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Abstract— Training model-free intelligent agents in complex
real-world scenarios using reinforcement learning (RL) often
necessitates simulation-based environments due to high physical
expenses. However, when simulation takes a long time, e.g.,
in an unsteady 3D fluid simulation with interactions to the
controllable solids, existing RL algorithms meet difficulty to
accomplish training within a reasonable timeframes. In this
paper, we propose a novel multi-level framework for RL to
accelerate convergence as the first attempt to address this
difficulty. Motivated by the idea of multi-grid solver, the control
policy on a virtual agent over time can be decomposed into
different frequency levels, which can be progressively learned
via a set of simulations in a coarse-to-fine manner. It is expected
that most RL trials are performed in coarser simulations
to learn lower control frequency levels with more efficient
convergence, while higher frequency levels require much less
RL trials, thus significantly accelerating the learning process.
To implement our idea, we designed a novel multi-level residual
network with a filter module attached, where each level of the
network is learned by performing RL for a given simulation
resolution. The proposed framework is evaluated by conducting
policy learning experiments on a virtual aerial (2D) and an
underwater (3D) robot, both requiring time-consuming physical
simulations. Our results demonstrate a decrease in almost half
in learning time compared to a direct RL approach, while
achieving similar control performance.

I. INTRODUCTION

Physical simulations have already been an indispensable
tool for studying complex robot control policies, especially
within the reinforcement learning (RL) framework, mainly
due to high physical expense in reality. Although rigid body
dynamics has been frequently employed in many platforms,
such as PyBullet [1], other simulations required for training,
such as deformable body [2] or fluid [3] simulations, are
less common due to high computational cost involved. Even
for rigid body dynamics, if precision is required, e.g., in
a virtual-to-real learning task where contact forces must
be accurately solved, the simulation could still be pro-
hibitively slow [4], [5]. Consequently, trade-offs are often
made between accuracy and efficiency in simulations for
robot training, limiting the ability to explore learning algo-
rithms that can ultimately be applied to real agents. Although
some new simulation methods have emerged, e.g., a GPU-
optimized lattice Boltzmann solver for fluid-solid coupling
that can be much faster than a traditional counterpart [6],
[7], simulations commonly used are still not yet ready for
extensively applying existing RL algorithms, especially in
complex and costly-to-simulate environments. Simulations in

1 ShanghaiTech University
* Corresponding author
Contact: {wukf, hexm, wangyang4, liuxp } @shanghaitech.edu.cn

979-8-3503-8457-4/24/$31.00 ©2024 IEEE

Fig. 1. Example tests to validate our progressive RL framework. The
figures above show the instantaneous illustrations of the controlled robots in
two simulated fluid-solid coupled environments which are computationally
costly — a 2D jet-controlled robot in air (left) and a 3D swimming fish
in water (right), where the fluid velocity field are shown by colormaps,
with red color indicating high velocity and blue color for low velocity.
With our method, desired control policies can be effectively learned, with
training time reduced by 46.2% and 57.1% respectively for these two tests
compared with a direct RL approach.

such environments can take several days or even weeks for
a single learning task [8], rendering control policy learning
impractical in such virtual environments.

In this paper, we aim to propose the first attempt to address
the challenge of prolonged learning time for simulations that
entail high computational costs. Our approach is inspired
by a general insight that many virtual simulations can be
conducted in different resolutions, i.e., the number of sam-
ples in space and time. While high-resolution simulations are
typically slow in practice, their efficiency can be consider-
ably enhanced through a series of low-resolution simulations
during the training process, which is similar as in a multi-grid
solver [9], which seeks a multi-level convergence to speed
up. We hypothesize that in any given simulation, the acqui-
sition of a lower-frequency control policy can be expedited
by learning in a lower-resolution simulation from the lower-
frequency input states. Furthermore, as the simulation reso-
lution increases, the control policy can progressively adapt
itself by learning residuals based on the previously learned
policies, but with a reduced number of trials. Consequently,
we anticipate a noteworthy improvement in overall efficiency.

