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Abstract—Although autonomous underwater vehicles promise
the capability of marine ecosystem monitoring, their deployment
is fundamentally limited by the difficulty of controlling vehicles
under highly uncertain and non-stationary underwater dynamics.
To address these challenges, we employ a data-driven reinforce-
ment learning approach to compensate for unknown dynamics
and task variations. Traditional single-task reinforcement learn-
ing has a tendency to overfit the training environment, thus,
limit the long-term usefulness of the learnt policy. Hence, we
propose to use a contextual multi-task reinforcement learning
paradigm instead, allowing us to learn controllers that can be
reused for various tasks, e.g., detecting oysters in one reef and
detecting corals in another. We evaluate whether contextual
multi-task reinforcement learning can efficiently learn robust and
generalisable control policies for autonomous underwater reef
monitoring. We train a single context-dependent policy that is
able to solve multiple related monitoring tasks in a simulated reef
environment in HoloOcean. In our experiments, we empirically
evaluate the contextual policies regarding sample-efficiency, zero-
shot generalisation to unseen tasks, and robustness to varying
water currents. By utilising multi-task reinforcement learning, we
aim to improve the training effectiveness, as well as the reusability
of learnt policies to take a step towards more sustainable
procedures in autonomous reef monitoring.

Index Terms—reinforcement learning, AUV, reef monitoring

I. INTRODUCTION

Earth’s oceans have been a great source of food and
resources throughout human history, however, due to the
blue acceleration, the conservation and restoration of ocean
health becomes an increasingly pressing challenge [16]. With
continually rising pollution in the oceans, the need for close
and continuous health monitoring of marine ecosystems is a
necessary step towards protecting biodiversity [34]. As current
restoration and protection efforts mostly rely on cost-intensive
ship missions and divers, a key component for boosting the
efficacy of marine restoration is the advancement of tech-
nological solutions for autonomous habitat monitoring, e.g.,
by using low-cost, versatile autonomous underwater vehicles
(AUVs) [11]. A key challenge in underwater robotics is
dealing with highly non-linear, time-dependent, and uncertain
hydrodynamics. The movement behaviour of a given AUV
is dependent on external factors such as currents, payload,
and visibility conditions [6]. While some of these factors can
be addressed via traditional control approaches and accurate
modelling, a reliable and trustworthy controller requires a
certain level of autonomy in order to deal with the remaining
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Fig. 1: Traditional single-task RL would require learning
individual policies for monitoring different types of organisms,
e.g. ms.n(als) and merqp(als). Instead, we learn a un
multi-task policy 7(a|s; c) that efficiently reuses shared knowl-
edge between tasks.

uncertainties that cannot be modelled or predicted accurately
[10]. These challenges motivate existing work that address
the need for control strategies that do not rely exclusively
on model-based formulations and are able to deal with com-
plex and changing conditions directly from interaction data.
One approach to tackle these types of uncertainties is to
use data-driven methods like reinforcement learning (RL).
While single-task reinforcement learning often suffers from
low sample-efficiency and a tendency to overfit, multi-task
reinforcement learning (MTRL) offers a promising avenue to-
wards learning more robust and generalisable control policies.
By adopting a context-dependent MTRL approach for learning
AUV control policies, we aim to efficiently learn policies that
can function reliably under changing conditions and may be
reused for different but related monitoring tasks. Hence, in this
work, we empirically investigate whether contextual MTRL
can be utilised to efficiently learn generalisable and reusable
AUV controllers for autonomous underwater reef monitoring.
Namely, we aim to answer the following research questions,



e RQI1: Are RL-based policies able to solve the reef
monitoring task?

e RQ2: How do contextual policies compare to mixture-
of-expert policies in terms of asymptotic performance,
sample-efficiency, and zero-shot generalisation to unseen
tasks?

In order to answer these questions, we mathematically
formalise the autonomous reef monitoring task to apply re-
inforcement learning methods. We then evaluate multiple RL
approaches to solve the family of tasks in a simulated environ-
ment using the high-fidelity underwater simulator HoloOcean
[27]. Additionally, we evaluate the contextual RL approach in
a simplified version of the task using Minigrid [9]. To the best
of our knowledge, this is the first work to apply MTRL for
autonomous reef monitoring.

