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1. Introduction

In the field of mobile robot motion planning, particularly in complex and dynamic three-dimensional en-
vironments, how to efficiently learn robust and adaptable policies from limited interaction experience remains
a critical challenge [1-7]. In scenarios such as Mars exploration and disaster rescue, where environments are
highly unstructured and terrains are variable, spherical multi-telescopic-legged robots exhibit significant locomotion
potential due to their unique structure and mobility. Consequently, motion planning for such robots has attracted
considerable research attention. These robots typically rely on deep reinforcement learning (DRL) to perform
offline policy learning in simulation environments [8—11]. However, conventional approaches often suffer from slow
convergence due to the high complexity of environmental states and insufficient sampling efficiency. Moreover, they
tend to exhibit poor generalization when encountering unseen target positions or obstacle configurations [12—-14].

In recent years, Hindsight Experience Replay (HER) has been proposed as an effective technique to improve
sample efficiency and policy generalization [15—17]. By relabeling goals in hindsight for a single trajectory, HER
enables experience reuse and significantly enhances data utilization. While HER has demonstrated promising
performance in motion planning tasks with low-dimensional state spaces, such as robotic manipulators, it remains
insufficient for spherical multi-telescopic-legged robots, which operate in high-dimensional state spaces and
unstructured environments.

To address the challenges posed by high-dimensional motion planning, reinforcement learning algorithms have
continuously evolved. Advanced methods such as Twin Delayed Deep Deterministic Policy Gradient (TD3) [18]
and Soft Actor-Critic (SAC) [19] have achieved remarkable success in complex control tasks. Motivated by these
advancements, this paper adopts SAC as the base learning framework due to its strong exploration capability and stable
learning performance. Furthermore, to overcome the limitations of HER in cross-episode experience utilization, an
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improved mechanism termed Look-Ahead-Look-Back Hindsight Experience Replay (LALB-HER) is proposed.
By deeply integrating LALB-HER with SAC, the proposed method aims to enhance motion planning performance
and improve generalization across different goals and environments for spherical multi-telescopic-legged robots in
complex 3D settings.

The main contributions of this paper are summarized as follows:

(1) Based on the SAC framework, the state space and action space are designed to match the structural characteris-
tics of the spherical multi-telescopic-legged robot. A corresponding reward function is also constructed to
facilitate effective policy learning and convergence.

(2) Building upon the future-goal relabeling mechanism of HER, a historical experience retrieval and reuse
strategy based on state similarity is introduced, leading to the proposed LALB-HER algorithm. This approach
enables dual-dimensional experience reuse across both current and past episodes, thereby improving policy
generalization and accelerating the training process.

The remainder of this paper is organized as follows. Section 2 introduces the fundamentals of the SAC
algorithm. Section 3 presents the design of the state and action spaces for the spherical multi-telescopic-legged
robot. Section 4 describes the construction of the reward function. Section 5 details the proposed LALB-HER
algorithm and its theoretical foundation. Section 6 validates the effectiveness of the proposed method through
simulation experiments. Finally, Section 7 concludes the paper.

2. SAC Algorithm

This paper improves the data-driven SAC reinforcement learning algorithm by taking into account the structural
and motion characteristics of the spherical multi-telescopic-legged robot, as well as the requirements of its motion
planning scenarios, so as to enhance the adaptability, stability, and effectiveness of the planning strategy in
complex environments.

Principle of the SAC Algorithm

The SAC algorithm is a deep reinforcement learning method based on the maximum entropy, which has
garnered significant attention for its excellent balance between policy exploration and task performance.
The objective function of the SAC algorithm is as follows:

T
= Blapanmpn [r (s1,00) + H (m (- | 5))] )
=0

where p, represents the policy, 7 (s¢, a;) indicates the reward associated with the current state s; and the action
a+ , o represents the temperature coefficient that governs the extent of entropy’s influence during the optimization
process, 7 (- | s;) signifies the policy under the current state s; which defines the probability distribution of all
possible actions given the state s; , and H (7 (- | s;)) represents the entropy of the policy.

