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A B S T R A C T

Motion planning is the soul of robot decision making. Classical planning algorithms like graph search and 
reaction-based algorithms face challenges in cases of dense and dynamic obstacles. Deep learning algorithms 
generate suboptimal one-step predictions that cause many collisions. Reinforcement learning algorithms 
generate optimal or near-optimal time-sequential predictions. However, they suffer from slow convergence, 
suboptimal converged results, and unstable training. This paper introduces a hybrid algorithm for robotic motion 
planning: long short-term memory (LSTM) and skip connection for attention-based discrete soft actor critic (LSA- 
DSAC). First, graph network (relational graph) and attention network (attention weight) interpret the environ
mental state for the learning of the discrete soft actor critic algorithm. The expressive power of attention network 
outperforms that of graph in our task by difference analysis of these two representation methods. However, 
attention based DSAC faces the problem of unstable training (vanishing gradient). Second, the skip connection 
method is integrated to attention based DSAC to mitigate unstable training and improve convergence speed. 
Third, LSTM is taken to replace the sum operator of attention weigh and eliminate unstable training by slightly 
sacrificing convergence speed at early-stage training. Experiments show that LSA-DSAC outperforms the state-of- 
the-art in training and most evaluations. Physical robots are also implemented and tested in the real world.

1. Introduction

Intelligent robots play an important role in our daily life. For 
example, autonomous robot has been applied to hotel guidance [1], 
parcel delivery [2,3], and robotic arms in manufacturing [4,5]. Motion 
planning or path planning is the soul of robotic decision making. It en
ables robots to reach the goal and finish the tasks.

Classical planning algorithms like graph search (e.g., A* [6] and 
Dijkstra’s algorithm [7]) and sampling-based algorithms (e.g., rapidly 

exploring random tree (RRT) [8] and probabilistic roadmap method 
(PRM) [9]) enable robots to navigate in static and dynamic environ
ment. However, they cause many collisions in the environment with 
dense and dynamic obstacles because of the huge burden in updating the 
environmental map and sampling the environment information in real 
time.

Classical reaction-based algorithms like dynamic window approach 
(DWA) [10] and optimal reciprocal collision avoidance (ORCA) [11] 
reduce collisions in the environment with dense and dynamic obstacles 
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because they compute robot’s motion by just considering obstacle’s 
geometry and speed information. This requires fewer information up
dates compared to the map update. However, high collision rates still 
exist in reaction-based algorithms when the robot avoids obstacles with 
high speed because of the increasing burden in the information update.

Deep learning algorithms (DL) like convolutional neural network (CNN) 
[12] avoid the information update problem of the reaction-based algo
rithms by training a model that generates robot’s decisions or actions in 
real time. However, decisions from DL are based on one-step predictions 
which result in suboptimal trajectories when the robot moves toward its 
goals.

Reinforcement learning (RL) algorithms like deep Q network (DQN) 
[13] and advantage actor critic (A2C) or asynchronous advantage actor 
critic (A3C) [14] improve the one-step predictions of CNN by training 
the models based on the multi-step time-sequential predictions. These 
multi-step time-sequential predictions are better than the one-step pre
dictions because the training of the RL model considers the 
time-sequential information of the goals and obstacles. RL, however, 
may suffer from slow convergence speed and suboptimal converged 
result once the input (the environment state) is low-quality with limited 
expressive power.

Currently, representation learning or deep learning methods LSTM 
[15], graph network [16,17], attention network [18,19], and tree search 
model (e.g., Monte-Carlo tree search (MCTS) [20]) improve the 
expressive power of input. RL algorithms are also improved by intro
ducing new architectures. For optimal value based RL, double Q network 
architecture, dueling architectures, and energy-based architecture are 
introduced to improve the convergence, thus resulting in double deep Q 
networks [21], dueling deep Q network [22], and soft Q learning [23]. 
For actor-critic based RL, multi-thread architecture, deterministic ar
chitecture, monotonous architecture, and energy-based architecture are 
introduced to improve the convergence, thus resulting in the advantage 
actor critic [14], deep deterministic policy gradient (DDPG) [24,25], 
proximal policy optimization (PPO) [26], and soft actor critic (SAC) 
[27–29]. The fused architecture of the double Q networks and the 
actor-critic network is proved to be one of the most efficient architec
tures in RL [30]. This architecture is also applied to many RL variants, 
resulting in the Twin delayed deep deterministic policy gradient (TD3) [31] 
and SAC. The combination of representation learning and RL is a 
promising direction for better motion planning performance, because RL 
is fed with the input with high expressive power. This improves the 
overall convergence of RL algorithms.

Optimizations and contributions. Here, we first list the briefly 
describe RG-DSAC, AW-DSAC, SA-DSAC, and LSA-DSAC to make readers 
better understand following contents: 

• RG-DSAC: relational graph based DSAC. This is the combination of 
relational graph (RG) and discrete action for soft actor critic (DSAC).

• AW-DSAC: attention weight based DSAC. This is the combination of 
attention network and DSAC. Here the attention weight (AW) is the 
weight of attention network, and attention weight can be used to 
compute attention score that provide better interpretability to indi
cate how important the dynamic obstacle is.

• SA-DSAC: skip connection for AW-DSAC. Here the skip connection is 
integrated into the attention network of AW-DSAC.

• LSA-DSAC: LSTM and skip connection for AW-DSAC. Here LSTM 
replaces the sum operator of attention network in SA-DSAC.

This paper targets improving motion planning performance of the 
robot among dense and dynamic obstacles by combining the represen
tation learning and RL. We first implemented DSAC which is the soft 
actor critic algorithm in the setting of discrete action space and is also 
one of most efficient RL algorithms currently. DSAC is then combined 
with RG [16], resulting in the RG-DSAC that achieves satisfactory per
formance in motion planning. However, we found that the expressive 
power of the relational graph is limited in the experiment. The relational 

graph just partly describes the relationship between the robot and ob
stacles via establishing the relationships for all agents without precisely 
focusing on the relationship between the robot and obstacles. This may 
result in the limited expressive power of interpreted environmental 
state. The expressive power of interpreted environmental state is 
improved by replacing the relational graph using AW [18] which pre
cisely and explicitly analyze and describe the relationship between the 
robot and obstacles. This results in AW-DSAC which outperformed 
RG-DSAC in the early-stage training but suffered from unstable training. 
After analysis, we concluded that the feature loss and pooling method in 
attention network under deep network architecture may cause the un
stable training. Hence, we optimized attention network by integrating 
the skip connection method and LSTM into the architecture of the 
attention network, resulting in SA-DSAC and LSA-DSAC. SA-DSAC 
mitigated the problem of unstable training improved convergence, while 
LSA-DSAC eliminated unstable training by sacrificing the convergence 
speed slightly at the early-stage training and overall convergence is 
improved consequently.

Overall, our work addresses unique challenges of maintaining 
interpretability, training stability, and efficiency simultaneously for 
dynamic complex robotic motion planning by optimizing attention 
network and combining it with efficient DSAC. Given our knowledge, 
we’ve never seen this from existing works, and it distinguishes our work 
from the state-of-the-arts.