Novel Contribution: Our main contributions are

« a context-dependent formalisation of the autonomous task

monitoring scenario for (contextual) MTRL,

e a systematic simulation-based evaluation empirically

showing the contextual MTRL applicability to au-
tonomous AUV control.

II. RELATED WORK

The scope of manual reef monitoring is restricted by the
physical limits of human divers, who cannot survey vast or
deep areas. Thus, AUVs need to perform these tasks with high
autonomy and accuracy [26]. Moreover, manual data collection
often lacks the consistency needed for long-term studies as
human observers introduce subjective errors [23]. To address
these challenges, specialised AUVs are increasingly employed
for reef monitoring, such as inspection vehicles for coral
assessment or larger survey platforms that integrate multi-
modal sensing with real-time AI [31]. However, these systems
are often challenged by low-visibility conditions and limited
maneuverability [31]. Recent work has demonstrated the po-
tential for vision-guided AUVs to map biological hotspots
by correlating ecological abundance with reef topography
[41]. Scaling such approaches to unseen reef environments,
however, remains a challenge. This further highlights the need
for more robust control policies that can function reliably
under the unpredictable dynamics of varying underwater en-
vironments.

RL has emerged as an alternative to traditional control
for managing these unpredictable dynamics. Early work by
Carlucho et al. [8, 7] has demonstrated that end-to-end deep
RL could handle low-level AUV control and position tracking
by learning directly from raw sensor data. RL has been
applied to specific tasks such as 3D path following [21, 15],
navigation under the influence of ocean currents [36, 20],
and complex path planning for the Internet of Underwater
Things [39]. Furthermore, RL-based obstacle avoidance has
addressed the challenge of safe navigation by enabling AUVs
to learn collision-free paths through unknown environments
[42, 40, 12]. Due to the costs and risks of physical deployment,
recent research has focused on using high fidelity physics
simulations to develop high precision maneuvers, such as

autonomous docking [5, 25]. These works demonstrate that
virtual environments provide a safe and systematic way to
compare RL architectures prior to their deployment. However,
these simulation studies often focus on specific navigation
goals, overlooking the requirement for a single controller to
manage diverse objectives.

Despite these advancements, most existing RL-based con-
trollers are limited to single-task scenarios, which often leads
to overfitting and poor performance in unseen environments.
To overcome this, Multi-Task Reinforcement Learning offers
a framework for learning versatile policies that generalise
across a broad range of monitoring scenarios and environ-
mental settings. To improve data efficiency and stability in
such settings, Teh et al. [33] proposed a distilled policy
approach. This method captures common behaviours across
tasks, preventing the negative interference often seen during
joint training. Furthermore, Sodhani et al. [30] demonstrated
that providing task metadata as context enables more efficient
knowledge transfer across related tasks, which allows the agent
to adjust its internal strategy to the specific requirements of
a mission. While effective on standardised benchmarks, these
frameworks have yet to be applied to the hydrodynamic and
perceptual challenges of reef monitoring.

Learning such adaptable policies is essential for achieving
zero-shot generalisation, where an agent must succeed in novel
situations at deployment time without the need for on-site
retraining [17]. As noted by Kirk et al. [17], this adaptability
is required to successfully deploy RL in real-world scenarios
that are complex and unpredictable. By employing a contextual
MTRL approach, we aim to address the scaling challenges
identified in recent reef studies [41], enabling a single AUV
controller to function reliably across unseen sites and diverse
monitoring objectives.

III. PRELIMINARIES

In traditional single task reinforcement learning [32], the
agent’s task is formalised as a Markov Decision Process
(MDP) T = (S, A, P,R, 1), where S is the state space, A
is the action space, P are the state transition probabilities, R
is the reward function and y is the initial state distribution [3].
The goal of an RL algorithm is then to find an optimal policy
7*(als), where any policy 7(als) is a probability distribution
defining the probability of selecting action a € A given any
known state s € S. Any optimal policy 7* maximises the
RL objective J(m,T), i.e., the expected discounted return of
policy 7 in task 7T,

H
J(777 T) = Ertme [Z ’Ytrt‘| 5 (1)

t=0
where H is the episode horizon, « is the discount factor, and
r¢ is the reward collected at time step ¢ following policy 7 in
task 7. Hence, the optimal policy is defined as

" (als) = argmax J(m, T). (2)

In multi-task reinforcement learning, the goal is to learn a
policy that is able to act optimally in a set of related MDPs