The calculation formula for H (7 (- | s¢)) is given by:

T
H (7 (| st)) Zw (a | s¢)logm (aj | st)
t=

E(—logﬂ (a7 | s1) 2

where a] denotes the action sampled from the probability distribution 7 (- | s;) , which has the highest execution
probability, and 7 (a} | s;) represents the probability of the action a; .

The SAC algorithm used in this paper consists of one Actor network and four Q Critic networks . The four Q
Critic networks are subdivided into two Q Critic networks and two Q Critic target networks. The agent continuously
obtains its state information s; from the environment, feeding s; into the Actor network, which outputs the action
a; . The agent then executes the action a., transitioning to the next state s;; . Based on the predefined reward
function, the reward r (s;, a;) corresponding to the state-action pair is obtained. Additionally, a mask flag is set
to regulate the actual value estimation of the state s; . The aforementioned parameters are assembled into a tuple
(st,a, 7 (s¢,a¢) , St+1, mask ), which is stored in the experience replay buffer. Once the number of tuples stored
in the replay buffer reaches a specified threshold, a mini-batch of tuples is randomly sampled from the buffer and
used to update the parameters of both the Actor and Critic networks, thereby enabling the agent to learn the policy
and value functions more effectively and improving the overall stability and efficiency of the training process.
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The update of parameters in the Q Critic network is performed by minimizing the following loss function:

1
Loss = ﬁ Z [di (8¢, at) — Qt}2 &)

(8¢,a¢,7t4+1,5t+1,mask) ED

where q; (s, at) (i=1,2) denotes the predicted value of state s;, (); represents the true value of state s;, D signifies
the experience replay buffer, and | B| indicates the number of tuples sampled from the experience replay buffer D.
The derivation formula for (), is as follows:

ay,, = arg max (ats1 | St+1) )
t41

Qtarget (St—i-l) = min (Qtargel 1 (St+17 at+1) s Qtarget 2 (St+1; azH—l))

—alogm (aj,, | si41) (5)

Q¢ = 7 (8¢, ar) + mask *y * Quarget (St+1) (6)
Update the parameters of the Q Critic target network through soft updates:

0; < 10; + (1 —7)0; (i=1,2) @)

where 6; represents the parameters in the Q Critic network, §; denotes the parameters in the Q Critic target network,
and 7 is the proportional coefficient with a range of [0, 1].

The parameters of the Actor network are updated by minimizing the following loss function:

Loss™ = ﬁ Z

(s¢,a¢,me41,5¢41, mask )€D
(alogm (@ | 51) - @ (51, ™ )] ®

The calculation formula for @ (s, af*™ ) is given by:

Q (si,af™) = min (g1 (st, af™ ) , g2 (51, a;™)) ©)

where a“" represents the action obtained through the policy network.

The update of the temperature coefficient « is achieved by minimizing the following loss function:

T
1
Loss, = —EZa(logw(ag”ew | s¢) + H") (10)
t=0
H* = — H Dimension of the action space i (11)
i=1

3. Input and Output of the Actor Network

Motion planning for spherical multi-telescopic-legged robots in three-dimensional space is significantly more
complex than in planar environments. Due to their omnidirectional locomotion capability and deformable structure,
the state representation of such robots is considerably more intricate than that of conventional mobile robots. To
enable the agent to make appropriate action decisions, the input state is designed to comprehensively capture both
environmental and robot-specific information. Specifically, the state space .S is defined as

S - {81382783334785a86787} (12)
where

51 = {Axy, Ayy, ..., Az, Ay} (13)

denotes the relative positions of obstacles with respect to the robot, with Ax; and Ay; representing the coordinate
differences in the x and y-directions between the i-th obstacle and the robot center;
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S2 = {Axthyt} (14

denotes the relative position of the target with respect to the robot, with where Ax; and Ay, denote the coordinate
differences in the x- and y-directions, respectively, between the target position and the robot center.

s3 = {l1,13,...,las} (15)

represents the extension lengths of the telescopic joints. The robot has 24 joints, of which the odd-numbered joints
are motor-driven, and the elongations of these joints are recorded as part of the system state.