In this work, we propose a multi-level progressive RL
algorithm, particularly for control policy learning in simula-
tions with high computational cost. To achieve this goal, our
method introduces a filter module, which can be pre-trained
for different simulation resolutions, in order to align input
state estimates with the respective simulations. We then in-
corporate the pre-trained filter module into a new multi-level
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policy learning network to bridge the gap between different
simulation resolutions with the help of the residual policy
blocks. To enhance sampling efficiency and convenience, the
training of our policy network is based on a modified version
of the popular Soft-Actor-Critic (SAC) algorithm [10], [11].
To validate the proposed framework, two scenarios are
considered, both employing two-way fluid-solid coupling
during the simulation. The first scenario involves a 2D box-
like robot propelled by a jet flow for attitude control, as
shown in Fig. 1 (left), where the simulation is conducted with
a high Reynolds number in a high resolution. The second
scenario involves a 3D fish-like robot for swimming control,
as shown in Fig. 1 (right). We evaluate the effectiveness
of our algorithm by comparing the performance of our
learned policy as well as the learning efficiency to different
approaches for RL, showing that our method reduces training
time while maintaining satisfactory control performance. In
summary, this paper makes the following contributions:

o A novel RL framework designed to expedite the training
process in computationally costly simulations.

« An autoencoder-based filter considering feedback char-
acteristics for simulations with different resolutions.

o A multi-level policy learning network is devised to
account for disparities in control inputs between suc-
cessive simulation resolutions, facilitating gradual align-
ment of the control policy with that of the ultimate high-
resolution simulation.

o Two validation cases are shown to demonstrate the
effectiveness of our new RL algorithm in attitude and
locomotion control for robots that require fluid simula-
tions with costly computations.

II. RELATED WORK
A. Physical simulation in a virtual environment

Physical simulation has been intensively used in policy
training, and OpenAl Gym [12] standardizes the API as the
well-known interface between RL and simulators. In addition
to Pybullet [1], AirSim [13] and ISAAC [14], there are plenty
of efforts to narrow down the gap between simulation and
reality. Combining data collected in reality with the model
trained in virtual environment helps the narrowing process
too in existing experiments [5], [15]. For missions influenced
by fluids, building a high-fidelity environment based on fluid
simulation is inevitable for accuracy, especially for fish-
like robots [5], [16] and UAVs [17]. Min et al. [4] utilized
finite-element method for control problems of soft-body
animals, while Zhang et al. [5] used HyperFLOW [18] to
mimic the 2D underwater environment. To enhance simula-
tion efficiency for fluid, a GPU-optimized lattice Boltzmann
solver for unsteady fluid flow has emerged [6], [7], enabling
accuracy and efficiency, and making it possible for fluid
simulation to be used in policy training.

B. Acceleration for reinforcement learning

The training efficiency of RL is always of great concern
in practice. Fine-tuning model parameters or reusing cur-
rent models is a straightforward idea for accelerating the

training process, which has been studied for years [19]-
[21]. Asynchronous methods are leveraged to build multiple
workers for data collection and gradient update in large-
scale parallel distributed learning [22], [23]. There are other
algorithms focused on accelerations like IMPALA [24], Ape-
X [25] and progressive learning [26], as implemented by
applying parallel training threads or sharing samples or
gradients to reduce the time cost from communication among
different hardwares. Liang et al. [27] used GPU to speed
up the training of challenging locomotion tasks in simula-
tions. Rabault and Kuhnle [28] accelerated learning through
a multi-environment approach. Ren et al. [8] introduced
an approach to train in coarse environments and apply in
finer ones to speed up training. Our work is inspired by
aforementioned methods to build a novel training framework
that better takes into account the differences in resolutions.

III. PRELIMINARIES

We use the tuple (S, A, p,r) to define a Markov decision
process (MDP) with infinite horizon, where S and A refer
to the continuous state and action spaces, respectively; p
refers to the state transition probability and r refers to the
reward given by the environment [29]. It is common to define
the probability that the agent takes action a; in state s; as
m(at|s:) given the policy 7. pr(s¢,a:) denotes the state-
action marginal of the trajectory’s states distribution induced
by the policy 7(a|s;).

Unlike standard RL which maximizes the expected sum of
rewards Y, B(s.a,)~p, [7" - 7(8, @¢)], maximum entropy RL
introduces entropy objective into the expected return to favor
stochastic policies and encourage agents to take actions with
potential benefits, but with higher uncertainty [30]:

T
J(1) =Y Eispanmps 1 (r(50,a0) + oM (m(-|se)))], (1)
t=0

where « controls stochasticity of the policy, determined
according to specific tasks [10] or behaviors of the current
policy [11]. H(:) calculates the expected entropy of policy
over pr(s¢) [30]. Policy can be learned by minimizing the
following expected KL divergence between the current pol-
icy’s reaction and its Q-values’ distributions, while narrowing
differences bewteen two policies’ action distributions. [10]:

D)), e

where KL divergence measures the similarity between two
distributions, and Zy normalizes Q-values’ distributions.
Since the policy is now represented by a neural network,
we can reparameterize the policy as:

J2(6) = Enve [ Dis ()

a; = fy(er; 8¢), 3)

where f(-) represents the policy network, and €; is an input
noise vector, sampled from fixed distributions, which helps
to generate action a; from model distributions randomly.
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IV. MULTI-LEVEL POLICY LEARNING FRAMEWORK
A. Motivation and our idea

Suppose that the simulation can be fast enough to allow
substantial trials, then the control policy can converge within
a reasonable period of time. However, numerous realistic
scenarios feature inefficient simulators, such as tasks involv-
ing robot training with fluid interactions. In these cases,
employing traditional RL methods directly often results in
excessively long training time, rendering them impractical.

To tackle the aforementioned difficulty, we make the first
attempt in this paper to improve training efficiency from
the perspective of multi-resolution simulations. Inspired by
the work in [9] and the observation that the computational
cost can be significantly reduced when simulation resolution
decreases, we design a novel multi-level RL framework that
allows the agent to gain an efficient control policy progres-
sively. Our core idea is that with different simulation reso-
lutions, the control inputs can be decomposed into different
frequency levels, where lower frequency levels are assumed
to be well trained by the lower-resolution simulations, which
can be fast. As simulation resolution rises, so does the
computational expense; nevertheless, the number of RL trials
required for convergence can be notably diminished, result-
ing in accelerated training. This concept inherently drives
the development of a multi-level policy network spanning
diverse resolutions. However, the inputs to each level of
the network should be particularly processed, such that they
match well with the corresponding simulations.

B. State filter and residual network

According to [31], the latent environmental information
could be recovered from a time series of proprioceptive ob-
servations, leading to the introduction of an augmented states
as the combination of proprioceptive resolution-relevant
states sP and resolution-irrelevant ones s’:

P _
Sy = {Ot—z+1, Ot—_142,- -+, Ot},

s = st @ s, @
where [ is the length of the sliding window on observation
history; o; is the proprioceptive observation at time ¢, and
s are the remaining state components such as task goal
and integral errors, which are concatenated with sf to form
the input state s;. Given a new higher simulation resolution,
the augmented states defined above contain lower-frequency
signals that are expected to be already learned by train-
ing in a lower-resolution simulation. Hence, it is supposed
that acceleration of training can be achieved by reusing
the trained policy from low-resolution. However, a direct
downsampling of high-resolution simulation does not match
well with the states from the corresponding low-resolution
simulation, making it difficult to reuse trained policy from the
low-frequency policy modules. Thus, an auto-encoder-based
filter is introduced to align the current resolution-relevant
states with the low-resolution ones.

The undercomplete autoencoder, a classical neural net-
work structure as described in [32], aligns well with our

needs. It endeavors to project inputs into a space formed by
the corresponding resolution, thereby preserving the majority
of signal characteristics among inputs. During the training
process the filter using a higher-resolution simulation, an
undercomplete autoencoder is attached to the front of a
fixed policy module, which is the original policy obtained
in the lower resolution simulation. The filter is trained by
minimizing the actor loss function defined as follows:

Ja(¢,8) = Jx(¢,8) + wr - Jp(6), (5)
8, = F(s?|6) & s, (6)

where the actor loss JJ4 contains a policy loss J; and a filter
loss Jr multiplied by a weighting factor wp. Filter function
F(+|) with its parameters J generates estimated observations
Sy as the input to the original policy.

Although the filter helps reutilize the policy obtained from
low resolution, the gap between the estimated observations
5P and original states s? are still not negligible. To address
this issue, we further introduce a residual network, which
serves as a compensation to the existing filter and policy
modules. The residual network takes the difference between
s and &% as its input and outputs an action that can be added
to the original actions Eq. (3) as follows:

ar = fo(er; 8¢) + for(€r; (87 — 87) @ s}), (7)

where ¢’ are the parameters of a new residual policy network
fer, and the inputs to the residual policy are the differences
between the original observations s? and the estimated ones
.§f , concatenated with resolution-irrelevant information si.