[35]. One common assumption is to assume that the shared
structure between the tasks is that all MDPs to be solved use
the same state and action spaces. Using this assumption, we
can formalise the the MTRL problem as a contextual Markov
decision process (CMDP) [13, 22]. A CMDP is a tuple of the
form (C,S, A, M), where C is the context space, S the state
space, A the action space, and M : C — 7 (®) a mapping from
context to a specific MDP T(¢) = (S, A, P(®) R(©) ;(®)
where P(¢) R(©), ;L(C) are the context-conditioned state tran-
sition probabilities, reward functions, and initial state distribu-
tions, respectively. It should be noted that defining a suitable
context representation is non-trivial for many tasks and can be
arbitrarily informative ranging from simple one-hot encodings
or random seeds to highly informative task domain knowledge
such as physical parameters of the environment [4]. Assuming
the context for each task is known, the goal now becomes
to find an optimal context-dependent policy 7*(als;c) that
maximises the expected discounted return over all context-
MDPs 7(¢), namely,

7 (als; c) = arg mngCNC {J(RT(C))] . (3)

Additionally, to evaluate the zero-shot generalisation abilities
of policies, it is possible to split the set of tasks induced by
the the CMDP into distinct training and test sets of tasks [17].

IV. CONTEXTUAL MTRL FOR AUTONOMOUS REEF
MONITORING

For an AUV to be able to autonomously monitor an under-
water habitat, the crucial challenge to navigate its environment
to find and detect interesting regions, e.g., different types of
organisms, and then navigate towards them. We formalise this
task in from of a CMDP, where the agent receives positive
rewards for detecting a previously undiscovered marine or-
ganism at each time step, while receiving negative rewards
for straying too far from the search area. The task of the
AUV control policy is the to select an action to maximise the
likelihood of finding unseen organisms based on the current
observation.

Specifically, we define a high-level representation of the
state space S in terms of the AUV’s current location x € R?,
rotation r € R2, and velocity v € RZ2 Additionally, the
state contains the total elapsed time ¢t € Rx( since the
beginning of the episode, the number of organisms (both new
and previously detected) in its immediate surrounds, as well as
the percentage p € [0, 1]* of organisms of each type that still
remain undiscovered. In our setting, we consider a scenario
where 500 organisms of four different types (represented by
different colours, i.e., red, blue, green, black), inhabit the
environment and the agent’s task is to find all organisms
that are flagged as interesting in the given task context. All
organisms are considered to be located on the ground. Hence,
we omit the z-component of both location and velocity in the
state space and let the AUV keep a fixed distance to the seabed.
To represent the locally detected organisms, we consider all
organisms for each type that are below a given distance
threshold d,,,, detected by a simulated detector oracle to

focus on the challenge of navigation and control rather than
perception. The simulated detector outputs vectors containing
the number of total number 1 € Z.S and new organisms
ne Zl>60, in four directions (front rigﬁt, front left, back right,
back left). This representation results in a 44-dimensional state
space with states of the form

s=x",r",vi,t,p",1",n")". 4)

In our setting, we use a generic torpedo-shaped AUV as is
shown in Fig. 5a with one thruster and four fins. The action
space is a discrete set of five nominal actions

A = {forward, turn right, turn left, backward, no op}, (5)

which are converted into low-level thruster and fin commands
which are then executed at a control frequency of 2 Hz.
Specifically, the forward and backward actions keep the fins
in a neutral position and set the thruster to 50 or -50 percent
of the maximum thrust, respectively. The turn actions are
executed by setting the vertical fins to their maximum swing
in either direction, i.e., to 45 or -45 degrees, while applying a
forward thrust of 50 percent.

As stated, we aim to learn policies that are able to deal
with varying water currents and different types of organisms
to find. Under the assumption that currents remain constant
during a single episode, we consider every different setting of
currents to be a new task for the MTRL policy. We represent
the currents for a given task as a three dimensional vector ¢, €
R3. To indicate which organism types are to be detected by the
agent in any given task, we use a 4D binary vector ¢, € B*,
where each entry indicates if the corresponding organism type
is interesting (vector entry 1) or uninteresting (vector entry 0).
For example, the vector (1,1,1,1)" represents the task where
all types need be found and the vector (0,1,1,0)" indicates
that only blue and green organisms are of interest. The full
context space C is then the Cartesian product of these two
subspaces, namely, C = R? x B* with

c=(c],c])T Vecec. (6)