The workflow is shown in Fig. 1. First, environment features are 
collected from circle-crossing simulator to feed RL algorithms for 
training. Second, we implement RG-DSAC and AW-DSAC which work as 
the baseline algorithms for comparisons. Third, we improve AW-DSAC, 
resulting in SA-DSAC and LSA-DSAC. The convergence of mentioned 
algorithms are compared by observing their training curves. Finally, 
physical implementation is done and robots are tested in dense and 
dynamic scenarios. Main contributions of this paper include: 

Fig. 1. Workflow of our LSA-DSAC. The training data is collected from the 
circle-crossing simulator. The RG-DSAC is implemented and selected as the 
trainable baseline algorithm for comparisons. Relational graph is replaced the 
attention weight (or attention network), resulting in AW-DSAC. The skip 
connection is applied to the attention network to improve the convergence, 
resulting in SA-DSAC. Finally, LSTM is applied to the SA-DSAC to further 
improve the convergence, resulting in LSA-DSAC. The training curves demon
strate a good convergence of LSA-DSAC over the rest algorithms. This paper 
includes the physical implementation which demonstrates how to transplant 
our algorithm into the real world. Our test code is available on website htt 
ps://github.com/CHUENGMINCHOU/LSA-DSAC.
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1) The implementation of RG-DSAC and AW-DSAC;
2) The LSA-DSAC which is the optimized version of AW-DSAC by 

integrating the skip connection method and LSTM into the archi
tecture of the attention network of AW-DSAC;

3) Extensive evaluations of our algorithms against the state-of-the-arts;
4) Physical implementation, testing of the robot in real world, and 

analytical discussions about the problem of vanishing gradient in 
deep networks.

This paper is arranged as follows: Section II presents the state-of-the- 
art, problem formulation and preliminary of RL and DSAC. Section III 
presents RG-DSAC, AW-DSAC, SA-DSAC and LSA-DSAC. Section IV 
presents network framework of LSA-DSAC, model trainings, model 
evaluations and physical implementation. Section V provides discus
sions for unstable training and potential challenges.

2. Research background

This section first presents the state-of-the-art for dynamic robotic 
motion planning tasks. Then, the problem formulation of motion plan
ning tasks is given by mathematic descriptions. Finally, the preliminary 
of RL and DSAC are presented. They are fundamental concepts for 
following further algorithm implementations and optimizations.

2.1. Technical difficulties of state-of-the-art for indoor motion planning 
among dense and dynamic scenarios

This paper focuses on RL-based methods to solve indoor robotic 
motion planning problems among dense and dynamic scenarios. The 
combination of representation learning and RL is promising for 
improving robotic motion planning performance. However, current 
works in this direction are still not good enough for challenging com
mercial tasks. Existing works about the combination of the representa
tion learning and RL include the relational graph based DQN [16], 
proximal policy optimization with multiple robots [32], CADRL [33], 
LSTM-A2C [34,35], LSTM-RL [18] and SARL [18].

Relational graph based DQN is the combination of relational graph 
and DQN. Relational graph describes the relationship of all agents (the 
robot and obstacles), instead of focusing on the robot-obstacle rela
tionship. Relational graph partly and indirectly represents the robot- 
obstacle relationship; therefore, its expressive power is limited. DQN 
faces over-estimation problems which cause the slow and suboptimal 
convergence of overall networks.

PPO with multiple robots faces problems of data quality because it 
learns obstacle features from entire source environmental state without 
precisely and explicitly analyzing the relationship between the robot 
and obstacles. Moreover, the entire source environmental state is 
interpreted by the CNN in the PPO with multiple robots. Background 
noise is also included in this interpretation process, resulting in poor 
quality of interpreted environmental state.

CADRL learns the pairwise feature of the robot and one obstacle by 
DQN. Then, a trained model is applied to the multiple-obstacle case. 
CADRL is myopic because it does not consider the relationship between 
the robot and obstacle. The closest obstacle feature is just used for 
training instead of all obstacle features. DQN in CADRL also brings high 
bias and variance.

In LSTM-A2C and LSTM-RL, LSTM encodes obstacle features by 
distance-based order which partly represents robot-obstacle relation
ship, resulting in limited expressive power of interpreted environmental 
state. A2C/A3C lack efficient data replay strategies, resulting in a slow 
convergence. A2C/A3C and DQN in LSTM-A2C and LSTM-RL bring high 
bias and variance, resulting in a slow convergence.

SARL consists of an attention network and DQN where attention 
network interprets robot-obstacle features to the attention weight that 
better describes the relationship between the robot and obstacles, 
resulting in the improvement of expressive power. However, attention 

network still faces the problem of unstable training if overall architec
ture has deep and complex networks. Moreover, DQN brings high bias 
and variance. These two reasons cause the slow and suboptimal 
convergence of SARL.

2.2. Problem formulation

This paper focuses on the problem of indoor robotic motion planning 
defined by [11] and further maintains interpretability, training stability, 
and efficiency simultaneously for robotic motion planning by optimizing 
attention network and combining it with efficient DSAC. The 
state-of-the-arts presented in Section 2.1 just consider a part of these 
factors, resulting in their poor performance in either interpretability, 
training stability, or training/motion planning efficiencies. All algo
rithms including our algorithms and the state-of-the-art are trained and 
tested in simulators (Fig. 2) provided by ORCA [11]. Simulators includes 
circle-crossing and square-crossing simulators that add predictable 
complexity to the motion planning tasks. The objective of robotic motion 
planning is to navigate the robot to its destination and avoid all dense 
and dynamic obstacles. Consequently, the robot can arrive at its desti
nation safely and efficiently. Detailed problem formulation is described 
as the follows:

Let a and v represent the action and velocity of robot where a = v =
[
vx,vy

]
. Let p =

[
px, py

]
represent the robot position. Let st represent the 

robot state at time step t. st consists of observable and hidden parts st =
[
sobs
t ,sh

t
]
, st ∈ R9. Observable part refers to factors that can be measured 

or observed by others. It consists of the position, velocity, and radius 

sobs =
[
px, py, vx, vy, r

]
, sobs ∈ R5. The hidden part refers to factors that 

cannot be seen by others. It consists of planned goal position, preferred 

speed and heading angle sh =
[
pgx, pgy, vpref , θ

]
, sh ∈ R4. The state, posi

tion, and radius of the obstacles are described by ̂s, p̂ and ̂r respectively.
We first introduce one-robot one-obstacle case, and then the one- 

robot multi-obstacle case. The robot plans its motion by the policy π :
(
s0:t , ŝ

obs
0:t

)
→at where s0:t and ŝobs

0:t are the robot states and observable 
obstacle states from time step 0 to time step t, while the obstacles plan 
their motions by π̂ :

(
ŝ0:t , sobs

0:t
)
→at where ŝ0:t and sobs

0:t are the obstacle 
states and observable robot states from time step 0 to time step t. The 
robot’s objective is to minimize the expectation (average) of the time to 
its goal E

[
tg
]

(Eq. (1)) under the policy π without collisions to the ob
stacles. The constraints of robot’s motion planning can be formulated via 
(Eq. (2)–5) that represent the collision avoidance constraint, goal 
constraint, kinematics of the robot and kinematics of the obstacle, respec
tively. Collision avoidance constraint denotes that the distance of robot 
and obstacles ‖ pt − p̂t‖2 should be greater than or equal to the radius 
sum of the robot and obstacles r+ r̂. Goal constraint denotes that the 
position of the robot ptg should be equal to the goal position pg if the 
robot reaches its goal. Kinematics of the robot denotes that the robot 
position pt is equal to the sum of robot position pt− 1 and the change of 
the robot position Δt⋅π :

(
s0:t , ŝobs

0:t
)
. The robot policy π :

(
s0:t , ŝ

obs
0:t

)
is a 

velocity decided by learning from historical robot states and obstacle 
states. Kinematics of the obstacle is the same as that of the robot. π̂ :
(
ŝobs

0:t , s0:t
)

is a velocity decided by the obstacle policy π̂ like ORCA. 

minimizeE
[
tg|s0, ŝ

obs
0 , π, π̂

]
s.t. (1) 

