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ABSTRACT: The development of Unmanned Surface Vehicles (USVs) has become a key focus in marine robotics,
fueling the need for navigation systems capable of performing complex and delicate tasks with speed and precision.
However, the end-to-end path tracking process often encounters challenges in learning efficiency, and generalization,
and varying environmental conditions. To achieve sample-efficient and robust USV navigation in dynamic maritime
environments, the paper proposes a novel hierarchical multi-view latent imitation learning (IL) architecture. By for-
mulating a latent IL objective, the framework disentangles diverse navigation modalities through continuous variables,
preventing mode collapse and enhancing behavioral adaptability to non-stationary conditions. High-dimensional
multi-view observations are transformed via a ViT-based backbone into compressed latent features to minimize
redundant environmental information. These representations are processed by a Mamba-based action encoder,
which leverages selective state-space modeling to capture long-term temporal dependencies with high computational
efficiency. A UNet-based decoder subsequently forecasts optimal action sequences by synthesizing spatial maps to
infer critical environment-agent relationships. This preliminary multi-view latent IL-based trajectory ensures precise
tracking and dynamic stability while adhering to physical vehicle constraints. Experimental results validate that this
end-to-end approach achieves robust path planning effectiveness, obstacle avoidance capability, and model training
efficiency in complex, multi-modal maritime scenarios.

KEYWORDS: Latent imitation learning; unmanned surface vehicles; latent space model; state-space models;
multi-modal feature fusion

1 Introduction
The advancement of unmanned surface vehicles (USVs) has become a focal point in marine robotics,

necessitating navigation systems capable of handling complex and delicate tasks with high speed and
precision [1]. To expand the practical utility of these autonomous agents, robots must understand and
acquire complex human-like movements to operate effectively in unstructured environments. Traditional
control methods often struggle with the high-dimensional state spaces inherent in marine navigation,
leading researchers toward end-to-end data-driven approaches [2]. Among these, imitation learning (IL)
has emerged as a vital technique, enabling USVs to learn sophisticated policies from expert demonstrations
with minimal learning costs [3]. Unlike standard reinforcement learning, which often faces challenges with
sparse rewards and high sample complexity, IL provides a reliable mechanism to learn directly from prior
knowledge and historical experiences. Furthermore, integrating IL allows for the generation of trajectories
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that maintain human-like smoothness while adhering to the physical constraints of the vehicle. By leveraging
latent representations, IL can capture the underlying intent of a demonstrator, making it particularly suitable
for long-term and diverse trajectory generation in dynamic maritime scenarios. Consequently, IL serves as a
cornerstone for developing robust USV navigation strategies that balance operational efficiency with safety.

While traditional navigation algorithms like A* or Dijkstra rely on static environmental assumptions
and predefined rules [4,5], they frequently fail in the real-time, dynamic scenarios encountered by USVs.
Model predictive control (MPC) offers a more sophisticated alternative by accounting for future states and
system constraints [6], yet its computational overhead and dependence on accurate mathematical models
limit real-time deployment in high-dimensional continuous systems [7]. Deep reinforcement learning
(DRL) has recently demonstrated superiority in optimal control, yet its practical implementation is often
hindered by slow convergence and the difficulty of designing precise reward functions for unstructured
environments [8]. To bridge these gaps, modern frameworks have integrated IL with DRL, such as through
generative adversarial imitation learning (GAIL), which extracts implicit characteristics from demonstration
data to achieve higher robustness and generalization [9]. A critical evolution in this domain is the transition
to visual imitation learning (VIL), which processes raw pixel values from video demonstrations to determine
actionable robot policies [10]. However, a single-view approach often suffers from information overload and
an inability to discern critical spatial relationships. The adoption of bird’s eye view (BEV) and multi-view
features addresses this by providing a comprehensive global perspective, clearly displaying the spatial layout
of surrounding obstacles and traffic participants [11]. Furthermore, multi-view latent imitation learning
allows the system to focus on pertinent features while minimizing redundant information from buildings
or environmental clutter. By utilizing latent variable models, such as those based on conditional variational
auto-encoders (CVAE) [12], these systems can disentangle multiple modalities of expert behavior, preventing
the “mode collapse” common in vanilla GAIL. This enables the USV to adapt its navigation strategy to
diverse conditions, such as varying traffic patterns or adverse weather, by interpolating between learned latent
variables. Multi-view latent IL also facilitates the extraction of condensed prior trajectories that capture the
demonstrator’s intent more effectively than pixel-to-action mapping [13]. Recent studies have shown that
fusing BEV features with latent states significantly enhances the perception of dynamic environments, pro-
viding a more comprehensive understanding for decision-making [14]. This shift transforms the technology
from purely data-driven to behavior-driven, allowing for global optimization through the backpropagation
of loss across perception and planning modules. Additionally, integrating agent-agnostic rewards and
efficient exploration around waypoints further improve sample efficiency in complex continuous scenarios.
Compared to traditional modular pipelines, the multi-view latent approach reduces communication delays
and enhances response speed. It also demonstrates better generalization ability by utilizing pre-training
and feedforward prior experience. Ultimately, multi-view latent IL outperforms single-modality approaches
by capturing the diverse and complex nature of real-world trajectories while maintaining high prediction
accuracy over long horizons.