54 = {v1,v2,...,V12} (16)
represents the velocities of the telescopic joints;
s5 = {20, Yo, 20} 17)

denotes the position coordinates of the robot body center;

S6 = {Oéaﬂ)’Y} (18)

denotes the orientation of the robot body center expressed in Euler angles (yaw, pitch, and roll);
ST = {vzvvyavz} (19)

represents the linear velocity of the robot body center.

Based on these inputs, the Actor network is responsible for selecting the corresponding actions. The spherical
multi-telescopic-legged robot is equipped with a total of 12 legs, each featuring two sliding joints: a motor-driven
joint and a belt-driven joint. The actions output by the Actor network represent the extension lengths for all 24
joints, with the extension lengths of the belt-driven joints being consistent with those of the motor-driven joints.
Therefore, the output action A is defined as follows:

A={l1la,. .. los} (20)

4. Reward Function Setting

A reasonable reward function can guide the agent to learn the desired policy. The reward function used in this
paper primarily consists of the following six components: out-of-bounds penalty R; , ground contact penalty for
legs R , penalties for approaching obstacles R3 , rewards for approaching the target point R4 , reward for reaching
the target point R , and penalty for colliding with obstacles R .

(1) Out-of-bounds penalty R

If any foot-end apex of the 12 legs of the robot exceeds the defined boundary range, a negative reward value is
obtained; if the robot remains within the boundary, the reward value is set to zero.

Ry — { ry, if exceeding the boundary 21

0 else

where r is an adjustable parameter.
(2) Ground contact penalty for legs Ro

We design a reward function based on the robot’s ground contact legs to ensure that the motions in the
simulation experiments are consistent with the actual motions of the prototype robot. There are two types of ground
contact for robot legs: when the robot is in a stable state, three legs are in contact with the ground; whereas during
rolling actions, two legs are in contact. Therefore, it is stipulated in the simulation experiments that the robot must
keep two or three legs touching the ground during its motion in order to be realistic.

Specifically, if the robot does not meet the condition that two or three legs touch the ground, then it will receive
a negative reward value. Conversely, if the robot satisfies this condition, it will receive a reward value of zero.
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Ry =

{ re,  if it is neither 2 nor 3 22)

0 else

where 7 is an adjustable parameter.
(3) Penalties for approaching obstacles Rg

The design of this part of the reward function is important for the robot to achieve precise obstacle avoidance.
Inspired by the artificial potential field method, the potential energy acting on the robot is designed such that it
increases as the robot approaches an obstacle and decreases as it moves away.

Within a single time step, let the position of the robot center at time ¢ be denoted as (x4, y¢, 2¢ ), and at time
t+ 1as (441, Yi+1, 2e41). For a given obstacle, let its centroid be (Zops, Yobs, Zobs)- Then, the potential energy
acting on the robot at time ¢ and ¢ + 1 can be computed as:

U (£) = M) (51 — T01)” + (91 — Yobs)” + (21 — 200)’ 23)

U (4 1) = My (241 — T05)” + W1 — obs)® + (2001 — Zobs)’ (24)

where M is a negative adjustable parameter.
Thus, the calculation method for R3 during the time step from ¢ to ¢ 4 1 is as follows:

R3 = Uobs (t) - Uobs (t + 1) (25)

(4) Rewards for approaching the target point R4

Based on the concept of the artificial potential field method, the target point is modeled as an attractive source
that exerts gravitational potential energy on the robot. Specifically, the closer the center of the robot is to the target
point, the smaller the corresponding gravitational potential energy, indicating that the robot is approaching the
desired goal state. Conversely, the farther the robot’s center is from the target point, the greater the gravitational
potential energy, reflecting a larger deviation from the target location. In this way, the variation in gravitational
potential energy can be used to characterize the relative positional relationship between the robot and the target
point, thereby providing an effective basis for reward design and motion planning. The calculation formula for the
gravitational potential energy at time ¢ is given as follows:

Let the coordinates of the target point 7" be denoted by (Ziar, Ytar, 2tar ), and let the position of the robot
center at time ¢ be represented as (x4, Y, z¢). Then,

Up (t) = C\/(Jf‘t - xta7')2 + (th - yta’r)2 + (Zt - Ztar)Q (26)

where C is a positive adjustable parameter.