‖ pt − p̂t‖2 ≥ r + r̂ ∀t (2) 

ptg = pg (3) 

pt = pt− 1 + Δt⋅π :
(
s0:t , ŝ

obs
0:t
)

(4) 

p̂t = p̂t− 1 + Δt⋅π̂ :
(
ŝobs

0:t , s0:t
)

(5) 
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In one-robot N-obstacle case, the objective is replaced by 
minimizeE

[
tg
⃒
⃒s0,

{
ŝobs

0 …ŝobs
N
}
,π, π̂

]
where we assume that obstacles use the 

same policy π̂. Collision avoidance constraint is replaced by 
⎧
⎪⎪⎨

⎪⎪⎩

‖ pt − p̂0:t‖2 ≥ r + r̂
‖ pt − p̂1:t‖2 ≥ r + r̂

…
‖ pt − p̂N− 1:t‖2 ≥ r + r̂

∀t (6) 

assuming that obstacles are in the same radius r̂. p̂N− 1:t denotes the 
position of N-th obstacle at the time step t. Kinematics of the robot is 
replaced by pt = pt− 1 + Δt⋅π :

(
s0:t ,

{
ŝobs

0:t …ŝobs
N− 1:t

})
where the historical 

states of all obstacles 
{

ŝobs
0:t …ŝobs

N− 1:t
}

are considered for generating the 
robot policy. Kinematics of the obstacles is replaced by 
⎧
⎪⎪⎨

⎪⎪⎩

p̂0:t = p̂0:t− 1 + Δt • π̂
p̂1:t = p̂1:t− 1 + Δt • π̂

…
p̂N− 1:t = p̂N− 1:t− 1 + Δt • π̂

(7) 

2.3. Preliminary of RL and discrete soft actor critic

Preliminary. Markov decision process (MDP) is sequential decision 
process based on Markov Chain [36]. Markov Chain is defined by a 
variable set X = {Xn : n> 0} where the probability p(Xt+1|Xt ,…, X1) =

p(Xt+1|Xt). This means the state and action of the next step only depend 
on the state and action of the current step. MDP is described as a tuple 〈S,
A, P,R〉. S denotes the state and here it refers to the state of robot and 
obstacles. A denotes an action taken by the robot. Action A = [θ, v] is 

selected from action space where directions θ ∈
{

0, π
8, ..2π

}
and Speed of 

each direction v ∈ {0.2,0.4, ..1}. Hence, action space consists of 81 ac
tions including a stop action. P denotes the possibility to transit from one 
state to the next state. R denotes the reward or punishment received by 
the robot after executing actions. The reward function in this paper is 
defined by 

R(s, a) =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

1 if pcurrent = pg

− 0.1 +
dmin

2
if 0 < dmin < 0.2

− 0.25 if dmin < 0

dstart to goal −
(

pg − pcurrent

)

dstart to goal
.0.5 if t = tmax and

pt ∕= pg

0 otherwise

(8) 

where pcurrent denotes the position of the robot currently. pg denotes the 
position of the goal. dmin denotes the minimum distance of the robot and 
obstacles during motion planning process. dstart to goal denotes the dis
tance of the start to the goal. tmax is the allowed maximum time for any 
episode of the motion planning. Our reward function (Eq. (8)) is 
modified from [18] which cannot work without the imitation learning. 
(Eq. (8)) accelerates convergence speed by attaching a reward to the final 
position of the robot. This encourages the robot to approach the goal.

Other crucial terms of RL include the value, policy, value function, and 
policy function. Value denotes how good one state is or how good one action 
is in one state. The value consists of the state value (V value) and state- 
action value (Q value). Value is defined by the expectation of accumu
lative rewards V(s) = E

[
Rt+1 +γRt+1 +…+γT− 1RT |st

]
or 

Q(s, a) = E
[
Rt+1 +γRt+1 +…+γT− 1RT|(st , at)

]
where γ is a discounted 

factor. The policy denotes the way to select actions. In function 
approximation case, policy is represented by the neural network. Value 
function in deep RL scope is represented by neural networks to estimate 
the value of environmental state via the function approximation [37]. 
Policy function is also represented by neural networks. Actions are 
selected by indirect way (e.g., a←argmaxaR(s, a) + Q(s, a; θ) in DQN [13,
38]) or direct way (e.g., πθ : s→a in the actor-critic algorithm [39]).

Discrete soft actor critic. The policy of classical RL algorithm is 
obtained by maximizing the objective 

∑T
t=0 E(st ,at)∼ρπ [r(st , at)]. The 

objective of SAC is defined by the maximum entropy objective that 
considers the reward and entropy simultaneously 

J(π) =
∑T

t=0
E(st ,at )∼ρπ [r(st , at)+ αH (π(⋅|st))],H (π(⋅|st)) = − logπ(⋅|st) (9) 

where H (π(⋅|st)) denotes the entropy. α is the temperature parameter. In 
objective maximization, SAC policy converges to optimal policy 
certainly by the soft policy iteration which consists of policy evaluation 
and policy improvement. Optimal policy is obtained by repeated 

Fig. 2. Circle-crossing and square-crossing simulators. Obstacles are randomly generated near the brink of the circle in a circle-crossing environment. Then they 
move toward their opposite side. In the square-crossing environment, obstacles are randomly generated on the left side or right side and then they move toward 
random positions on their opposite side. The objective of the robot is to navigate itself from the start to the destination by controlling or planning its motions. This is 
achieved by controlling the robot with RL algorithms. The circle-crossing simulator is for training and testing simultaneously, while the square-crossing simulator is 
only for testing in the extensive evaluations.
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application of policy evaluation and policy improvement. Policy eval
uation [28] proves that if Qk+1 = T π ( Qk), Qk will converge to the soft 
Q value of π when k→∞. T π(⋅) is a modified Bellman backup operator 
given by 

T
π
(Q)(st , at)

Δ
=

r(st , at) + γEst+1∼p[V(st+1)] (10) 

where 

V(st) = Eat∼π [Q(st , at) − logπ(at |st)]. (11) 

Applying T π(⋅) to Q value will bring Q value closer to Qπ . This means 
Q(st , at) ≤ T

π
(Q)(st , at) ≤ Qπ(st , at). Policy improvement [28] proves 

that Qπnew ≥ Qπold in objective maximization. πnew is defined by 

πnew = argmin
πʹ∈Π

DKL

(

πʹ(⋅|st)‖
exp(Qπold (st , ⋅))

Zπold (st)

)

(12) 

where Zπold (st) is the partition function for distribution normalization. It 
can be ignored because it does not contribute to the gradient of new 
policy. Qπold guides the policy update to ensure an improved new policy. 
New policy is constrained to a parameterized family of distribution πʹ ∈
Π like Gaussians to ensure the tractable and optimal new policy. Given 
the repeated application of policy evaluation and improvement, policy π 
eventually converges to optimal policy π∗, Qπ∗

≥ Qπ ,π ∈ Π.
SAC is the combination of soft policy iteration and function approxi

mation. In (Eq. (9)), temperature α is either a fixed value or an adaptive 
value. In function approximation, networks θ, and ϕ are used to 
approximate the action value and policy value. The action value 
objective and its gradient are obtained by 
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

J(θ) = E(st ,at )∼D

[
1
2
(Q(st , at ; θ) − Q(st , at))

2
]

Q(st , at) = r(st , at) + γEst+1∼p[V(st+1; θ)]

∇θJ(θ)

= ∇θQ(st , at ; θ).(Q(st , at ; θ) − r(st , at) + γV(st+1; θ)

− αlogπϕ(at+1|st+1))