The efficiency of translating these high-dimensional latent features into executable actions depends
heavily on the model’s encoding-decoding architecture. Traditional structures, such as transformer decoders
or recurrent neural networks (RNNs), are frequently employed in end-to-end planning to process sensor
data into control commands like acceleration and steering [15]. However, these traditional models often
encounter significant challenges with “covariate shift” and error accumulation when generating long-term
trajectories. In complex robotic tasks, the system must reason over thousands of image frames, which
can lead to an overload of information if the encoding is not sufficiently condensed. Emerging research
suggests that extracting critical waypoints from demonstrator trajectories is more efficient than reasoning
over every frame, as it allows the robot to focus on the intent rather than extraneous environmental details.
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Mamba-based architecture, as a modern alternative to traditional sequence models, offers potential for more
efficient action encoding by leveraging state-space models that scale linearly with sequence length [16]. This
efficiency is crucial for USV navigation, where the agent must integrate perception, prediction, and planning
in real-time within a single differentiable framework. Efficient encoding allows the system to construct a
low-dimensional motion manifold, reducing the computational burden on the imitation learning model. By
effectively mapping latent state features to action values, a Mamba-based encoder can enhance the stability
and accuracy of path tracking even in transferred driving scenarios. Furthermore, this architecture facilitates
dual-module collaborative updates, ensuring synergy between feature extraction and decision-making
modules [17]. Such optimized action encoding is essential for real-time obstacle avoidance, enabling the USV
to re-plan paths and adjust priorities dynamically in complex workshop or maritime environments. Modern
encoding strategies are moving beyond simple state-action mapping toward behavior-driven frameworks
that utilize fused features for global optimization. These frameworks benefit from pre-training on expert
experiences, allowing agents to master planning in common scenarios quickly. Moreover, advanced imitation
learning techniques now extend to action values estimated by value networks, further facilitating the
acquisition of decision-making capabilities [18]. The integration of residual learners can also leverage insights
into morphological differences and sensor noise to achieve few-shot learning on new tasks. Compared
to traditional encoders, a Mamba-based approach can better maintain temporal consistency across long
horizons, which is vital for maintaining high task success rates in high-speed operations. Therefore, a
Mamba-based action encoding module provides the necessary scalability to handle the multi-modal and
highly complex nature of marine navigation data. It supports the development of policies that display natural
movements and higher robustness compared to traditional baseline models. This structural innovation
represents a significant step toward achieving reliable and efficient autonomous navigation in dynamic,
uncertain environments.

Driven by the need for more sample-efficient and robust navigation in dynamic maritime environments,
the paper proposes a novel motion planning framework designed for USV, utilizing an imitation learning
approach as its core mechanism. By utilizing a latent imitation learning objective, the system disentangles
diverse navigation modalities through a continuous latent variable, preventing mode collapse and allowing
the USV to adapt its behavior to varying maritime conditions. Data from scenarios in known environments
is collected, and optimized simulation paths are generated to create an expert dataset. The input environment
is observed from multiple viewpoints and transformed into feature vectors using the ViT network. These
features are then compressed into a latent space and passed to the action encoder block. The Mamba model is
employed to extract long-term action features from the latent space representation. The UNet block decodes
this information to predict actions. A spatial map is synthesized, enabling action inference based on the
relationship between the environment and navigation agents. The model forecasts a continuous sequence of
actions corresponding to near-future positions, thereby forming a preliminary optimal navigation trajectory
grounded in the expert data. Finally, experimental results demonstrate that our approach achieves superior
path planning effectiveness, obstacle avoidance capability, and model training efficiency in complex, multi-
modal environments. This study provides a novel and efficient control scheme for improving the end-to-end
control performance of autonomous vehicles in highly uncertain maritime scenarios.

The main contributions of this work are as follows:

• Propose a long-term information-based synchronization learning framework applied to USVs based
on the effectiveness of the Mamba architecture in exploiting the relationships between action chains in
diverse navigation scenarios.
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• A novel methodology for normalizing the environment using overlapping geometric features to trans-
form state-action features in both simulated and real environments has been developed to improve the
deployment capability of USVs in practical applications.

• Diffusion Denoising Policies (DDPs) have been integrated to enhance the robustness and adaptability
of the model when handling noise in both the training dataset and during the inference of optimal
real-world actions.

The remainder of this paper is organized as follows: Section 2 reviews related work in the field. Section 3
details the architecture of the proposed latent imitation learning with Mamba-based USV navigation
architecture. Section 4 presents experimental results and comparative analyses. Finally, Section 5 offers
concluding remarks and outlines directions for future research.

2 Related Works

2.1 Traditional Imitation Learning Approaches in Navigation
Traditional imitation learning has laid the groundwork for developing advanced robotic behaviors

by mimicking expert demonstrations, thereby avoiding the complex task of manually designing reward
functions required in reinforcement learning (RL) [19]. Early methods, such as behavior cloning (BC), treat
policy learning as a supervised learning problem by directly mapping state-action pairs [20]. However, these
approaches often suffer from “compounding errors” where small mistakes in sequential decisions cause the
agent to encounter unfamiliar states outside the training distribution. In navigation, initial machine learning
solutions typically rely on data generated by classical planners such as rapidly-exploring random trees (RRT),
probabilistic roadmaps (PRM), or A* algorithms to create expert trajectories [21]. While effective, these
methods have limitations in adapting to dynamic environments and handling complex vehicle kinematic
constraints. Additionally, traditional BC models’ inability to incorporate temporal historical information
makes them vulnerable to “covariate shift”, significantly reducing their real-world control performance.