Similarly, the calculation formula for the gravitational potential energy at time ¢ 4 1 is as follows:

After undergoing a change over one time step, let the coordinates of the robot’s center be represented as
O* (%441, Yt41, #t+1). Then,

Up(t+1) = C\/($t+1 - $tar)2 + (Y41 — ytar)2 + (2t41 — Ztar)2 27
Thus, the calculation method for R4 during the time step from ¢ to ¢ + 1 is as follows:
Ry =Up(t) =Up (t+1) (28)

(5) Reward for reaching the target point Ry

When the Euclidean distance between the robot’s center position and the target point falls below a predefined
threshold, the robot is considered to have successfully reached the target. In this case, a designated reward is
assigned to explicitly encourage goal-directed behavior and to reinforce successful task completion during training.
Conversely, if the distance remains greater than the threshold, the robot is regarded as having not yet accomplished
the task, and no terminal reward is provided, that is, the reward value is set to zero. This reward design enables the
agent to clearly distinguish successful states from unsuccessful ones, thereby facilitating the learning of effective
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motion planning strategies.

(29)

{ rs, if reaching the target point
Rs =
0 else

(6) Penalty for colliding with obstacles Rg

When the robot collides with obstacles similar in size to itself or large-sized obstacles, it obtains a negative
reward value; when the robot makes contact with non-threatening obstacles, the reward value is set to zero.

R = { r¢, if acollision occurs 0

0 else

The total reward value Ry, obtained by the robot from time step t to t+1 is the sum of the six types of reward
values mentioned above.

Rt = R1+ Ro+ R3 + Ry + Rs + Rg 31

The specific settings of the tunable parameters involved above are provided in Table 1 in the subsequent
simulation experiments.

Table 1. Tunable Parameter Configuration

Parameters Value
1 —500
o —20
M 100
C 500
s 500
Te —50

5. Design of the Look-Ahead-Look-Back HER (LALB-HER) Algorithm

Hindsight Experience Replay (HER) substantially enhances sample utilization during training through the
mechanism of goal relabeling. However, the widely used “future state” relabeling strategy, which only relabels goals
using future states from the current episode, fails to fully exploit the transferable information embedded in historical
experiences. Similarly, the “episode” strategy performs random sampling solely within the current episode, without
considering the potential of leveraging cross-episode historical experiences. In practice, the rich history of state
transitions accumulated during reinforcement learning contains a wealth of reusable success patterns and failure
lessons, providing significant value for cross-episode knowledge transfer.

To address this limitation, this paper proposes a state-similarity-based Look-Ahead-Look-Back HER (LALB-
HER) algorithm, which simultaneously incorporates future states from the current episode and goal states of
historically similar states as dual sources for goal sampling, thereby achieving two-fold experience augmentation.

The core idea of the proposed method is to extend the standard two-stage processing framework of the future
strategy by introducing a cross-episode historical experience mining module. Specifically, after each episode, the
algorithm not only performs conventional future-state goal relabeling on the current trajectory, but also retrieves
historically similar states from the experience replay buffer. Furthermore, the goal information embedded in these
similar states is leveraged to relabel goals in the reconstructed experiences, thereby generating additional training
samples. This approach enables dual-dimensional experience reuse—horizontally within the current episode and
vertically across historical episodes. Consequently, it significantly improves data utilization efficiency and enhances
policy learning performance.

The sampling principle is schematically illustrated in Figure 1, while the complete algorithmic pseudocode is
detailed in Algorithm 1.