C. Multi-level policy network

Up to this point, all modules have been introduced to aid
the agent in adapting to a new environment in a higher-
resolution simulation. However, to facilitate training with
multiple resolutions, the aforementioned procedure needs
expansion to enable progressive learning across a sequence
of resolutions. Building upon the approach proposed by
Rusu et al. [26], which advocates freezing prior-trained
policy networks to facilitate progressive learning, we also
bound the state filter, policy module and residual network
together and regard it as a new base policy module when
transitioning to the next higher resolution. By sequentially
incorporating respective modules as outlined above, a multi-
level policy learning framework is constructed, which can
achieve progressive learning as resolution increases, leading
eventually to the determination of the final action based on
Eq. (7) as:

7% = F(3pM0), 8P = st ®)
m—1
- apk apk i
ar = foo(e1:81) + Y for (e (37" = 57" @ 7). 9)
k=1

where m is the total number of resolutions and £ indexes
the resolution. fy,(-) and fy, (-) represent the base and k-th
residual policies. All results of the policies are accumulated
to obtain the final action a;.
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Fig. 2. Structure of our multi-level policy network. As mentioned in the main texts, s¢ can be decomposed into sf and s%, where only sf needs to
be processed. For simplification, s; represents sf only and s} is fed to all policy blocks. Training begins from darker areas, representing simulations with
lower resolutions, and proceeds to lighter ones, adding new modules progressively. Finally, results from all policies are accumulated as output action at.

The proposed multi-level policy enables a progressive and
faster reinforcement learning for control policy in simulation.
However, with the augmentation of resolutions, a pertinent
issue emerges: the addition of new filter modules can result
in the accumulation and escalation of filter losses, potentially
impeding the parameter updates of these new filters. To
mitigate this challenge, it becomes imperative to constrain
the loss function to ensure uniform scaling and facilitate the
training of new filters. Consequently, we introduce a discount
factor denoted as ~ for ascending resolutions in the filter
loss, serving to cap the upper bound of the loss and sustain
consistent training conditions for the new filters:

Jr(0) = 3 17’“_1||§f’kJr1 - 873,
ot (10)
= D> ATHET - P8I
k=1
where v € [0,1] and in this paper we always used v = 0.5.

D. Progressive training

Given our utilization of the SAC method [11] for training
purposes in this paper, we explore additional strategies to
enhance its efficiency. Specifically, experiences stored in
the replay buffer at the same resolution can be reused
across consecutive stages, thereby maintaining stability in
the entropy coefficient, as these experiences are cleared upon
resolution switches. Similarly, to mitigate interference from
short-term unstable actions generated by the new filter, the
critic component can remain fixed. Consequently, the loss
function based on Eq. (2) undergoes modification as follows.

Jx(6,0) = Eg,up [DKL (ngéw('|§t)“w>} ’

where the critic’s Q-value network led inherits from the
lower resolution one, and all input states should be first
filtered into the estimated ones ;. The approach above can
limit the negative effects of new modules and keep critic
modules adapted, leading to a more robust policy with as

Algorithm 1 Our multi-level progressive RL algorithm

Initialize base policy ¢g and critic ;
Train base policy ¢ and critic ¢ in initial resolution;
for m increasing higher resolutions do
Fix all previous policies ¢;, filters ¢; and the critic v,
where i € [0,m — 1] and j € [1,m — 1];
Train filter §,, with regularization objective;
Fix all previous policies ¢; and filters d;, where i €
[0,m — 1] and j € [1,m];
Train critic v and residual policy ¢,,;
end for

less parameters to be updated at each step as possible. Note
that for standardization of module reuse, all undercomplete
filter or policy modules share the same structure size, and
the dimension size of states across simulations should remain
the same, as only proprioceptive resolution-relevant states are
always filtered. The whole policy network structure for multi-
level training is shown in Fig. 2, and the general procedure
of the algorithm is presented in Algorithm 1.

V. RESULTS AND VALIDATIONS

To present our results and validate our method, we applied
our approach for policy learning in two fluid-solid coupled
simulations, which are computationally costly. Comparisons
are made to show that our method reduces training time
apparently while retaining similar control policy.

A. Selection of tasks

We selected two typical fluid-solid coupled simulations to
test our algorithm. In the first test, a 2D jet flow control
problem was considered, which has long been recognized as
a challenging task for its aerodynamic instability. By con-
structing a box-shaped aerial robot in 2D with controllable
jet direction and velocity, vortices can be generated around
the robot boundary, which is an intricate problem for motion
control. We call this control task the Jet Flow Control (JFC)
task. In the second test, we used FishGym [33], a GPU-based
3D simulator for training fish-like robots, which has higher
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TABLE I
TRAINING PARAMETERS

Tal 1 Wq -2el Wie -6e-2

Wsm -1 Wt 1 We -2e-3
dim. of s¢ 20 dim. of a: 2 batch size 256

W 3e3 | learning rate le-3 lw 8

complexity since the fish body is formed by an articulated
skeleton, and we call this control task as FishGym task.
Evaluations will be performed on these two tasks in order to
verify the robustness and effectiveness of our method.