2.2 Advanced Imitation Learning Techniques for Navigation
To overcome the limitations of traditional methods, modern imitation learning frameworks have

evolved toward distributed architectures and latent variable matching models. GAIL exemplifies this
advancement by using an adversarial training setup between a policy network and a discriminator network,
optimizing the alignment between agent-generated and expert trajectories [9,22]. Given the inherently
multimodal nature of navigation tasks, recent studies have incorporated latent variable models such as
variational auto-encoders (VAEs) and conditional VAEs (CVAEs) to encode complex trajectory distributions
into continuous, controllable latent spaces [23]. This approach helps prevent mode collapse and enables
agents to generate diverse, adaptable trajectories responsive to varying environmental conditions. Moreover,
hybrid frameworks that combine IL and RL, such as GAPPO [24] and SILP+ [25], have shown synergistic
benefits by leveraging expert knowledge to guide exploration while using reward signals to refine policy
performance. These advancements are especially important in USV navigation, where reward signals are
often sparse and environmental uncertainties, like obstacles, are common.

2.3 Synergistic Integration of Planning, Action Encoding, and Control
Modern navigation systems increasingly focus on the seamless integration of feature recognition and

efficient action encoding [26]. The use of BEV representations has become a key technique, providing
a comprehensive spatial overview of environmental layouts and inter-entity relationships, which reduces
redundant information and communication latency. In terms of action encoding, the Mamba architecture is
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gradually replacing traditional Transformer models due to its ability to handle long-term action sequences
with linear computational complexity, ensuring temporal contextual consistency during navigation [17,18].
To ensure trajectory safety and smoothness, intelligent hybrid path planners and controllers are often
incorporated as an optimization layer, enabling adherence to machine learning-generated paths while
strictly enforcing physical constraints [27]. This integrative approach creates a seamless process from
visual perception to action-based decision-making, allowing holistic optimization of navigation systems in
complex maritime environments. As a result, USV agents not only replicate expert trajectories but also gain
the ability to proactively anticipate and adapt their behaviors in response to dynamic environmental changes.

3 Proposed Method
This section presents the Mamba-based architecture integrated with the UNet Decoder. The overall

architecture consists of three main components: the Vision Encoder (ViT), the Action Encoder (state-space
model), and the UNet Decoder, in Fig. 1. The ViT Encoder extracts features from the input environment,
while the Action Encoder processes the corresponding action information to generate predictions tailored to
the environmental context. Mamba employs state-space model blocks to establish strong temporal relation-
ships between actions at different time steps and to link the action sequence with the corresponding image
sequence. Finally, the UNet Decoder processes and synthesizes the spatial map, making final inferences based
on the interplay between actions and the environmental context.

Figure 1: Proposed latent imitation learning with Mamba-based USV’s navigation architecture.

The implementation of the imitation learning framework begins with creating an expert dataset in a
simulated environment. State-action pairs are mapped into a shared latent space, enabling the integration of
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discrete visual features and navigational data into unified mathematical representations. This alignment of
feature dimensions helps reduce the gap between simulation and real-world scenarios [28]. The process is
carried out through feature unification as described in Eq. (1):

Ztotal = Aggregate (zstate , vac t ion , time) (1)

3.1 Latent Space Encoder
State Encoder
Observations captured from multiple perspectives are processed using the Vision Transformer (ViT)

module to create a latent representation (Fig. 2). At each time step, the input comprises color images
examined to extract relevant features. The input image is divided into N non-overlapping patches, each
measuring P × P pixels. Each patch is then flattened into a vector and passed through a linear transformation
that projects it into the embedding space, producing a projection matrix. This procedure is formally described
by the following Eq. (2):

zi = E ⋅ Fl atten (x(i)
k ) (2)

Figure 2: Latent space encoder.

Let i = 1, . . . , N denote the indices, and let k represent the associated data reference point. The embed-
ding matrix is denoted by E. Each patch is augmented with a corresponding embedding vector p, and the
initial element of the sequence is concatenated with a designated token to integrate global attributes. These
token sequences are subsequently processed through a series of Transformer encoder layers. Within each
layer, the multi-head self-attention mechanism enables the model to capture global dependency relationships
among patches within the environment. The interactions between tokens are modeled via the query (Q), key
(K), and value (V) components. This specific mechanism is formally described by the accompanying Eq. (3):

Attention (Q , K , V) = so f tmax (QKT
√

dk
)V (3)

in which, query (Q), key (K), and value (V) are all inferred from the embedding image arrays through linear
projection layers. These representations allow the model to capture the relationships between different spatial
regions extracted from the initial training dataset and throughout the training process. The key (K) consists
of a sequence of vectors that act as “labels” for the image regions, covering all recognizable areas within
the image. The value (V) contains semantic information corresponding to these image regions, providing
detailed data for each respective reference. The final decoder block used is a multilayer perception (MLP),
which takes input tensors of appropriate shapes. Its output is a tensor with dimensions [B, num_action],
where B denotes the batch size, and num_action corresponds to the predicted steering and spinning
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commands. The resulting output (Z) is a vector that encapsulates an “intelligent summary” of the image,
refined to highlight the most salient regions relevant to the robot’s next action. The final MLP layer is used
to extract output information into representations in the latent space. The vectors representing the two
properties are the environmental representation (eat) and the positional representation (pat). The output of
the transformer encoder undergoes a series of linear transformations followed by a non-linear activation
function (ReLU). This process is illustrated in Eq. (4):

Z = σ (WL ⋅ (. . . σ (W1henc + b1) . . .) + bL) (4)

where W represents the weight matrix of the hidden layers, and B denotes the bias vector. The nonlinear
activation function σ is applied to the data. Z is the latent vector that contains the state information of
the environment. Using Z, the model performs projection operations to manipulate the dynamic properties
of the location through the projection matrix and slicing vector. Environmental features, which include
information about the landscape, obstacles, and targets, are extracted. This process is described in Eq. (5):

eat =Weat Z + beat (5)

where the environment embedding (eat) encapsulates the characteristic memory structure of the environ-
ment at time t. Likewise, the extracted positional features (pat) of the navigational agent convey information
about the relative coordinates and orientation of the USV within the observation frame. This process is
described in Eq. (6):

pat =Wpat Z + bpat (6)