The similarity criterion Sim(s;, s ) is defined as follows. Given the current state s; during the backtracking
process and an initial state s, sampled from historical experience, the three-dimensional coordinates of the robot
body center are extracted from both states. The Euclidean distance d between these two positions is then computed.
If d is less than or equal to a predefined threshold 7, the two states are considered similar. Based on the overall scale
of the environment and the structural dimensions of the robot, the threshold 7 is set to 0.05 m.
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Experience Replay Buffer

Robot Path

@ Current State (Backtracking)
© Future States (Randomly Sampled)
A Final Position (Per Episode)

Experience resampling
according to future policy

Historical experience
matching current state

1 Sampled experience with
cross-episode goal reuse

Figure 1. Dual-dimensional sampling principle.

Algorithm 1 LALB-HER-SAC

1: Initialize Actor network parameters ¢, Q critic network parameters @, Q critic target network parameters 6, and
temperature coefficient o

41:

end if

end for

end if
end for
: end for

. Initialize an empty replay buffer D
. for episode =1 to M do
Receive initial state s;
Initialize an empty historical database H
for step=1to T do
Take a; = 7y (5¢)
Execute actions a; and observe a new state s;4
Compute reward r; = R (s, at, St+1)
Store transitions (s, at, r¢, S¢4+1, mask) in D
Store transitions (¢, at, rt, St+1, mask) in H
if |D| > batchsize then
Randomly sample a minibatch B from the replay buffer D
Perform one step of optimization using minibatch B

Set St = St+1

fort=1to7T —1do

Sample k¥’ = min(k, |T'| — t) future indices: I ~ {t +1,...
for each index j in I do

Computer gryure € H[J]

Sty St+1 < Jfuture

Thew = R(St, Qg 5t+1)

Store transitions (¢, a¢, Fnew, St+1, mask) in D
end for
if |D| > ky, then

Random sample kj, historical data from D : Dy,

Initialize counter cnt = 0

for each s;, € Dy, do

if Sim(s, sp,) < 7and ent < k then
Computer gy, € sp,
Sty St4+1 € Gn
ry, = R(s¢, at, St41)

Store transitions (s¢, at, r'n, St+1, mask) in D

ent =cent + 1
else if cnt > k then
break
end if

end for

,|T|} with size &/

> gruture TEpTEsents the initial state in H [4]
> Reshape the target point

> gy, denotes the target point positions
> Reshape the target point
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For similar states, the target information contained in s; can be reused as the relabeled goal for both s;
and s;y;. By recomputing the state representations of s, and s;y; with respect to the relabeled goal, a new
transition is constructed together with the remaining elements of the original experience and then stored in the replay
buffer. Compared with directly reusing historical experiences, this approach effectively mitigates the suppression
of exploration caused by excessive duplication of experiences and prevents overfitting, thereby improving the
generalization capability of the model. Moreover, the equivalent experiences generated based on the state similarity
criterion provide essential historical exploration data to support reinforcement learning.

It should be noted that only the three-dimensional position variables are used to compute the Euclidean distance
in the similarity measurement. This design aims to reduce computational complexity, minimize the time overhead
introduced by similarity screening, and avoid imposing additional computational burden on the overall training process.

6. Experiments

6.1. Simulation Platform Setup and Parameter Configuration

The simulation experiments in this study were conducted on the PyBullet platform, an open-source real-time
physics engine based on Bullet and widely used in robot control, reinforcement learning, multibody dynamics, and
contact mechanics. PyBullet provides efficient collision detection, dynamics solving, and rigid-body constraint
handling, while supporting seamless integration with mainstream deep learning frameworks such as PyTorch and
TensorFlow through a concise Python interface. It also supports GPU-accelerated simulation and offers OpenAl
Gym-compatible interfaces, enabling reinforcement learning agents to directly perform state acquisition, action
execution, and reward computation.

The parameters involved in the experiment are listed in Table 2.

Table 2. Simulation Experiment Parameter Settings.

Parameter Value
Learning rate 0.0001
Discount factor 0.99
Optimizer Adam
Batch size 256
Replay buffer size 1,000,000
Soft update coefficient 0.005
Total episodes 40,000
Steps per episode 500
Friction type Sliding friction
Joint force 30N

6.2. Training Experimental

As shown in Figure 2, the training environment consists of five irregular stones comparable in size to the
robot and two large obstacles measuring 2.9 m x 0.4 m x 0.6 m. On this basis, a multi-obstacle environment was
constructed to evaluate the algorithm’s motion planning performance and the trained model’s generalization across
different goals and environments.