(13) 

where state value is approximated by V(st+1; θ). θ is the target action 
value network. γ is a discount factor. The policy objective and its 
gradient are obtained by 
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

J(ϕ) = Est∼D

[

DKL

(

πϕ(⋅|st)‖
exp(Q(st ; ; θ))

Zθ(st)

)]

= Est∼D

[
Eat∼πϕ

[
αlogπϕ(at |st) − Q(st , at ; θ)

]]

∇ϕJ(ϕ) = ∇ϕαlogπϕ(at |st)+

∇ϕfϕ(ϵt ; st)⋅
(
∇at αlogπϕ(at |st) − ∇at Q(st , at)

)

at = fϕ(ϵt ; st)

(14) 

where fϕ(ϵt ; st) is the network transformation. ϵt is an input noise vector 
sampled from fixed distribution like spherical Gaussian. The tempera
ture objective is defined by 

J(α) = Eat∼πt [ − αlogπt(at |st) − αH ] (15) 

where H is the target entropy. Temperature objective gradient is ob
tained by approximating dual gradient descent [40]. Eventually, the 
networks and temperature are updated by 
⎧
⎪⎪⎨

⎪⎪⎩

θ←θ − γθ∇θJ(θ)
ϕ←ϕ − γϕ∇ϕJ(ϕ)
α←α − γα∇αJ(α)
θ←τθ + (1 − τ)θ

(16) 

SAC is used in tasks with continuous action space. However, the 
action space in this paper is discrete. Hence, SAC should be modified to 

suit our task. Some modifications [29] should be made. They are sum
marized as the follows: 

1) Q function should be moved from Q : S × A→R to 

Q : S × A→R|A|. (17) 

This means Q values of all possible actions should be outputted, 
instead of a Q value of the action taken by the robot. 

2) The outputted policy should be the action distribution 

π : S→[0,1]|A| (18) 

instead of the mean and covariance of action distribution of SAC 
π : S→R2|A|. 

3) In temperature objective (Eq. (15)), its expectation Eat∼πt [⋅] is 
obtained by the Monte-Carlo estimation which involves taking an 
expectation over the action distribution [29]. In the discrete action 
space case, the expectation should be calculated directly, instead of 
Monte-Carlo estimation. Hence, the temperature objective changes 
into 

J(α) = π(st)
T
[ − αlogπt(st) − αH ] (19) 

Where H is the target entropy. Similarly, the policy objective 
changes into 

J(ϕ) = Est∼D

[
π(st)

T[αlogπϕ(st) − Q(st ; θ)
]]

(20) 

3. Method

This paper improves the robotic motion planning performance by 
improving SARL [18] where attention network and DQN are applied for 
environment interpretation and learning purposes respectively. To be 
specific, first, this paper improves the attention network for the envi
ronment interpretation by integrating the skip connection method and 
LSTM into the architecture of attention network. Second, DQN is 
replaced by DSAC which has not been used in motion planning tasks 
before. Thus, the network convergence is improved, and the training is 
stabilized.

In this section, we further present the implementation of RG-DSAC 
which works as one of baseline algorithms for comparisons. Then RG- 
DSAC is improved by introducing AW-DSAC which also works as one 
of baseline algorithms for comparisons. Finally, AW-DSAC is further 
improved by integrating the skip connection method and LSTM into the 
architecture of attention network of AW-DSAC, resulting in SA-DSAC 
and LSA-DSAC. An overview of mentioned four algorithms is shown in 
Fig. 3.

3.1. Relation graph based DSAC (RG-DSAC)

The mechanism of relational graph [16] is shown in Fig. 3a. The 
source input collected from the environment consists of source robot 
feature sr and N-obstacle features (oi, i ∈ 1,2, ..N). These features are in 
different dimensions. They should be formatted to the same dimension 
to accommodate the input requirement of the graph by 

sr emb 1 = MLP(sr) (21) 
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oi emb 1 = MLP(oi) (22) 

They are achieved by the multi-layer perceptron (MLP). sr emb 1 and 
oi emb 1 denote the embeddings of the robot and i th obstacle feature. All 
obstacle features are concatenated to form the embedded obstacle state 
so emb 1. The embedded robot state and embedded obstacle state are 
concatenated to form the initial feature matrix (environmental repre
sentation) X by 

X = concat(sr emb 1, so emb 1) (23) 

The first row of X (X[0, : ]) denotes the robot feature and remaining 
rows (X[i, : ], i ∈ 1,2, ..N) denotes all obstacle features.

Given feature matrix X, relation matrix A that represents the rela
tionship of the robot-obstacle and obstacle-obstacle is computed by a 
similarity function. This is achieved by concatenating one of features in 
X[i, :], i ∈ 0, 1, ..N with all features in X[j, :], j ∈ 0, 1, ..N recursively to 
form the pairwise features of the robot-obstacle and obstacle-obstacle. Then, 

Fig. 3. Mechanisms of relational graph (a), attention network or attention weight (b), skip connection method for attention network (c), and LSTM and skip 
connection method for attention network (LSA) (d). In LSA encoder, the skip connection is for reducing the feature loss, while LSTM replaces the sum operator of the 
attention network to make the final interpreted features (environmental state) injective and stabilize the training. Note that here attention weigh is the weight of 
attention network. Attention weight can be used to generate attention score that makes the importance of obstacles interpretable.
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the relation feature A[i, :] is obtained by MLP that maps these pairwise 
features to a fixed dimension (the same dimension as that of X[i, : ]) via 

A[i, :] = MLP(concat(X[i, :],X[:, :])).i ∈ 0,1, ..N (24) 

Given feature matrix and relation matrix, interaction feature matrix 
H is obtained by the message passing rule from the graph convolutional 
network (GCN) via 

Hl+1 = σ
(
AHlWl)+ Hl, H0 = H1 = X, l ∈ 0,1.. (25) 

where σ is the activation function. W is layer-specific trainable weight, 
and l denotes the number of the neural network layers. The difference 
between the initial feature matrix X and the interaction feature matrix H 
is that H includes both initial features and relation features, while X only 
includes initial features. Interaction feature matrix Hl+1 outperforms 
initial feature matrix X in the expressive power. This is achieved via the 
relation matrix A and the message passing, and it is shown by training 
and evaluation performances in the simulation and real-world motion 
planning. Moreover, the expressive power of the interaction feature can 
be further improved by LSTM that maps interaction feature of obstacles 
Hl+1[1 :, :] to the sequential hidden features. Hence, final output of the 
relational graph (environmental state) that feeds DSAC consists of 
interaction feature of the robot and obtained sequential hidden features 
via 

Srg =
[
Hl+1[0, :], LSTM

(
Hl+1[1 :, :]

)]
(26) 

3.2. Attention weight based DSAC (AW-DSAC)

Given the relational graph, it is obvious that relation matrix A plays 
an essential role to improve the expressive power of output features. 
Relation matrix includes the robot-obstacle relation and obstacle- 
obstacle relation. Now, let’s recall our task: robotic motion planning 
among dense obstacles. It is easy to see that robot-obstacle relation 
matters in our task. However, obstacle-obstacle relation does not show 
much direct importance in this task to generate features with high 
expressive power, although it has marginal importance to predict future 
obstacle trajectories that slightly improve the motion planning perfor
mance [16]. To further improve the motion planning performance, 
much attention should be paid to making the best of the robot-obstacle 
relation. Moreover, the importance of the obstacles also vary in different 
time step. The importance is shown by the robot speed, moving di
rections, and distance of robot and obstacle.

Recent attention weight mechanism [18] focuses on the pairwise 
robot-obstacle feature. It computes an attention score that weighs the 
importance of dynamic obstacles and makes the expressive power of 
interpreted environmental state interpretable. Hence, we apply the 
attention weight to replace relational graph for high and interpretable 
expressive power of the output features.