Therefore, both the eat and pat components are combined by concatenation to form a fully represented
entity in the latent space, creating the final state memory as shown in Eq. (7):

Ze−p = eat ⊕ pat (7)

3.2 Action Encoder
According to the architectural diagram (Fig. 1), the Action Encoder is responsible for encoding and

synthesizing action attributes from the expert dataset to provide action information input for the Mamba
block and the subsequent Aggregation block. It takes as input a sequence of known actions or actions
to be predicted in the near future. These actions, represented as either discrete or continuous depending
on the Sequence length parameter, are transformed into meaningful feature vectors that occupy the same
vector space as state feature vectors and other learnable variables. This alignment is essential to enable the
subsequent Mamba layers to jointly combine and process all types of information, including state, time,
and action.

The Action Encoder processes a sequence of actions starting from the current action at+i
k at time

t and extending through a series of predicted future steps. We denote the sequence of actions at time t
as at

k , at+1
k , . . . , at+J

k . The subsequent actions at+1
k , . . . , at+J

k represent either the model’s predicted future
actions or externally provided actions intended to guide the prediction of the state variable, known as the
value. Secondly, the encoding process transforms raw input data: when actions are discrete (e.g., “turn left”,
“go straight”) or sparse, the Action Encoder projects them into a higher-dimensional embedding space,
converting each action at+i

k into a feature vector vt+i
a . These encoded action vectors are then enhanced with

Positional Encoding (PE), allowing the model to capture the relative temporal positions of actions within
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the sequence (t, t + 1, . . . , t + J) . Hence, the computational process for estimating the action feature vector
is illustrated in Eq. (8):

vt+i
a = (Eac t ⋅ at+i

k ) + PE (t + i) (8)

where PE is the vector that encodes the position corresponding to the time step in the sequence. This vector
v forms the complete action feature vector, which is then ready to be fed into subsequent Mamba layers
and Aggregation blocks. Integration with the overall model architecture proceeds as follows: the encoded
action vectors, enriched with positional information, are input into the second processing stage alongside
Learnable State Variables and Learnable Time Variables. This combined input is processed by the second
Mamba layer. The primary goal is for the Mamba and Aggregation layers to effectively learn the complex
relationships among past states (encoded by the first Mamba layer), learnable parameters representing
general information, and future actions (encoded by the Action Encoder).

3.3 Mamba-Based Imitation Learning with Denoising Diffusion Policies
The goal of imitative learning is defined in terms of action sequences conditioned by latent state

representations. Instead of directly regressing the expert’s actions, this policy learns to denoise the biased
action sequences within the diffusion framework, enabling robust modeling of the expert’s multi-step
behaviors. Modeling or simulating the Mamba architecture is a fundamental aspect of this methodology
(see Fig. 3). Compared to other approaches, the unique characteristics of expert data in USV motion planning
offer several advantages to this method. Convolutional neural network (CNN) architectures, which primarily
rely on filter operations, often struggle to effectively analyze and capture localized information within the
training dataset. In contrast, Transformer models tend to perform well mainly when applied to relatively
large datasets.

Figure 3: Mamba-based imitation learning with denoising diffusion policies.

Additionally, the scalability of self-attention mechanisms with long sequences poses significant chal-
lenges due to their computational complexity of O(n2). The Mamba architecture addresses these issues
by catering to the specific features of action navigation systems for USVs. Its streamlined computational
complexity of O(n) makes it well-suited for environments with limited computational resources, while still
delivering fast performance and inference speeds comparable to those of Transformer models. The particular
nature of agent and state data in the operational environment requires the extraction of robust linear features,
which can be effectively achieved through the stage space model. The coupling mechanism within the
Mamba architecture is implemented via DDPs. DDPs model sequences of future actions through a process
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of sequential diffusion and denoising, enabling the representation of multi-node action distributions and
ensuring temporal consistency. Let a0

k∶k+J represent a sequence of actions of length j + 1 drawn from the
expert dataset. During the forward diffusion process, Gaussian noise is gradually added to this sequence of
actions:

at
k∶k+J =

√
αt a0

k∶k+J +
√

1 − αt ε (9)

where t ∈ {1, . . . , T} is the diffusion step, and αt is the cumulative obfuscation coefficient. The goal of the
policy is to learn the denoising function ε so that it can predict the noise that has been added to the sequence
of actions. The diffusion index t is mapped to embedding through the time embedding function:

et = TE (t) (10)

This embedding allows the model to know the noise level and adjust the noise reduction intensity
accordingly. The Mamba mechanism is applied at each step i, and the hidden state is updated as follows:

{hi = A(xi) hi−1 + B (xi) xi
yi = C (xi) hi

(11)

where x is the input token, h is the hidden state of the garbled signals on inputs A, B, and C. The model is
trained using the standard diffusion loss function:

LDDP (θ) = Et ,a0 ,ε [∥ε − εθ (sk−K∶k , at
k∶k+J , t)∥2

2] (12)

Through the training process, it is possible to accurately identify the noise added to the long-term action
information chain.