During training, the target position for the agent is fixed at (—1.02, 3.5, 0), which serves as the primary exploration
objective. This setting is intended to provide a stable reward signal in the early stage of training, thereby guiding the
learning process toward convergence. If the target position were changed at every episode, the experience collected in
previous episodes would quickly become invalid, making it difficult for the model to converge.

To enhance exploration in the initial stage, the agent performs random actions during the first 30 episodes. In
this phase, interaction data are collected and stored in the replay buffer without updating the model parameters, and
the LALB-HER mechanism is not activated for resampling.

After the exploration phase, the standard training procedure is initiated. The LALB-HER mechanism is
enabled, and mini-batches are sampled from the replay buffer to update the model parameters.

We conducted training using different combinations of k£ and kjy, and for each combination, we performed
three independent runs to evaluate performance. The average training convergence time and
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Figure 2. Training experimental environment. (a) Top view of the simulation environment. (b) 45-degree forward-

tilted view of the simulation environment.

standard deviation for each combination are shown in Table 3. As the table indicates, increasing k;, leads to a
significant rise in overall training time. This is because a larger amount of data sampled from the replay buffer
increases the worst-case time complexity during similar-state matching, resulting in longer training durations.

Interestingly, adjusting & does not lead to a proportional increase in training time; in particular, when k = 10,
the training duration is shorter compared to other values. The reason is that k¥ = 10 provides a suitable balance for
extracting historical experiences, allowing the model to achieve a proper ratio between reinforced historical data
and normal training experience. When k is too small, the proportion of effective historical experience is insufficient,
limiting the model’s generalization ability and leading to poorer per-episode performance. Conversely, when k
is too large, both the computational cost increases and an excess of historical experience may cause the model to
deviate from the initially intended training objectives.

Therefore, setting k£ = 10 is a reasonable choice. For &, it should be kept as small as possible while remaining
larger than k, leading us to select k;, = 30. Based on these results, we conclude that the combination of £ = 10 and
kp, = 30 represents an optimal parameter setting. All subsequent experiments are conducted using this parameter
configuration.

Table 3. Training Performance with Different Parameter Combinations.

Parameters (k, k) Training Time (h)
(5, 30) 35.37 £ 0.55
(10, 30) 32.67 £ 1.24
(15, 30) 42.13 +1.06
(5, 40) 43.07 = 1.29
(10, 40) 38.31 = 0.61
(15, 40) 49.66 + 0.59
(5, 50) 5293 +1.63
(10, 50) 46.77 + 1.15
(15, 50) 61.33 £ 1.16

6.3. Test Experiment

In the simulation-based training experiments, the agent’s generalization performance was evaluated by
introducing additional randomly generated target locations that avoided obstacles, beyond the predefined initial
targets. Specifically, the agent was tested on 100, 1000, and 2000 sampled target points. The results show that
it successfully reached most targets, except for a small number located far from its initial position or common
trajectories. These unreachable targets were generally distributed in regions that received limited exploration during
training, resulting in weaker local generalization. Overall, the model demonstrated strong generalization across
most target locations in the environment.

During testing, an episode terminated immediately when the agent reached the target, and the number of
steps taken was recorded, enabling the calculation of the average and maximum steps required to reach the targets.
The motion planning success rates and corresponding step statistics for different target set sizes are summarized
in Table 4. Representative motion processes for two distinct target tasks are illustrated in Figure 3 and Figure 4,
respectively.
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Table 4. Large-scale Generalization Test Results.

Test Scale Success Rate (%) Average Steps Max Steps
100 targets 97.0 40.1 76
1000 targets 95.5 423 92
2000 targets 94.2 45.6 101

Figure 4. Robot motion in the first test experimental environment (target 2).