B. Experimental setup

Since we employed the same setup for FishGym test as in
[33], we will mainly introduce setup in JFC task instead.

1) Description of JFC task: In JFC task, the box-shaped
robot aims to stabilize its desired orientation by controlling
the jet flow. The reward function is defined below:

T =Tql T WeTq + WieTie + WeTe + WsmTsm + WstT st (12)

where w is the tunable weight for each term; r,; is a positive
constant reward encouraging longer control; r, = —|la —
ozgoal||% is the mean squared error between the desired and
current attitudes; ;. = — Zt ’yfe - 1o 18 the sum of integral
error for angles in an episode with a discount factor v; r, =
—v2 is an energy term where v, is the flow speed at the jet
outlet; r; is constant if the angle of the robot is stabilized in
the vicinity of the target angle; and 74, = —||a; — a;—1||3
punishes sudden changes in actions to prevent potential servo
failures in reality. All these parameters are listed in Table. I.
The observations oy in the JFC task contain the current angle
oy and angular velocity w; of the robot itself. The action of
the robot a; contains its jet flow direction and speed.

2) Simulation parameters: The air density in the JFC task
simulator is set as 1.225 kg/m3, and viscosity is set to
1.81 x 10=%kg/(m - s). The domain size in the simulator is
set as 1m x 2m, and when it is simulated using the highest
resolution, the domain contains 1000 x 2000 grid cells.
The basic control step duration is 0.01s, which would cost
approximately 0.72s in computations. As the current solver
places high demands on both CPU and GPU performance,
we conducted all simulations using an AMD R5-3800X CPU
and an NVidia RTX 3090 GPU.

C. Training

The policy network can be trained by employing SAC
[10], [11] due to sampling efficiency and robust performance;
however, it can be slow if it is trained using the original
high-resolution simulation only. Alternatively, we can train
the policy network in a coarse-to-fine manner: with initial
random parameters, we can first train in a simulation with
the coarsest resolution; after convergence, we use the trained
results as initialization and proceed training on the higher
resolution until we reach the final resolution. We name this
training process as SAC with multi-resolution (MR), which
can improve training efficiency, but may subject to unreliable

Averaged Reward per step in a episode for tasks in JFC
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0 3 6 9 12 15 18 21
Task index

Fig. 3. Averaged reward per step in tasks of JFC. The figure above
shows the averaged reward of steps over different tasks in JFC test, which is
better if the value is higher. For most of the tasks, our progressive training
method can achieve similar or even better results than other methods.

convergence due to larger parameter space. Our module-
based progressive training enables learning corresponding
modules that match the respective simulations, reducing the
parameter spaces while achieving more reliable convergence.
Since training is significantly faster than simulation, we
perform training on CPU instead.

D. Evaluation

We assess the effectiveness of the proposed method by
comparing the control performance in JFC task with that of
a classic PID control and of the results using other training
methods, such as SAC and SAC with MR. Additionally, we
examine the training time and efficiency, both in the JFC and
FishGym tasks. To confirm the effectiveness and necessity of
the proposed method, we conducted ablation tests on selected
modules within our framework.

1) Performance in JFC task: In this section, we compare
the results with PID control and our policy network trained
by SAC and SAC with MR, where PID parameters have been
already tuned manually. The training process is evaluated
by 21 distinct attitude tracking tasks. Performance compar-
isons were performed across various metrics, such as the
averaged reward per episode, the number of stable duration
per episode, the overall success ratio, and the total training
time. Stable duration refers to the time interval during which
the robot’s angle remains close to the target within one
degree. The criteria to judge the success of a task is to check
whether the agent can keep stability for at least 10 control
time units, which is 0.1s in simulation. As shown in Fig. 3,
all learning-based methods exhibit much improved averaged
reward and stability compared to PID control. Conversely,
training incorporating a time window of observations as
input exhibit better performance. Furthermore, by examining
Table. IT where the best results are highlighted in bold, we
observe that our policy network with progressive training
outperforms the other two training methods while requiring
much less time.