3.4 Unet Decoder
The Unet decoder architecture is designed as a dedicated image decoder, tasked with reconstructing

detailed segment masks from abstract features provided by Mamba. This process begins at the “bottleneck”
where a global feature vector containing contextual information about the entire scene is projected and
reshaped into a small spatial feature map (7 × 7 with 512 channels). From here, the decoder begins a series of
“upsampling” steps to progressively increase resolution. On the first layer, a powerful Unet Decoder Block
performs the crucial upsampling step from 7 × 7 to 14 × 14. The unique aspect of this block is that it not only
upsamples the feature map from the bottleneck but also integrates detailed spatial information from “skip
connections”, which are features patched directly from ViT. This combination allows the model to maintain
global understanding while incorporating local details about obstacle locations. Following the initial U-Net
block, a series of four consecutive ConvTranspose2d layers further doubles the feature map size at each step
(14 × 14 → 28 × 28 → 56 × 56 → 112 × 112 → 224 × 224), while gradually reducing the number of feature
channels. Finally, a 1 × 1 convolution layer (final_conv) is used to condense the last 16 feature channels into
three channels, creating a final prediction mask of the same size as the input image. Based on this model, we
need to predict the USV position, the Item position, and the Goal position, so the UNet decoder will have
3 channels, each representing a binary segmentation mask for a specific semantic class: the USV, the target
item, and the navigation goal. Each channel is supervised independently using its corresponding ground-
truth mask. The predicted segmentation masks are encoded as small navigation features. Geometric and
spatial signals such as space regions, obstacle boundaries, and relative target positions are retrieved through
this encoding step. The motion commands of the USV are generated by the control module, which integrates
the encoded features.
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4 Results and Discussion
Firstly, the authors collected and constructed an expert dataset within the simulator. The environmental

scenarios were varied, each paired with corresponding state-action data. The dataset’s parameters and details
can be found at: https://github.com/buinghia3101/USV_dataset.git. The scenario features the USV navigating
the environment under overhead observation from two drones (Fig. 4). In reality, drones are simply used
as observation devices and to provide input data for the navigation process. For cases of diverse navigation
systems, they can be completely replaced by fixed environmental monitoring stations or image data from
ships or nearby moving objects. Relying on synchronized multi-view image inputs allows for the exploitation
of additional sensors and communication requirements.

Figure 4: Expert dataset collection environment in a Webots simulation environment with (a) USV and (b) the first
observation drone, and (c) the second observation drone, respectively.

Secondly, the training process of the proposed model was carefully monitored, with all parameter
variations thoroughly documented. The training process for assessment was conducted on 120 scenarios.
Each training sample collected includes the USV position, environmental characteristics, and the trajectory
of actions recorded continuously, along with the action parameters of each motor. Special attention was paid
to the convergence behavior and the corresponding convergence criteria. The expert dataset was divided into
three subsets of training, testing, and validation, allocated in proportions of 60%, 20%, and 20%, respectively.
The training process was conducted on a computer with Ubuntu 22.04 operating system, 64 GB RAM, Intel
Core i9 11900K CPU, and RTX 3090 GPU. Model performance was evaluated using metrics such as loss,
precision, recall, and Intersection over Union (IoU). The IoU metric was calculated by measuring the overlap
between the predicted trajectory and the reference trajectory.

Fig. 5 illustrates the training parameters alongside the corresponding results. Although trajectories are
represented as sequences of points, we evaluate trajectory similarity using the Intersection over Union (IoU)
metric by rasterizing both the predicted and ground-truth trajectories into binary occupancy maps. Each
trajectory is converted into a region by buffering the polyline with a fixed width. IoU is then computed as
the overlap ratio between the two rasterized regions. The plot comparing training and validation loss reveals
a stable learning process, with the model gradually converging throughout training. In all configurations,
the training loss decreases rapidly during the initial epochs (around 10–20), indicating effective learning of
fundamental problem features. After this phase, the rate of loss reduction slows and approaches a plateau,
reflecting the model’s progressive refinement in capturing more complex data patterns. The validation loss
generally follows the training loss trend but shows greater fluctuations, especially in the early stages, likely
due to the heterogeneity of the validation data and challenging environmental conditions. Importantly,
the gap between training and validation losses does not widen significantly in later stages, suggesting
effective control of overfitting and preservation of the model’s generalization ability. The precision and
recall metrics show a steady improvement in predictive quality over the course of training. Initially, both
metrics are low and highly variable, particularly recall, which indicates the model’s limited capacity to fully

https://github.com/buinghia3101/USV_dataset.git
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recognize attributes derived from expert data. As training continues, these metrics improve consistently,
converging within the range of 0.6 to 0.75. This reflects not only a reduction in average error but also
a better balance between accuracy and coverage, which is crucial in navigation and decision-making
contexts where omissions or incorrect predictions can lead to task failure. Analysis of the intersection
over union (IoU) histogram as a function of input sequence length highlights the significant impact of
sequence length on model performance. The configuration using a sequence length of 40 achieves the
highest and most stable IoU values, approximately 0.640 to 0.757 during the final training phase. This
underscores the benefit of incorporating long-term contextual information, enabling the model to more
effectively capture the spatio-temporal structure of trajectories. In contrast, shorter sequence lengths (10 to
20) produce substantially lower and more volatile IoU scores, indicating that short-term information alone
is insufficient for accurately reproducing predicted regions or target trajectories. These results emphasize
the critical importance of modeling long-term dependencies within the problem domain. The learning rate
diagram illustrates a tuning strategy that combines an initial warm-up phase with a subsequent linear decay.
Gradually increasing the learning rate at the start helps avoid suboptimal solutions and promotes stable
learning, while the later decrease allows fine-tuning of parameters and improved convergence. This approach
effectively reduces oscillations in loss during the later training stages and enhances overall performance, as
reflected in improvements across loss and IoU metrics. In summary, the experimental results demonstrate
a stable training process and provide compelling visual evidence that architectural design choices, input
sequence length, and optimization strategies collectively contribute to performance improvements. These
findings align with prior quantitative evaluations and validate the effectiveness and broad applicability of the
proposed method.