Based on this context representation, we can now define the
context-dependent tasks in terms of reward functions R(¢).
To avoid overfitting, we keep the reward function simple
and define straight-forward success and and failure conditions
which each lead to fixed rewards of 7gceess = 1000 and
il = —1000. These specific values were chosen to ensure
that successful episodes always lead to positive returns and
failed episodes always lead to negative returns, even in the
presence of intermediate rewards. The success condition is
fulfilled once the agent has detected all organisms of interest.
The failure condition is met if the agent strays away too
far from its initial position, defined by a maximum allowed
distance df = 10. To avoid extremely sparse rewards leading
to a hard exploration problem, the agent also receives small
intermediate rewards r, = 1 whenever a new organism is
detected. In order to keep all tasks on equal scales, we
normalise the intermediate rewards by the number of total



organisms of interest. Additionally, we also add a small
movement regularisation term r, = 0.1 at each time step
to encourage quicker exploration strategies. Combining the
intermediate reward and the regularization reward into a joint
reward Ty

n'c,

Tstep = mrn — Tp. @)

Combining all previously discussed terms, we arrive at the
context-dependent reward function,

Tsuccess  1f pTCO =0
R (sy,a5,8:11) = { T if [|x¢41 — Xoll2 > de - (8)
Tstep otherwise

Using these definitions, we now have a full description of
the available context-dependent tasks for our reef monitoring
scenario. It should be noted that while the transition distri-
bution is also dependent on the context vector by means of
the water currents, it is not necessary to explicitly define them
as they are assumed to be unknown in the RL setting. Further
note that due to the continuous nature of the current definition,
the described CMDP induces an infinite set of tasks to sample
from.

V. EXPERIMENTS

In our experiments, we use both the simplified toy en-
vironment as well as the HoloOcean-based simulation to
evaluate the suitability of contextual MTRL for the use case
of autonomous reef exploration and monitoring via AUVs.
Specifically, we aim to answer the research questions:

¢« RQI1: Are RL-based policies able to solve the reef
monitoring task?

o RQ2: How do contextual policies compare to mixture-
of-expert policies in terms of asymptotic performance,
sample-efficiency, and zero-shot generalisation to unseen
tasks?

To answer these research questions, we evaluate the sample-
efficiency, zero-shot generalisation, and final performance of
our joint contextual training regime and compare the results
against training individual single-task expert policies. As sug-
gested by Agarwal et al. (2021) [1], we report interquartile
means (IQM) with bootstrapped 95% confidence intervals (CI)
of the undiscounted episode returns to analyse asymptotic
performances and sample-efficiency. We use double deep Q-
networks (DDQN) [14] as backbone algorithm, implemented
using the open-source library rl-blox [18]. To train a contextual
version of DDQN, denoted in the following as cDDQN,
we concatenate the task context and the observed state as
input to the Q-network. All Q-networks in our experiments
are represented as multilayer perceptrons (MLPs) [29]. As a
baseline, we train individual policies for each separate task
from the training set and then build a mixture of experts
(MoE), that always selects the corresponding expert for the
given task. We then evaluate performance of each policy on
both the training set and the test set of tasks.

A. Minigrid Experiments

We initially test the method in a discrete approximation of
the autonomous exploration task using Minigrid [9], in which
the underwater world is represented as a 2D grid world as
shown in Fig. 2. The agent’s goal is to navigate to the correctly
coloured object based on the given task without running into
walls or other coloured objects. The different task contexts
consist of a one-hot encoding to indicate which colour of
object the agent is expected to collect, resulting in a total of
six different contexts

C = {red, blue, green, yellow, purple, grey }. )

To be able to evaluate the zero-shot generalisation of the
trained policies, we split the context set into a training set
Cirain containing the red, green, yellow, and grey tasks and a
test set Cieq containing the blue and purple tasks. We consider
two different settings of the environment, fixed and random.
In the fixed setting, objects are always placed in the same
locations, while in the random setting, the locations of the
objects are sampled uniformly from colour-specific areas with
in the grid at the beginning of each episode. The policies in
these experiments are trained for 1M timesteps in the fixed
setting and for 5SM timesteps in the random setting. Each
policy’s Q-network is represented as an MLP with two hidden
layers of 32 units each. We repeat each experiment for both
settings with 10 different random seeds.