As the relational graph, in the attention weight case (Fig. 3b), the 
environmental state to feed DSAC Saw is defined by the feature combi
nation of the robot and obstacles via 

Saw =
[
sr, Saw

o
]

(27) 

where Saw
o denotes the weighted obstacle feature, and it is defined by 

Saw
o =

∑n

i=1
[softmax(αi)]⋅hi (28) 

where αi and hi denote the attention score and the interaction feature of the 
robot and the obstacle oi respectively. The interaction feature is a high- 
level feature that better outlines a robot-obstacle relation, compared to a 
shallow feature ei. The interaction feature is defined by 

hi = fh(ei;wh) (29) 

where fh(⋅) and wh denote the MLP and its weight. ei denotes the 
embedded shallow feature obtained from the pairwise robot-obstacle 
feature [sr,oi]. The attention score is defined by 

αi = fα(ei;wa) (30) 

where fα(⋅) and wa denote the MLP and its weight. The embedded 
shallow feature is defined by 

ei = fe([sr, oi];we), i ∈ 1,2, ..N (31) 

where fe(⋅) and we denote the MLP and its weight.

3.3. Skip connection for attention weight based DSAC (SA-DSAC)

Recent progress in supervised DL [41–43] unveils that low-level 
(shallow) and high-level (deep) features play different role in the 
learning of the neural networks. The low-level feature provides more 
details of the source environmental state, while high-level feature out
lines an overall structure of source environmental feature. Both 
low-level and high-level features contribute to the expressive power. 
Obviously, the attention weight mechanism just includes high-level 
feature to form the interaction feature hi, given the mechanism of the 
attention weight in Fig 3b This causes the loss of the details in envi
ronmental state and low expressive power of final feature Saw follows. To 
improve the expressive power of environmental state interpreted by 
attention weight, we introduce SA-DSAC that integrates the skip 
connection method (Fig. 3c) into the architecture of the attention 
network for generating optimized interaction feature by 

hi = fh(concat(ei, [sr, oi]);wh) (32) 

where fh(⋅) and wh denote the MLP and its weight. ei denotes the 
embedded shallow feature obtained from the pairwise robot-obstacle 
feature [sr,oi].

3.4. LSTM and skip connection for attention weight based DSAC (LSA- 
DSAC)

Given the attention weight mechanism, we can notice that weighted 
obstacle features Saw

o are pooled by summing all weighted interaction 
features. Recent research [44] unveils a high performance of the sum 
operation over the mean and max operations in pooling features for 
generating new features with high expressive power. However, it does 
not mean that sum operation is absolute injective [44] and robust to the 
unstable training (e.g., vanishing gradient) in the case with deep net
works. The more injective the feature is, the more distinguishable the 
feature is against other features. Hence, high injectivity of feature means 
high expressive power [44]. Sum operation just outlines an overall 
structure of pooled features, and some pooled features based on the sum 
operation lack injectivity or are undistinguishable. For instance, 
sum (3,1) and sum (2,2). Features [3,1] and [2,2] are equal statistically, 
but they are obviously different features. We think that keeping some 
source features in the feature pooling process contributes to the injectivity 
of pooled features. Moreover, with the networks because complex and 
deeper, sum operation is not robust enough to the vanishing gradient. 
This may result in unstable training and consequent divergence.

LSTM is expected to be a good solution to achieve this goal where the 
source features are just mapped into sequential hidden features. In this 
process, the structural information, and a part of the feature details of 
the source features are kept, instead of just keeping the statistical 
property of source features via the sum operation. Additionally, when 
networks become deeper, LSTM helps stabilize the gradient due to its 
activation function (identity function). This avoids the case where small 
gradient becomes zero with the training. Hence, we introduce LSA-DSAC 
that takes LSTM to replace sum operation in the pooling of weighted 
obstacle feature Saw

o . LSTM maps weighted interaction features 
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softmax(αi)⋅hi to sequential features (Fig. 3d). This better preserves the 
feature of each weighted interaction feature and avoids potential van
ishing gradient in the case of deep networks. This is achieved by 

Saw
o = LSTM[softmax(αi)⋅hi], i ∈ 1, 2, ..N (33) 

Mechanism of LSA-DSAC. Overall, the mechanism of LSA-DSAC 
consists of two components/steps: 1) LSA encoder (Fig. 3d) that is 
optimized from attention network. 2) the combination of LSA encoder 
and DSAC. The LSA encoder processes the source environment state to 
prepare environment encoding/embedding for original policy network 
of DSAC (that are MLPs), thus the policy (new policy network) is pre
pared. The critic (new critic network) is also prepared as the same way 
(Fig. 4a). Then, the policy and critic are updated in the backpropagation 
process (Fig. 4b). Specifically, once the environmental state Saw =

[
sr,

Saw
o
]

generated by LSA is well prepared, it will feed DSAC to generate 
trained models for the motion planning of the robot. The attention 
network connects with the prediction network (original policy/critic 
network of DSAC) to form the new critic or policy (Fig. 4a and Algorithm 
1). In implementation, separate attention networks are taken to form the 
critic and policy of DSAC by 

critic = [θattc , θc1, θc2] (34) 

policy =
[
θatt p, θp

]
(35) 

where double Q-network architecture (networks θc1,θc2) is taken in critic 
to reduce the overestimation of the Q value, while policy just has single 
network θp for prediction.

The training process of LSA-DSAC is shown in Fig. 4b Episodic data 
<s,a,r,ś> of each time step is obtained by performing the policy of DSAC 

< st , at , rt , St+1 >∼ π
(
at
⃒
⃒st ;

[
θatt p, θp

])
(36) 

Episodic data E is stored in replay buffer D at the end of each 
episode by 

D ←D ∪ E , E = E + 〈st , at , rt , St+1〉 (37) 

where experience in each step <st , at , rt , St+1 > is attached to historical 
experience to update the episodic data.

Networks are trained in each step of an episode (Algorithm 2). In the 
forward propagation process, the critic loss L ossQ and policy loss L ossP 
are obtained by 

L ossQ = MSE
(
Q(a|s)c1,Qnext dis

)
+ MSE

(
Q(a|s)c2,Qnext dis

)
(38) 

L ossP = − mean
[
Es∼p[Q(s)]+ α⋅H (π(⋅|s))

]
(39) 

where Qnext dis and Q(a|s)ci, i ∈ {1,2} denote the discounted next state 
value and current action values respectively. Es∼p[Q(s)] and H (π(⋅|s))
denote the expectation of current state value and current policy entropy 

Fig. 4. Mechanism and training process of our LSA-DSAC. LSA-DSAC starts by collecting data from the environment using the initialized models. Collected data is 
saved in the replay buffer from which data is sampled. The policy and critic are updated based on sampled data until convergence, resulting in trained models which 
are saved for evaluations in the motion planning tasks.
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respectively. α denotes the temperature parameter. These intermediate 
values including Qnext dis, Q(a|s)ci,i ∈ {1,2}, Es∼p[Q(s)], and H (π(⋅|s)) are 
computed as the follows:

Compute discounted next state value. Qnext dis is computed by 

Qnext dis = r(s, a) + γESʹ∼p[Q(ś )] (40) 

where r(s, a) denotes the reward from the environment after executing 
action a in state s. ESʹ∼p[Q(ś )] denotes the expectation of the next state 
value. γ denotes a discount factor. ESʹ∼p[Q(ś )] is computed by 

ESʹ∼p[Q(ś )] =
∑

[pʹ⋅min(Q(ś )c1, Q(ś )c2) − α⋅logpʹ] (41) 

where Q(ś )c1 and Q(ś )c2 denote the next state values computed by the 
target critic via the algorithm Forward-propagation-critic. ṕ  and logṕ  

denote the next policy distribution and its logit value. They are 
computed by Forward-propagation-policy.