Figure 5: Training parameters of the proposed method on three datasets: train, validation, and test, respectively.
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Next, the authors conducted experiments to evaluate the effectiveness of the proposed Mamba archi-
tecture in capturing and representing the latent space. Simultaneously, alternative backbone architectures,
including Transformer [29], ResNet, and DenseNet were employed for comparative analysis. The primary
goal was to assess the efficiency and advantages of integrating the Mamba and DDP architectures in shaping
the attributes encoded within the latent space. The comparative results are presented in Fig. 6. Then, to
visualize the latent space structure learned from state-action sequences during navigation, t-SNE diagrams
were used. The findings reveal a clear distinction between the proposed method and the comparator
models in how they organize and preserve the geometric structure of data within the feature space.
Specifically, the proposed approach arranges data points in latent space into highly consistent, coherent, and
continuous geometric formations. The latent representations maintain the original trajectory after encoding
and training, indicating that the model has acquired a representation that is both informative and sequential,
effectively preserving geometric and kinematic relationships between successive states throughout motion.
In contrast, the transformer model, while capturing the general trajectory trend, exhibits discrete clustering
of points within the latent space. Trajectory disruptions and mixing occasionally occur, particularly in
complex experimental datasets. Although the self-attention mechanism facilitates the capture of long-range
dependencies, its limitations in encoding continuous information result in latent representations that lack
temporal smoothness and consistency. Regarding ResNet, the distribution of latent points is more dispersed,
and trajectories fail to retain linear information effectively. The data points do not form continuous curves or
shapes corresponding to the original trajectory, suggesting a significant degradation of temporal progression
and dynamic inter-state relationships. This outcome highlights the limitations of pure convolutional neural
networks when encoding extended state sequences, especially in navigation tasks that demand temporal
continuity. For DenseNet, latent points cluster almost randomly within a confined spatial region, making it
difficult to identify trajectory shape or temporal order. This lack of discernible structure implies challenges in
encoding the dynamics and sequential relationships inherent in the data, resulting in latent representations
with low discriminability in the context of navigation based on continuous state sequences. Overall, a visual
examination of the t-SNE plots in Fig. 6a–c demonstrates the proposed method’s effectiveness in learning
structured and stable latent spaces, while preserving the geometric and kinematic properties of the trajectory.
This observation helps explain the model’s improved performance in quantitative evaluations. Special orbital
properties such as figure-eight shapes, right angles, and arcs from the proposed framework are extracted and
are highly stable, with little disturbance to the noisy representations in the weight matrix. The evaluations
in the hypothetical cases of the corresponding trajectories in the latent space further reinforce effective
accessibility. Moreover, the method’s capacity to incorporate the continuous kinematic constraints of the
USV within the state-space model framework highlights its suitability for the task.

Table 1 presents the comparison between the proposed method and the state-of-the-art method. Firstly,
to consider the success rate (SR), methods such as BC (MLP) and BC (LSTM), which rely on simple imitation
learning, yielded limited results of 41.3% and 53.7%, respectively. This indicates their inefficiency in modeling
long-term dependencies and complex environmental scenarios. By employing the Transformer architecture,
the chain model becomes a crucial component in problem-solving, boosting the success rate of BC
(Transformer) to 61.5%, which is noteworthy. Further improvements in SR are observed with methods like
GAIL, PPO (LSTM), and Decision Transformer, with DDP (Transformer) achieving a maximum SR of 72.4%.
The proposed technique demonstrates a strong performance, attaining a success rate of 71.1%, only 1.3%
lower than DDP, indicating its efficiency is nearly on par with the largest existing Transformer model, though
not significantly better. It is important to note that SR alone does not accurately represent orbital quality,
necessitating a more comprehensive analysis using spatial error indices. Regarding ADE, the proposed
method achieves 1.09 m, and for FDE, 2.03 m, delivering the best results across the entire comparison set.
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BC (Transformer) showed a reduction of approximately 34.7% in ADE, from 1.67 to 1.09 m, while FDE
decreased by 32.6%, from 3.01 to 2.03 m. Although DDP (Transformer) had the highest orbital accuracy in
terms of SR, it was significantly less accurate in spatial error metrics, with ADE and FDE values of 1.18 and
2.21 m, respectively. Furthermore, MLP and LSTM models exhibited low latency but delivered poor inference
performance. In contrast, large Transformer models such as Decision Transformer and DDP have latencies
of 22.4 and 31.7 ms, respectively, which are too high for real-time applications. The proposed approach
achieves a latency of 9.6 ms, approximately 57% lower than Decision Transformer and about 70% lower
than DDP while maintaining comparable or efficient performance. This architecture successfully integrates
the sequence model without significantly increasing computational complexity. DDP (Transformer) requires
42.5 million parameters, whereas the proposed method uses only 14.8 million, representing a reduction
of over 65%. Although Decision Transformer, with 21.3 million parameters, is smaller than the proposed
model, it still underperforms in ADE/FDE metrics. Although DDP (Transformer) achieves the highest SR,
it exhibits significantly higher inference latency and model size. In contrast, the proposed method achieves
comparable SR while delivering efficient trajectory accuracy (ADE/FDE) and real-time performance, making
it more suitable for deployment on resource-constrained platforms. This demonstrates the efficiency of the
architectural design, enabling the model to learn rich feature representations without excessive scaling. In
summary, experimental results indicate that the proposed method strikes an excellent balance between
success rate, trajectory accuracy, and computational efficiency. It not only meets the highest success rate
standards among Transformer-based methods but also excels in ADE/FDE with low latency and a moderate
parameter count. These qualities make the proposed method especially well-suited for real-time automated
operation on hardware with limited resources.