Fig. 3 shows the evaluation performance of the trained
policies on the training and test sets over time in the fixed
setting. On the training tasks, both cDDQN and MoE achieve
the same asymptotic performance, however, the MoE policy is
able to achieve this with fewer training steps (Fig. 3a). On the
unseen test tasks, the performance of cDDQN remains stagnant
at initial level, while the performance of MoE significantly
drops as training progresses (Fig. 3b). We hypothesise that this
effect is caused by overfitting as the cDDQN policy is aware
to be in a new context, while MoE overconfidently follows
the same strategies in test tasks as in training tasks leading to
collisions with incorrect organisms.

Similarly, Fig. 4 shows the performance of the trained
policies on both task sets in the randomised setting. Each
policy was evaluated on randomly generated grids, reporting
the mean total reward on each task over 25 rollouts. As in the
fixed setting, both MoE and cDDQN are able to learn policies
that avoid collisions and find organisms of the correct type.
However, in this more complex scenario, neither algorithm is
able to perfectly find every organism of the correct type in
every evaluation. As in the previous setting, MoE has a better
asymptotic performance on the training set and a better sample
efficiency than cDDQN (Fig. 4a), but a much worse zero-shot
generalisation to the unseen test tasks (Fig. 4b).

B. HoloOcean Experiments

In our second set of experiments, we use a simulated en-
vironment of the reef monitoring task as introduced in the



(a) Fixed minigrid layout (b) Organism areas for random layout (c) Examples policies

Fig. 2: Minigrid environments. For preliminary evaluation of the suitability of contextual MTRL for autonomous reef
monitoring, we make use of a simplified toy setting based on minigrid. In these environments, the task of the agent is
to move towards organisms (represented as circles) of the correct colour, while avoiding moving into walls or incorrectly
coloured organisms. The agent receives a small positive reward for moving directly next to a correct organism, a large positive
reward for finding all five correctly coloured organisms, and strong negative reward for colliding with the surrounding wall
or incorrectly coloured organisms. At each timestep the agent observes its immediate surroundings as highlighted and may
choose between moving forward, turning right, or turning left. (a) shows the layout of organisms in the fixed minigrid setup,
(b) shows the areas in which the different coloured organisms can be placed in the random setting, and (c) shows example
trajectories of final policies trained using cDDQN after 1M timesteps in the fixed setting.

10 Algorithm 0
—— MoE S At S
5 cDDQN 50
& £
3 0 5
%) %)
=< _r ~ —100
w2 1o} w2
& &
=10 =
=4 . S 150
o Algorithm
—920 =5 —— MoE
—200 DDON
—25
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Training Step x10° Training Step %109
(a) Training set (b) Test set

Fig. 3: Results Fixed Minigrid. Interquartile means over 10 random seeds of trained policies on the training set (a) and the
test set (b) of the fixed Minigrid environments. Shaded areas show the 95% CI of the IQM. Both MoE and cDDQN are able
to solve the training tasks. However, MoE overfits and fails to avoid collisions on the unseen test set, while cDDQN is able

to avoid catastrophic failure.

previous section using HoloOcean [27, 28]. Figure 5 shows Additionally, we also include the setting with no currents
the used generic AUV, as well as the distribution of possible with the goal being to find organisms of any colour, i.e., the
locations for the different types of organisms. For this set of context (0,0,1,1,1,1), resulting in a total of 17 test tasks.
environments, we again create a training set and a test set Each policy’s Q-network is represented as an MLP with two
of tasks. The training set consists of five different current hidden layers of 128 units each. All policies are trained for
settings (north, east, south, west, and none) and a single a total of 250k timesteps and repeat each experiment for 20
type of organism to detect. In combinations this leads to 20 different random seeds.

distinct training tasks. For the test set, we consider four new
and unseen task settings (north-east, south-east, north-west,
and south-west), each combined with a single organism type.

Figure 6 shows the evaluation performance of the trained
policies of the HoloOcean experiments on the training and test
sets over time. Each policy was evaluated in each context for
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Fig. 4: Results Random Minigrid. Interquartile means over 10 random seeds of trained policies on the training set (a) and
the test set (b) of the random Minigrid environments. Shaded areas show the 95% CI of the IQM. Both MoE and cDDQN are
able to learn policies to correctly find organisms in the training tasks with MoE slightly outperforming cDDQN both in terms
of sample efficiency and asymptotic performance. However, as in the fixed setting MoE overfits and fails to avoid collisions

on the unseen test set, while cDDQN is able to mostly avoid catastrophic failures.