The forward propagations of the critic and policy (Algorithms 3 and 
4) are almost the same. Their difference is that the critic takes two 
networks to compute two Q values by 

Q(s)c1, Q(s)c2←fθci (S
aw), i ∈ 1,2 (42) 

Then, an average Q value is obtained. This reduces the bias (over
estimation) of the Q value. The policy just takes single network to 
compute policy distribution and its logit value by 

logp, p←fθp (Saw) (43) 

Compute current action values. To obtain Q(a|s)ci, i ∈ {1,2}, cur
rent state values Q(s)ci, i ∈ {1,2} should be computed first by the algo
rithm Forward-propagation-critic. Then, current action values are 
computed by gathering state value along the policy distribution of the 
action a via 

Q(a|s)c1 = Q(s)c1.gather(a), Q(a|s)c2 = Q(s)c2.gather(a) (44) 

Compute expectation of current state value. The process to 
compute the expectation of current state value is different from that of 
the next state value. It is computed by 

Es∼p[Q(s)] =
∑

min[(Q(s)c1, Q(s)c2)⋅p] (45) 

where Q(s)ci, i ∈ {1,2} and p are computed respectively by Forward- 
propagation-critic and Forward-propagation-policy.

Compute policy entropy. H (π(⋅|s)) is computed by 

H (π(⋅|s)) = − logπ(⋅|s) = −
∑

p⋅logp (46) 

Before the back-propagation process, the temperature loss L α is also 
required for the network update. L α is computed by 

L α = − min [logα⋅(H − H )] (47) 

where H is the target entropy. Then, the temperature and all networks 
are updated by the gradient ascent via 

θatt c,ci←θatt c, ci − γ∇θatt c,ci L ossQ, i ∈ 1, 2 (48) 

θatt p,p←θatt p, p − γ∇θatt p,p L ossP (49) 

α←α − γ∇αL α, α←eα (50) 

Finally, target critic is also updated for a new training round via 

θatt c←θatt c, θc1←θc1, θc2←θc2 (51) 

4. Experiments

This section presents the implementation details of our algorithms. 
First, the network framework of our LSA-DSAC is given. Second, the 
model training details of our algorithms and the state-of-the-art are 
presented. Third, the model evaluations are conducted. The evaluations 
include the converged reward evaluation, interpretability evaluation, 
qualitative evaluation, quantitative evaluation, time complexity evalu
ation, transferability evaluation, and robustness evaluation. Finally, the 
physical implementation is presented. Note that our LSA-DSAC and 
other algorithms for comparisons share the same input, which is the 

Algorithm 1 
LSA-DSAC.

1.Initialize the replay buffer D 

2.Initialize attention net of critic θatt c, attention net of policy θatt p, prediction nets 
of critic θc1 and θc2, and prediction net of policy θp where  

critic =
[
θattc ,θc1,θc2], policy = [θattp ,θp

]

3.Initialize target critic [θatt c , θc1, θc2]: 
θatt c←θatt c, θc1←θc1 , θc2←θc2 

4.For episode i < N do 
5. For t ∕= Tterminal in episode i do 
6. Execute action: 

<st ,at , rt ,St+1 >∼ π
(
at
⃒
⃒st ;

[
θatt p,θp

])

7. Train If length (D ) < batch size l 
8. Store data of this episode: 
E = E + 〈st ,at , rt ,St+1〉

9. Update replay buffer: D ←D ∪ E 

10. i = i+ 1 
11. Save models: θatt c, θatt p, θc1, θc2 and θp

Algorithm 2 
Train.

1.Sample K-batch experiences randomly from replay buffer D 

//Prepare discounted next state value Qnext dis 

2.Compute next policy distribution ṕ  and its logit value logpʹ: 
Forward-propagation-policy 

3.Compute next state value Q(ś )c1 , Q(ś )c2 by target critic: 
Forward-propagation-critic 

4.Compute expectation of next state value: 
ESʹ∼p [Q(ś )] =

∑
[pʹ⋅min(Q(ś )c1, Q(ś )c2) − α⋅logṕ ]

5.Compute discounted next state value: 
Qnext dis = r(s, a) + γESʹ∼p[Q(ś )]

//Prepare current action value Q(a|s)c1, Q(a|s)c2 
6.Compute current state value Q(s)c1, Q(s)c2: 

Forward-propagation-critic 
7.Compute current action value Q(a|s)c1, Q(a|s)c2: 

Q(a|s)c1 = Q(s)c1.gather(a)
Q(a|s)c2 = Q(s)c2.gather(a)

//Prepare Q value loss (critic loss) 
8.Compute Q value loss: 

L ossQ = MSE
(
Q(a|s)c1 ,Qnext dis

)
+ MSE

(
Q(a|s)c2,Qnext dis

)

//Prepare policy entropy 
9.Compute policy distribution p and its logit value logp: 

Forward-propagation-policy 
10.Compute current policy entropy: 

H (π(⋅|s)) = − logπ(⋅|s) = −
∑

p⋅logp 
//Prepare expectation of current state value 
11.Compute current state value Q(⋅|s)c1 , Q(⋅|s)c2 for all actions where Q(⋅|s) = Q(s): 

Forward-propagation-critic 
12.Compute expectation of current state value: 

Es∼p [Q(s)] =
∑

min[(Q(s)c1, Q(s)c2)⋅p]
//Prepare policy and temperature loss 
13.Compute policy loss: 

L ossP = − mean
[
Es∼p[Q(s)] + α⋅H (π(⋅|s))

]

14.Compute temperature loss: 
L α = − min [logα⋅(H − H )]

//Back-propagation to update networks and temperature 
15.Update attention net θatt c and prediction nets of critic θc1 and θc2: 

θatt c,ci←θatt c, ci − γ∇θatt c,ci L ossQ, i ∈ 1,2 
16.Update attention net θatt p and prediction nets of policy θp: 

θatt p,p←θatt p, p − γ∇θatt p,p L ossP 

17.Update temperature: 
α←α − γ∇αL α , α←eα 

18.Update target critic [θatt c, θc1, θc2]: 
θatt c←θatt c, θc1←θc1, θc2←θc2
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features of the robot and obstacles. Main hardware is Intel Core 
i7–9750H processor with 16-GB memory. The trainings and evaluations 
are based on the CrowdNav simulation system [18].

4.1. Network framework

In implementation, the network framework of our LSA-DSAC (Fig. 5) 
takes the architecture with separate attention networks. The prediction 
networks of the critic and policy connect with different attention 
network to form the critic and policy of DSAC. This contributes to 
overall convergence, compared with architecture with a shared atten
tion network. The prediction network of the critic consists of two linear 
networks. Each linear network has three linear layers. The prediction 
network of the policy just has one linear network that also has three 
linear layers.

4.2. Model training

We first implemented RG-DSAC for motion planning in the circle- 
crossing simulator. The training result (Fig. 6a) demonstrated that RG- 
DSAC converged faster than DSAC with source environmental state. 
Moreover, the converged result of RG-DSAC also outperformed the 
DSAC with source environmental state.

