Epg[k(X,Y)] denotes the cross-domain expectation.
We use a Gaussian radial basis function (RBF) kernel:
k(l‘, y) = €xXp (

) )
where o denotes the kernel bandwidth.

In practice, this loss minimizes the statistical distance
between the U-CAT and Micro-CAT latent distributions. The
concept of Maximum Mean Discrepancy and comparison
with other kernel discrepancies is described in more detail
in [17]. Training converges after 50 epochs.
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V. DATA COLLECTION
A. Robot specifications

Two fin-actuated underwater robots, shown in Fig. 4,
were used as platforms. We define morphological similarity
as platforms sharing identical actuation kinematics and the
same geometric design, while differing in absolute scale, the
resulting mass and hydrodynamic properties. The two plat-
forms satisfy this definition: both employ four independently
controlled silicone fins with identical degrees of freedom,
the same fin control equation (Eq. 6), and share a common



TABLE I
ROBOT PLATFORM SPECIFICATION

Original Feature Space

Encoded Latent Space

Name U-CAT Micro-CAT

Weight 22.0 kg 1.5 kg

Length 500 mm 150 mm

Hull diameter | 250 mm 100 mm

Fin area 0.020 m? 0.005 m?

Fin length 200 mm 110 mm

Camera Realsense D4351 Raspberry Pi Cam V2

IMU Microstrain 3DM-CX5  ICM-20608-G

Computer Jetson Orin Nano Raspberry Pi Zero 2 W
+ Arduino Pro Mini

Micro-Cat

U-Cat

Fig. 4. Experimental setup for both robots

hull and fin layout with linear scale ratios of 3.33 in length,
2.5 in hull diameter, and 4.0 in fin area (Table I). However
the platforms differ in mass (ratio 14.67) and experience
different hydrodynamic conditions, producing the domain
gap. Thrust is generated by flapping motion regulated by
amplitude A®™P, oscillation offset ¢°, and frequency fosc.
The oscillatory movement for each fin at time ¢ is described
by:

O(t) = AP sin (271 fouel) + 6° ©)

where 6(t) is set as the next target angle of the fin.
These (A*™P, ¢°) are included as input features for the
modeling described in Section IV. Fin oscillation amplitudes
span [0,1.25] rad for U-CAT and [0,0.96] rad for Micro-
CAT across the four flippers, while the lateral fins rotate
through the full [—m, 7] rad range, and the vertical fins are
constrained to £0.05 rad. The trajectories include forward
swimming, turning, and direction reversals. The dataset also
includes Inertial Measurement Unit (IMU) measurements,
with attitude estimated using an Extended Kalman Fil-
ter [18]. Performance is reported in physical units (m/s) to
preserve interpretability of platform-specific velocity scales,
while normalized metrics could equally be used for cross-
platform comparison.
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Fig. 5. Data distributions before and after alignment. The increased overlap
indicates successful reduction of the domain gap in latent space.

B. Experimental setup

Fig. 4 shows the experimental setup. The robots were
equipped with a camera to capture the robot’s trajectory using
ArUco markers [19] placed in the pool or the experimental
water tank. These tags were positioned so that at least one
was recognized within the robot camera’s field of view, and
pose estimation data was smoothed using a median filter. The
velocity obtained by differentiating the position information
obtained from the ArUco Markers was used as the ground
truth for supervised learning and evaluation.

VI. RESULTS

This section presents the results of dynamic prediction
experiments comparing the proposed autoencoder with su-
pervised baseline models. We first evaluate the autoencoder’s
ability to align feature distributions across the two robot do-
mains, followed by a comparison of prediction performance.

A. Autoencoder Preliminary Results

Fig. 5 shows the feature distributions of both robots before
and after encoding. To assess latent alignment, we visualize
the encoded features using Principal Component Analysis
(PCA). PCA projects the high-dimensional latent represen-
tations onto the first two principal components, revealing
the directions that explain most of the variation in the data.
This visualization provides an interpretable view of how well
the encoder aligns the two domains. As shown in Fig. 5,
the latent embeddings of the source (U-CAT) and target
(Micro-CAT) become substantially more overlapping after
training, indicating that the MMD loss effectively reduces
the domain gap in the shared feature space. For dynamic
prediction evaluation, we consider the linear velocity com-
ponents in z and y and the angular velocity around z. These
components capture the primary motion of the robots, which
includes forward-backward translation and yaw rotation.
Prediction accuracy is measured using Root Mean Squared
Error (RMSE) and Mean Absolute Error (MAE), averaged
across three different test datasets.

B. Evaluated models

The three supervised baselines defined in Section III serve
as reference points.
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Fig. 6.
scenarios, while the source-only baseline fails to generalize.