(a) AUV closeup

(b) Organism distribution

Fig. 5: HoloOcean environments. For our main investigation on contextual MTRL for autonomous reef monitoring, we
implement a simulated reef environment using HoloOcean. In this environment, the task of the agent is to move towards
organisms (represented as circles) of the correct colour, without leaving the search area. The agent receives a small positive
reward for detecting to a correct organism, a large positive reward for finding all correctly coloured organisms, and strong
negative reward for leaving the search area. A detailed formalisation of the task as a CMDP can be found in Section IV. (a)
shows the generic torpedo-shaped AUV used in our experiments, (b) shows an example of the organism distribution within

the simulated environment.
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Fig. 6: HoloOcean results. Interquartile means over 20 random seeds of trained policies on the training set (a) and the test
set (b) of the random HoloOcean environments. Shaded areas show the 95% CI of the IQM. Both MoE and cDDQN are able
to learn policies to correctly find organisms in the training tasks and not leaving the search area. Both approaches are able to
transfer to the unseen test tasks with only a small drop in performance. This effect is likely due to the high similarity between

training and test tasks.

25 rollouts of which we report the mean total reward. Both
c¢DDQN and MoE achieve a similar asymptotic performance
on the training scenarios with no notable difference in sample-
efficiency (6a). On the unseen test tasks, the performances of
both approaches once again exhibit similar performance and
sample efficiency, however on a slightly lower overall level
(6b).

C. Discussion

In our extensive experiments, both in Minigrid and
HoloOcean, we evaluated the performance, zero-shot gener-
alisation, and sample efficiency of contextual MTRL com-
pared to an MoE approach. Throughout our experiments, we
observed similar asymptotic performance of both methods
on the known training environments. In terms of sample-
efficiency, we observed a slightly faster learning of the training
tasks in the Minigrid environments for MoE. However, the
zero-shot transfer of these learnt policies to unseen training
task led to catastrophic failures, i.e. collisions, likely due
to overfitting, while the contextual MTRL method generated
more robust policies. In the HoloOcean scenario, we did not
observe any notable differences in sample efficiency, zero-
shot generalisation, or asymptotic performance. However, it
should be noted that when using the MoE approach, multiple
networks are trained for every task in the training set. In the
HoloOcean experiments this means that the final MoE policies
consist of 20 Q-networks, while the cDDQN policy captures
all encountered tasks within a single neural network, thus,
scaling down the memory requirements of the final policies
by a factor of 20. We believe this aspect to be a valuable
insight, especially considering generally highly limited compu-
tational resources on a real deployed AUV. As task complexity
and sensor availability increase in future missions, resource-
efficient training algorithms and model will be crucial to equip
AUVs with autonomous exploration capabilities.

VI. CONCLUSION

In this work, we evaluated the suitability of contextual
MTRL for autonomous reef exploration and monitoring using
AUVs and provided an initial mathematical formulation of a
reef monitoring task in terms of a CMDP suitable for learning
high-level AUV control policies using MTRL. In our simulated
experiments, we observed promising initial results in terms of
performance, sample-efficiency, and zero-shot generalisation
when compared to a straight-forward mixture of experts ap-
proach. Experiments using the HoloOcean simulator indicate
that contextual policies may help improve the efficiency and
robustness to unseen situations. Notably, contextual policies
may be especially promising in highly dynamic environments
when limited computational resources are available.

Rather than a ready-to-use system for immediate real-world
impact, we see this work as a proof of concept for the
usefulnuss of MTRL in AUV-based reef exploration. Based
on our findings, we see various potential avenues for further
research. For example, we intend to evaluate the MTRL
approach more rigorously using more realistic and dynamic
environments using HoloOcean, both on real systems and in
field tests. Additionally, we aim to further investigate method-
ological improvements from the existing MTRL literature,
e.g., by using more advanced backbone algorithms and model
representations [38], online adaptation [37], or exploration
strategies [24, 19, 2]. Finally, we also aim to investigate
to close the loop between perception and control for AUV
monitoring tasks to allow a joint learning of underwater object
classifiers and AUV control polices.
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