Figure 6: Training parameters of the proposed method on three datasets: train, validation, and test, in the comparison
between the proposed Mamba with Transformer [29], ResNet and DeseNet architectures in capturing and representing
the latent space of (a) circle trajectory, (b) square trajectory and (c) 8-number shaped trajectory, respectively.
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Table 1: Comparing the effectiveness of motion planning with modern methods.

Method Type SR ↑ (%) ADE ↓ (m) FDE ↓ (m) Latency ↓ (ms) Params (M)
BC (MLP) [30,31] IL 41.3 2.84 4.91 1.2 0.12
BC (LSTM) [32] IL 53.7 2.01 3.62 4.8 0.54

BC (Transformer) [33,34] IL 61.5 1.67 3.01 18.6 7.9
GAIL [9,22] IL + RL 58.2 1.79 3.28 6.2 1.8

Decision Transformer [35] IL 65.9 1.52 2.87 22.4 21.3
PPO (MLP) [36] RL 55.4 1.95 3.41 2.3 1.4

PPO (LSTM) [32] RL 63.8 1.61 2.94 7.1 3.6
A2C [37] RL 51.6 2.14 3.89 2.0 1.2

DDP (Transformer) [34] IL 72.4 1.18 2.21 31.7 42.5
Proposed Method IL 71.1 1.09 2.03 9.6 14.8

The authors compared navigation simulations in unknown environments using the proposed method
and common navigation algorithms (Fig. 7). Two scenarios were created: a static unknown environment and
an unknown environment with high noise. The noise was modeled as dynamic obstacles—specifically, other
USVs moving randomly—that needed to be avoided. The evaluation metric used was the lateral deviation
error, which measures the difference between the executed trajectory and the optimal trajectory determined
when the environmental information is fully known. This lateral deviation error is calculated using Eq. (13):

e�(t) = mins ∥p (t) − pre f (s)∥� (13)

where p(t) is the actual position of the vehicle, pref (s) is the reference trajectory, and ∥ .∥� is the distance
perpendicular to the tangent of the trajectory. With the set of lateral errors during the measurement process
{e�(t1) , e�(t2) , . . . , e�(tN)}. The median point is determined by Eq. (14):

Median (e�) =
⎧⎪⎪⎪⎨⎪⎪⎪⎩

e�, (N + 1) /2 N is an even number.
e�, (N/2) + e�, (N/2 + 1) ,

2
N is an odd number.

(14)

In both environmental conditions, the proposed method demonstrated the best and most stable
performance. In Scene 1, the median lateral error was approximately 0.03 m, significantly lower than that
of traditional and hybrid methods (Fig. 7a). The narrow interquartile range (IQR) and absence of outliers
indicate that the method can reliably track its trajectory with a high degree of accuracy, even in environments
with partial or no obstructions. In Scene 2, characterized by high uncertainty and noise, the proposed method
showed only a slight increase in error, whereas other methods experienced a sharp decline in performance,
underscoring their generalizability and resilience to environmental changes. In both scenarios, the A*
algorithm [4] exhibited a higher mean and variance of lateral error in lateral error. Its primary function on
discrete maps is global planning, which bypasses the dynamic constraints of USV and environmental noise.
Scene 2 represents a transitional phase, during which the error distribution of A* increased significantly,
reflecting instability in an unknown and highly dynamic environment. Both RRT*-DWA [38] and BIT*-TEB
methods [39] outperformed the A* algorithm, as they integrate planning with local trajectory optimization
to achieve better results. By continuously optimizing the trajectory, BIT*-TEB achieved a narrower error
distribution and lower average error than RRT*-DWA. However, both methods exhibited numerous outliers
in Scene 2, especially under high noise levels and unstable obstacle configurations, highlighting limitations
in modeling the long-term dependencies of system states (Fig. 7b). Hybrid methods in Scene 1 matched the
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average error of traditional reinforcement learning (RL) [5], but their large variance and skewed distributions
made stability during inference difficult to predict. Domain changes in Scene 2 significantly impacted RL,
leading to increased errors and frequent local failures. Incorporating global planning information into the
RRT*-RL method [5] greatly improved its efficiency compared to traditional RL by reducing median error
and outliers; however, its performance remained highly dependent on sampling quality and computational
cost. Overall, the results demonstrate that the proposed method achieves an excellent balance between
accuracy and stability. It is more efficient than traditional planning algorithms, minimizing lateral error
and oscillations. Its error distribution is more consistent and narrower than those of RL-based or hybrid
methods, even in unexplored environments. Employing a Mamba-based chain model to capture long-
term dependencies and hidden dynamics of the entire USV could further enhance navigation efficiency in
complex real-world scenarios.

Figure 7: The comparison of the proposed method with classical directional programming algorithms based on median
lateral deviation with respect to the optimal trajectory in (a) the unknown environment and (b) the highly uncertain
environment.