To evaluate the model’s generalization ability across different environments, we constructed a second testing
scenario, as illustrated in Figure 5. In contrast to the training simulation environment, this test setting incorporates
nine wooden planks, each 5 cm in height, resulting in a more rugged terrain with higher obstacle density. This
configuration is designed to examine whether the trained robot can still accomplish the task when confronted with
substantial environmental variation. For the sake of comparative analysis, we selected target positions identical
to those in Figures 3 and 4 and observed the corresponding robot motion in the new environment. The results
indicate that, despite the environmental changes, the model can still successfully guide the robot to the targets.
Figures 6 and 7 illustrate the robot’s motion process in the new environment. Although the time required slightly
increases, it remains within an acceptable range. Through this experiment, we validate the cross-environment
generalization capability of the learned policy model.

To systematically analyze the contribution of the proposed algorithm, a series of ablation experiments were
conducted. First, SAC combined with the HER mechanism was adopted as the baseline, and its training efficiency
and performance were evaluated. Subsequently, the proposed LALB-HER method was incorporated into the SAC
framework for comparative analysis. To further validate the superiority of the proposed method, the reinforcement
learning algorithm Twin Delayed Deep Deterministic Policy Gradient (TD3), which follows a different policy
paradigm, was selected as an additional baseline and also combined with HER. Its performance, as well as that of
TD3 integrated with LALB-HER, was evaluated. The comparative results are summarized in Table 5. It should be
noted that the success rates reported in Table 3 were obtained under the same parameter settings, based on 2000
randomly generated target points.
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(a) (b)

Figure 5. The second test experimental environment. (a) Top view of the test environment. (b) 45-degree forward-
tilted view of the test environment.

Figure 7. Robot motion in the second test experimental environment (target 2).

To analyze the variation of reward values during training and to more clearly illustrate the convergence
performance and stability of the proposed method, the average reward over the current episode and the preceding
100 episodes is computed at the end of each training episode. The resulting curves of average reward for different
algorithms during the training process are shown in Figure 8.

The simulation results indicate that the proposed SAC+LALB-HER method significantly outperforms the
SAC algorithm combined with the HER mechanism in terms of training efficiency, while also surpassing both TD3
integrated with HER and TD3 combined with LALB-HER. Overall, the proposed algorithm demonstrates clear
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improvements over deterministic policy reinforcement learning methods such as TD3, in terms of both training
efficiency and final model performance.

Table 5. Algorithm Comparison and Ablation Study Results.

Algorithm Success Rate (%)
SAC+HER (Baseline) 86.1
SAC+LALB-HER 94.2
TD3+HER 84.9
TD3+LALB-HER 92.7

Learning Curve of Average Reward

—— SAC+LALB-HER
SAG+HER
—— TD3+LALB-HER

—— TD3+HER

1500

1000 4

500

Average Reward

=500 -

-1000

0 5000 10000 15000 20000 25000 30000 35000 40000
Training Episodes

Figure 8. Learning curve of average reward.

7. Conclusions

This study proposes a novel algorithm aimed at effectively mitigating the common issue of low sample
efficiency in reinforcement learning. The algorithm significantly improves training efficiency while ensuring the
model’s generalization capability in both unseen targets and novel environments. After training, the model can
autonomously generate appropriate action sequences for different target locations, accurately guiding the robot
to reach the desired goal. Through systematic parameter tuning experiments, we further identified the optimal
configuration that achieves a balance between training efficiency and final performance.

In addition, we conducted comprehensive ablation studies, comparing the proposed method with mainstream
deterministic policy reinforcement learning algorithms, including TD3+HER and TD3 combined with the proposed
LALB-HER, as well as SAC+HER. Experimental results demonstrate that the model based on the SAC framework
integrated with the proposed approach exhibits clear advantages in sample efficiency, convergence speed, and final
success rate, thereby validating the effectiveness of the proposed algorithmic framework.

Looking forward, we plan to conduct further investigations with increased training resources. Beyond the
current generalization experiments involving variations in target positions and the addition of perturbation obstacles,
future work will extend to more challenging scenarios involving overall structural changes in the environment. This
will further enhance the model’s adaptability in dynamic and diverse environments, providing a solid foundation for
deployment in complex and rapidly changing real-world scenarios.
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