Comparison of predicted and ground-truth linear velocity in the X (forward) direction. The autoencoder follows the dominant trend in both

TABLE I
COMPARISON OF PREDICTION PERFORMANCE ACROSS MODELS FOR MICRO-CAT TEST DATA.

Model RMSE V, MAEV, RMSEV, MAEV, RMSEw. MAE w,
Target-only (Micro-CAT) 0.0328 0.0268 0.0270 0.0212 0.1013 0.0766
Joint Supervised (U+M) 0.0237 0.0185 0.0232 0.0183 0.0861 0.0624
Source-only (U-CAT) 0.0945 0.0888 0.0339 0.0288 0.1586 0.1156
Autoencoder (Joint Head) 0.0362 0.0264 0.0288 0.0217 0.1151 0.0882
Autoencoder (Source Head) 0.0596 0.0470 0.0678 0.0545 0.2309 0.1880

To evaluate the learned latent representation, we use a
linear probe approach [20], [21]: the frozen encoder produces
features that are fed to a linear regression head, so predictive
performance primarily reflects representation quality. Two
variants are evaluated as shown in Fig. 1: an autoencoder
with a joint head, trained on labels from both domains, and
an autoencoder with a source head, trained on source labels
only and evaluated zero-shot on the target.

C. Prediction Comparison

Fig. 6 illustrates how the autoencoder and baseline models
predict the target robot’s linear velocity in the z-direction
compared to ground truth. To smooth the autoencoder output,
a moving average filter is applied to reduce high-frequency
noise. The plots show that the autoencoder predictions follow
the overall shape of the ground-truth velocity and capture
sign changes, with some underestimation of short velocity
peaks (near t =~ 600 — 800) and a small timing delay at
sign changes (near ¢ ~ 1200). The autoencoder preserves

this behavior under both labeled and unlabeled target-domain
conditions, whereas the joint-supervised model, and espe-
cially the source-only baseline, drift noticeably from the
ground truth. Table II summarizes metrics results across all
methods. The target-only model trained solely on labeled
Micro-CAT data achieves strong performance, while the joint
supervised model, trained on combined datasets, performs
slightly better, confirming that exposure to multi-domain data
improves generalization. In contrast, the source-only model
exhibits large errors, confirming the presence of a significant
domain gap. The proposed autoencoder reduces this gap,
improving zero-shot performance by ~ 40% in RMSE for
Vx. The autoencoder with joint head achieves performance
comparable to fully supervised baselines.

These results demonstrate that while the joint supervised
model achieves the lowest error, it requires fully labeled
datasets from both platforms, which are costly and often
impractical in underwater settings. In contrast, the proposed



method achieves comparable performance without requiring
labeled target data, making it more suitable for real-world
deployment scenarios.

VII. DISCUSSION

The proposed approach does not outperform fully su-
pervised joint training when labeled data from both do-
mains is available. However, its primary advantage lies
in label-efficient transfer, where target-domain annotations
are limited or unavailable. Additionally, the current method
assumes morphological similarity between platforms, and
its effectiveness may decrease for significantly different
robot designs. Extending the approach to more diverse robot
morphologies may require more advanced domain adaptation
techniques. A systematic ablation of individual loss compo-
nents - isolating the contribution of the MMD alignment and
dynamics terms - would further characterize the framework
and is left for future work. Similarly, a sensitivity analysis
across Agyn and A,mq, the RBF kernel bandwidth o, and
the latent dimension would help establish operational tol-
erances for transfer to new platforms. Although the Max-
imum Mean Discrepancy (MMD) loss provided a stable
and efficient domain alignment, future work may explore
alternative alignment strategies, such as Kullback-Leibler
(KL) divergence minimization [22] or adversarial domain
adaptation [23]. These methods could offer more flexibility
in the implementation and tuning, but at the cost of higher
training complexity. Extensions to recurrent or attention-
based encoders, such as GRU, LSTM, Transformer, may
further improve time-series-dependent modeling of dynamic
features.

VIII. CONCLUSION

This study presented an efficient transfer learning frame-
work for modeling the dynamics of morphologically similar
underwater robots. By leveraging shared feature space of sen-
sor data and control inputs, the proposed autoencoder-based
model learns a common latent representation that aligns mo-
tion dynamics across platforms. Experimental results show
that this approach achieves performance comparable to fully
supervised baselines and enables reliable prediction for the
smaller robot without labeled data, demonstrating effective
zero-shot dynamics transfer.

The findings suggest that morphological similarity helps
transfer learned dynamics between robots, even when their
size and hydrodynamic properties differ. Beyond underwater
robots, the proposed framework can be applied to other soft
or bio-inspired robots with comparable actuation principles,
enabling scalable and label-efficient model transfer. Future
work will extend this approach toward simulation-to-real
adaptation and cross-platform control, including model-based
and data-driven control strategies utilizing the shared latent
dynamics representation.
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