The output of the relational graph is the matrix Hl+1 (layer number l 
= 2). The final interpreted feature to feed DSAC Srg is the combination of 
the robot feature Hl+1[0, :] and the pooled obstacle features 
LSTM

(
Hl+1[1 :, :]

)
where obstacle features are pooled by LSTM. To prove 

the efficacy and efficiency of our method to prepare the final features for 
training (rob+lstm(obs)), we compared it with other potential features 
for training by the ablation experiments where other features include: 

1) features based on the feature concatenation of the robot and obsta
cles (rob+obs),

2) source robot feature (rob),
3) features from summing concatenated feature of the robot and 

obstacle (sum(rob+obs)),
4) features from concatenating the robot feature and obstacle features 

pooled by MLP (rob+mlp(obs)),
5) pooled features of the robot and obstacles by MLP (mlp(rob+obs)), 

and
6) pooled features of the robot and obstacles by LSTM (lstm(rob+obs)).

Ablation experiments (Fig. 6b) demonstrate that interpreted features 
for training using our method outperforms other potential features. 
Experiments also indicate that the robot feature should be separated 
from the obstacle features pooled by LSTM or MLP, resulting in the 
features rob+lstm(obs) and rob+mlp(obs). This contributes to the 
expressive power of interpreted features for training. The interpreted 
feature rob+mlp(obs) marginally contributes to the convergence, while 
the interpreted feature rob+lstm(obs) by our LSA-DSAC dramatically 

improves the convergence.
We noticed that a separate architecture (two relation networks and 

two LSTM) outperforms a shared architecture (one shared relation 
network with shared and separate LSTMs) (Fig. 6c) in the implementa
tion of RG-DSAC. Experiment shows that separate LSTM encoding con
tributes to the convergence dramatically (yellow and green curves), 
while a separate relation network also contributes to the convergence 
(blue and yellow curves).

In Fig. 6d, the convergence is improved after the attention network 
replaces the relational graph for the feature interpretation. Then, the 
convergence is further improved by integrating the skip connection 
method and LSTM to the attention network. Experiment also shows that 
AW-DSAC and SA-DSAC are unstable in training because of the sum 
operation that lacks robustness to vanishing gradient and injectivity. 
LSA-DSAC outperforms the rest algorithms in converged result by 
sacrificing the convergence speed at early-stage training. The experi
ment is extended to 10-obstacle cases (Fig. 6e) where our LSA-DSAC still 
outperforms the rest algorithms in overall convergence speed and 
converged result. LSA-DSAC is also trained in cases with 1, 2, 3 and 4 
obstacles (Fig. 6f). The experiment shows that the increase of the envi
ronmental complexity (the number of dynamic obstacles) results in a 
decrease of convergence.

Finally, LSA-DSAC is compared with RG-DSAC and the state-of-the- 
art that includes CADRL, LSTM-A2C, LSTM-RL and SARL. Note that 
ORCA is not trainable and it is not included in the training comparisons. 
LSA-DSAC is compared with CADRL in 1-obstacle case because CADRL 
only supports single-obstacle training (Fig. 6g). The rest state-of-the-art 
supports multi-obstacle training and they are trained in cases with 5 and 
10 obstacles (Fig. 6h-i). Experiment shows that our LSA-DSAC is supe
rior to the state-of-the-art in both convergence speed and converged 
result. The training parameters of our LSA-DSAC is shown in Table 1.

4.3. Model evaluation

Trained models of all algorithms are evaluated in 5-obstacle case 
comprehensively in the circle-crossing simulator from seven perspec
tives. This includes the converged reward evaluation, interpretability 
(explainable ability) evaluation, qualitative evaluation, quantitative evalu
ation, time complexity evaluation, transferability evaluation, and robustness 
evaluation. Models are evaluated with 500 test sets (episodes).

Converged reward evaluation. Converged reward indicates the 
overall performance of the trained models in small test set during 
training. It provides a fast impression about how good the model is in 
training. It is easy to see that our LSA-DSAC outperforms the state-of-the- 
art in the converged reward, while SARL performs best among the state- 
of-the-art (Table 2). CADRL just supports training with one obstacle, 
therefore its model is not included in comparison.

Interpretability (explainable ability) evaluation. Interpretability 
(explainable ability) here is defined as the ability to decide directly, 
explicitly, and uniformly how good the motion planning performance is. 
Attention mechanism (attention network) provides the attention score 
(a post-training indicator) to evaluate the importance of obstacles, 
therefore justifying the robot’s policy or actions. Then, motion planning 
strategy is generated based on the attention score. Motion planning 
strategy (Fig. 7) of our LSA-DSAC indicates that the attention score is an 
overall evaluation that considers the moving direction, moving speed, 
and distance of robot and obstacles (e.g., humans). The distance of robot 
and obstacles sometimes contributes less to the attention score (e.g., 
human 2 in Fig. 7 that has minimum distance to the robot). Interpret
ability comparisons of the models are shown in Table 3. Our LSA-DSAC 
and SARL have interpretability because of the attention score, while the 
motion planning performance of the rest algorithms cannot be observed 
indirectly, explicitly, and unexplainably.

Qualitative evaluation. The quality here refers to the trajectory 
quality of the robot in an episode. In 500 tests, the robot based on our 
algorithms and state-of-the-art (trainable) learnt some of the six motion 

Algorithm 3 
Forward-propagation-critic.

//Prepare input to feed prediction nets θci, i ∈ {1,2}
1.Calculate embedded shallow feature: 

ei = fe(s;we), i ∈ 1,2, ..N 
2.Calculate optimized interaction feature: 

hi = fh(concat(ei, [sr,oi]);wh)

3.Calculate attention score and its softmax value: 
αi = fα(ei;wa)

4.Calculate weighted feature of each obstacle: 
[softmax(αi)]⋅hi, i ∈ 1,2, ..N 

5.Pool weighted feature of obstacles by LSTM: 
Saw

o = LSTM[softmax(αi)⋅hi], i ∈ 1,2, ..N 
6.Obtain input data Saw for prediction net: Saw =

[
sr, Saw

o
]

//Prepare state value of θc1 and θc2 

7.Calculate state values: Q(s)c1, Q(s)c2←fθci (Saw)
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planning strategies. These six strategies include full-bypass, partly-bypass, 
follow-pass, wait-pass, back-pass, and cross. Their features and examples 
are shown in Table 4 and Fig. 8. For each algorithm, we sampled 50 
trajectories from 500 tests and found that the most of sampled 

trajectories of the SARL and Our LSA-DSAC followed the high-quality 
full-bypass and partly-bypass strategies (Table 5), while the trajec
tories of the CADRL, LSTMRL, LSTM-A2C, and RG-DSAC followed the 
medium-quality follow-pass, wait-pass, and back-pass strategies. CADRL 
and ORCA took low-quality cross strategy that caused more collisions, 
although the cross strategy led to fast speed sometimes. Fig. 9 presents 
some examples that indicate the superiority of our LSA-DSAC in tra
jectory quality when comparing with the state-of-the-art.

Quantitative evaluation. The quantity here refers to the statistical 
motion planning result in 500 tests of each algorithm from the per
spectives of the success rate, time to goal, collision rate, timeout rate 
(allowed time 25 s), mean distance of robot and obstacle, and mean reward. 
The success rate means the rate to reach the goal. The time to goal means 
the time to reach the goal if the robot succeeds reaching the goal. The 
collision rate means the rate to collide with obstacles. The timeout rate 
means the rate of not reaching the goal given the allowed time limit (25 
s). The mean distance of robot and obstacle means the average distance 
of robot and obstacles if the distance of robot and obstacles is under an 
alerting slot (e.g., 0.2 m). The mean reward means the average reward 
received in one episode. This indicator is decided by the reward func
tion. The statistics (Table 6) shows that our LSA-DSAC outperforms the 
state-of-the-art in all perspectives, except for the time to goal. However, 
LSA-DSAC still maintains high performance (2nd place) in the time to 
goal. Despite of this, our LSA-DSAC still performs best among the 
trainable state-of-the-arts. ORCA slightly outperforms LSA-DSAC 
regarding the time to goal, but it takes an aggressive strategy that re
sults in a low success rate, more collisions to obstacles and a closer 
distance to the obstacles.