To reinforce its validity and ensure its effective practical implementation, the authors collected exper-
imental cases with the USV sample in both simulated (Fig. 8) and real-world environments (Figs. 9–11).
The multi-view settings and the actual USV model are provided in Fig. 9a,b, respectively. The experiment
to navigate USV on a coastal patrol is presented in Figs. 10 and 11. At each inference, the model generates
a short sequence of 30 consecutive actions at = [vt , ωt]. The parameters of interest include the speed and
angular velocity corresponding to the motor. According to the receding-horizon strategy, the initial actions
are performed within the physical limitations of the USV. The process is illustrated by the Eq. (15):

vt ∈ [vmin , vmax] , ωt ∈ [−ωmax , ωmax] (15)
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Figure 8: Simulate USV motion planning on ROS2-Webots environment. The figures are recorded in chronological
order (a–f), respectively.

Figure 9: Set up a verification experiment to navigate the USV in a real environment. (a) shoreline multi-view setup,
(b) USV, respectively.
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Figure 10: Results of coastal patrol experiments, in the medium environment with (a) start point, (b) turn left towards
the shore along the IL-based trajectory, (c) continue turning left towards the shore, (d) turning point for shore patrol,
(e) starting point of the orbit close to the shore, (f) coastal patrol, (g) the turning point at the end of the patrol process,
(h) the exit turn marks the end of the test run, preparing to move to a new orbit, respectively.

Figure 11: Results of coastal patrol experiments, in the large environment with (a) start point, (b) turn left towards
the shore along the IL-based trajectory, (c) continue turning left towards the shore, (d) turning point for shore patrol,
(e) starting point of the orbit close to the shore, (f) coastal patrol, (g) the turning point at the end of the patrol process,
(h) the exit turn marks the end of the test run, preparing to move to a new orbit, respectively.

To smooth the USV’s trajectory, the smoothed function ãt is designed to reduce high-frequency
oscillations:

ãt = αat + (1 − α) ãt−1 (16)

where at is the raw control command generated by the IL model at time t, and ãt is the smoothed control
command. α is the smoothing coefficient. The resulting command is tracked by a low-level controller that
computes the surge force Ft and yaw moment τt , which are allocated to the left and right thrusters by Eq. (17):
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[TL
TR
] = [1 −d

1 d ] [
Ft
τt
] (17)

where T is the thrust and d is the length. The estimated trajectory was effectively completed throughout most
of the trials. The USV’s activities in a real-world environment yielded positive results, with no collisions with
obstacles, and it consistently maintained a set distance during coastal patrols. Phenomena such as loss of
orbit or sudden deviations did not occur throughout the experiment. The authors hope these results will
provide opportunities for deployment in port monitoring, the marine environment, and other tasks, using
flexible navigation systems like USVs.

The experimental process was conducted on a USV prototype designed by the authors. The observation
cameras used are Intel RealSense D435. The embedded computer Jetson Nano is equipped, along with
an accompanying ESP32 microprocessor. The signal is continuously communicated between the coastal
observation system and the Intel Core i7 6920HQ processor, Quadro M2000M GPU. The A2212 brushless
motor and the 30A ESC control unit were installed as navigation devices in the experiment. The snapshot
sequence from Fig. 10a–h shows the USV’s trajectory based on the established mimicry learning. The
trajectory ensures a figure-eight path with cornering to keep the USV close to the shore, performing
exploration and data collection. At the turning point (Fig. 10g), the USV changes direction and moves
diagonally to prepare for the second mission trajectory in the established figure-eight pattern. Experiments
demonstrate the effectiveness of this approach, as in real-world environments, data collection and vision-
perception system training for USVs require extensive experimental data and lengthy, complex training time.
However, using the proposed IL structure, the USV’s navigation trajectory has been designed and ensured
to allow the USV to navigate in medium-sized environments.

The author continues to experiment and implement a practical navigation problem for the USV in
a wider water environment, as shown in Fig. 11. The experimental USV demonstrates stable movement
and ensures the morphological form of path planning based on the proposed method. Furthermore, with
supporting mechanisms for noise reduction and vibration damping, the movement is smooth, and the speed
is stable while following the designed trajectory.

5 Conclusions
The paper proposes an imitation learning model for the USV motion planning problem in an envi-

ronment. The basic framework is built upon encoding multi-view observation information through a
latent space model. This process is handled by the ViT network. The contexts are compressed and pushed
to the imitation learning model to capture continuous action sequences from the previously collected
expert dataset. The state-space model based on the Mamba architecture is used in conjunction with the
Denoising Diffusion Policies mechanism, enabling the model to achieve high generality with continuous
action sequences. The planning of information from all sources into the same latent spatial environment
to bring the characteristics in the simulated environment closer to reality. Qualitative and quantitative
tests were conducted to demonstrate the feasibility and competitiveness of the method. The IoU score
reached the maximum threshold of 0.757 with a sequence length of 40. Meanwhile, comparative tests
with deep learning methods are consistently at competitive parameter levels, both in terms of effectiveness
and speed. Benchmark tests with traditional path-planning algorithms in unknown environments yielded
efficient results. The number of parameters used is 14.8 million, which is much smaller with a high-efficiency
model like the Transformer, while the efficiency is clearly competitive. The visualizations illustrating the
preservation of information in the expert dataset using t-SNE for evaluation demonstrate flexibility with
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action-state data specific to USVs. Comparisons with conventional algorithms applied in information-
scarce environments further strengthen the competitiveness of deployment on navigation targets. Real-world
testing with USVs shows promise. The proposed method demonstrates potential in the motion planning
problem with a USV as the object. Future developments will include applying a hierarchical world model to
optimize the agent’s overall understanding of the system’s characteristics. In addition, establishing links and
creating close relationships between environmental monitoring points is a worthwhile area of study.
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