2) Ablation study: We also conducted ablation experi-
ments to validate the effectiveness of various modules incor-
porated in our RL framework, such as the filter and residual
policy modules in the same resolution. As shown in Table.
III, the model trained in a lower resolution, which receives
coarser observations, exhibits inferior performance in the test
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TABLE I
EVALUATIONS OF PERFORMANCE

Model Avg. # of Stable Success Training

odels Reward | pre-exits | duration Ratio time
PID -5.356 6 52.095 47.72% -
SAC [11] -0.142 1 56.429 71.43% 212.8 hrs
SAC w/ MR 0.231 0 37.238 42.86% | 158.3 hrs
Progressive 0.458 0 111905 | 76.19% | 114.4 hrs

TABLE III
ABLATION EVALUATIONS
. Residual Avg. Stable Success

Models Filter Policy Reward | duration Ratio

SAC [11] w/o w/o -0.142 56.429 71.43%

Our method | =/ wio 0.092 | 42476 | 66.67%

at step 1

Our method |, wlo 0267 | 61714 | 76.19%

at step 2

Our method |, w/ 0458 | 11191 | 76.19%

at step 3

conditions. The difference in control capability also serves to
confirm the gap between different simulation environments.
By implementing a filter to bridge the gap and enhance
the robustness of the controller as well as introducing the
residual policy module to compensate for discrepancies in
resolutions, our proposed method succeeds to improve the
agent’s control capability.

3) Training efficiency: We tested our training efficiency
using both JFC and FishGym tasks, as shown in Figs. 4
and 5, respectively. In Fig. 4, both training convergence
using SAC and SAC with MR are compared with our
progressive approach, where different steps indicate training
using different resolutions. It is clear that our progressive
training can reach similar performance stably with much less
time: our progressive method achieves time savings of 46.2%
compared to SAC [11] and 27.3% compared to SAC with
MR. Note that the number of steps at each stage is fixed
to ensure consistency in comparison, and that SAC with MR
lacks efficient re-utilization of past experiences, resulting in a
gradual decline in performance after each resolution switch,
leading to potential performance loss due to insensitivity
to feedback among different resolutions. Similarly, Fig. 5
shows that our progressive training method exhibits a sig-
nificantly faster convergence compared to SAC, resulting in
approximately a 57.1% reduction in training time. This result
affirms again the effectiveness of the progressive training
method in a more complex 3D fluid-solid coupled simulation
environment, indicating a potential for enhancing training
efficiency in other complex simulations.

VI. CONCLUSION

In this paper, we present multi-level progressive reinforce-
ment learning as the first trial to expedite the training process
in a computationally expensive simulation, such as high-
resolution fluid-solid coupled simulations. As previously
mentioned, a novel multi-level framework involving filter
and residual policy modules is proposed, which effectively
address discrepancies observed across different resolutions.

Length per episode related to training time in JFC
~step0 ~stepl ~step2

800 e —

Length

400

200 — SAC

SAC w/ MR
= Progressive

-
) stepl *step2 *step3 *step4 *step5

0 2 4 6 8
Training time/ days

Reward per episode related to training time in JFC
04 ~step0 ~stepl

~step2

Reward

—— SAC
SAC w/ MR
—3500 4 —— Progressive

~3000 *stepl *step2 *step3 *step4 *step5

0 2 4 6 8
Training time/ days

Fig. 4. Training performance for JFC task. All experiments were
completed within a week, which is a reasonable time considering the fidelity
of the simulation. The averaged reward curves indicate that our progress
training has a more reliable convergence. Each time the SAC with MR
switches resolution or our progressive method adds modules, there is an
arrow pointing to the switching point with “step and *step, respectively.

Reward per episode related to training time in FishGym

Baseline Criterion

step3 SAC
= Progressive

stepl step2

0.0 0.5 1.0 15 2.0 2.5 3.0 35
Training time/ days

Fig. 5. Training performance for FishGym task. We used a gray dashed
line to mark the criterion that the SAC reached in 4 days. There were two
resolutions used in this experiment and the start of each step in our training
stage is marked with an arrow in the figure. Overall, our progressive training
method converges faster than the basic SAC method.

Our study verifies the practicality of employing progressively
pre-trained filters and residual policy blocks to bridge the
gap between different simulation resolutions, which achieves
comparable, and in some cases superior, control perfor-
mance compared to existing approaches, while substantially
reducing training time. This reduction in training time holds
significant importance in simulations that entail high com-
putational costs.
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