Time complexity evaluation. Here the time complexity is scaled by 
the time cost of each algorithm in training. Online learning algorithm 
LSTM-A2C learns from online data. Hence, it takes less time 0.42 h in 
training (Table 7), while other off-policy algorithms including our RG- 
DSAC and LSA-DSAC take much time. However, our LSA-DSAC and 
RG-DSAC still keep high performance (around 4 h) when comparing 
with other off-policy algorithms.

Transferability evaluation. The transferability here refers to the 
performance of a trained model (trained in circle-crossing simulator) in 
a new environment (square-crossing simulator, Fig. 10). The square- 
crossing environment means the obstacles are randomly generated on 
the left/right side of environment and move towards random goals on 
the opposite side. The test results (Table 8) show that our LSA-DSAC 
keeps the best performance among all trained models in the success 
rate, mean distance of the robot and obstacle, and mean reward. For the 
time to goal, collision rate, and timeout rate, our LSA-DSAC has less 
difference to the best results. Given the results, we can notice that our 
LSA-DSAC is more likely to take a safe motion planning strategy, as it 
maintains a safer and preferred distance to the obstacles (0.14 m) where 
we set the preferred distance to obstacles to be 0.15 m. This results in an 
efficient and safe motion planning. The time to goal (10.95 s) is almost 
the same as that of training (10.94 s). This means LSA-DSAC keeps its 
performance in training if the new simulator (square-crossing) generates 
similar environment as that of old simulator (circle-crossing). New 
simulator, at the same time, means generating different/unseen envi
ronment (e.g., hostile obstacles). This may result in the degradation of 
motion planning performance. Despite of this, LSA-DSAC still maintains 
a high success rate (0.93) that outperforms all state-of-the-arts.

Robustness evaluation. The robustness here denotes the stability of 
a trained model in a new environment. The stability is described as the 
value changes (the changes of the statistical results in the quantitative 
evaluation). Table 9 presents the value changes of these models from the 
circle-crossing simulator to the square-crossing simulator. Although our 
LSA-DSAC does not perform best among all trained models, it still keeps 
high performance (2nd, 2nd, 3rd, 3rd, 2nd, and 4th place respectively).

Algorithm 4 
Forward-propagation-policy.

//Prepare input to feed prediction net θp 

1.Calculate shallow feature: ei = fe(s;we), i ∈ 1,2, ..N 
2.Calculate optimized interaction feature: 

hi = fh(concat(ei, [sr,oi]);wh)

3.Calculate attention score and its softmax value: 
αi = fα(ei;wa)

4.Calculate weighted feature of each obstacle: 
[softmax(αi)]⋅hi, i ∈ 1,2, ..N 

5.Pool weighted feature of obstacles by LSTM: 
Saw

o = LSTM[softmax(αi)⋅hi], i ∈ 1,2, ..N 
6.Obtain input data Saw for prediction net: Saw =

[
sr,Saw

o
]

//Prepare policy distribution and its logit value 
7.Calculate policy distribution and its logit value: 

logp, p←fθp (Saw)

Fig. 5. Network framework of our LSA-DSAC. The framework of LSA-DSAC 
consists of the critic network and policy network. The critic network or pol
icy network receives the same environment features from the circle-crossing 
simulator for the training. Both critic network and policy network consist of 
feature interpretation part and prediction part. The feature interpretation part 
is our LSA encoder which translates features of the robot and obstacles into the 
attention-based environment features Saw. Attention-based environment fea
tures Saw is the combination of the robot feature sr and attention-based obstacle 
features Saw

o . Attention-based environment features Saw are then fed into pre
diction networks which are the linear neural layers. Double prediction networks 
are used in the critic network to reduce the overestimation of Q value, while 
single prediction network is used in the policy network.

C. Zhou et al.                                                                                                                                                                                                                                    Robotics and Autonomous Systems 194 (2025) 105167 

11 



Fig. 6. The training curves of our algorithms and state-of-the-art. (a) denotes that the environment state interpreted by the relational graph contributes more to the 
convergence of DSAC than the source environment state. (b) denotes that after acquiring the robot and obstacle features interpreted by the relational graph, the 
obstacle features should be encoded by the LSTM. Then, the robot features concatenate the LSTM-encoded obstacle features to form new features for the learning of 
DSAC. This method of preparing new features outperforms the rest of the methods in improving the convergence of DSAC. (c) denotes that the network architecture 
with the separate relational graph and separate LSTM (Fig. 5) contributes more to the convergence of DSAC than the architecture with the shared relational graph or 
share LSTM. (d-e) denotes that the feature interpretation based on the relational graph partly represents the relationship between the robot and the obstacles, 
resulting in a slow convergence of DSAC. The attention weight or attention network focuses on and precisely describes the relationship between the robot and the 
obstacles, resulting in a fast convergence of DSAC. However, attention weight is unstable in the training, and the unstable training problem can be mitigated by 
applying the skip connection method and LSTM method. (f) denotes that the convergence of LSA-DSAC becomes slow, with the increase of the dynamic obstacles in 
the environment. (g) denotes the comparison of LSA-DSAC and CADRL in convergence. CADRL does not support multi-agent training, therefore the comparison of 
LSA-DSAC and CADRL is presented in a separate figure. (h-i) denotes the comparisons of LSA-DSAC, RG-DSAC, and the state-of-the-arts that support multi- 
agent training.
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4.4. Physical implementation

This paper provides a demonstration of physical implementation. 
The motivation for physical implementation is to provide a possible way 
to implement the physical robot and enable the robot to navigate in 

dense and dynamic scenarios as the motion planning in the simulator. 
This paper emphasizes the evaluations of motion planning algorithms in 
simulators, instead of the evaluations in the real world, because simu
lators can provide as many tests as possible to extensively evaluate the 
performance of motion planning algorithms. Moreover, the errors 
introduced by simulators are predictable.

Challenges: When transferring RL algorithm to the real world, the 
fundamental challenges are the unexpected observation/measurement er
rors and human operation errors that may result in an unfair environment 
when evaluating the motion planning performance of algorithms. For 
example, the false operations from humans and the observation errors 
from the sensors may make the results of the real-world evaluations 
different from that in simulators under the same settings.

Potential solutions: This paper attempts to create a real-world 
environment that has the same settings as that of simulators to 
demonstrate the motion planning performance of algorithms. The un
expected errors from the real world are not considered in the physical 
implementation. The problems of unexpected errors are expected to be 
quantified and mitigated by integrating the model-based methods or 
Bayesian inference into the model-free RL. For example, in Bayesian 
context, the environment state is assumed to be the hidden state con
sisting of observation and noise. The observation errors and human 
operation errors can be modeled as noise model. The environment state 
is also captured by certain model like Gaussian. The environment state is 
described as the mean value and variance. Bayesian method like 
Bayesian optimization will optimize the model of environment state 

Table 1 
Parameters and hyper-parameters of LSA-DSAC.

Parameters/Hyper-parameters Values of Parameters/Hyper- 
parameters

LSTM hidden size 50
Number of MLP layer 3
ReLU layer after MLP Yes (First MLP layer)
MLP input/output size (interaction and 

embedded layers)
[150, 100]-[100, 50]

MLP input/output size (attention layer) [100, 100]-[100, 1]
Reward Source reward
Gamma 0.95
Tau 0.005
Learning rate 3e-4
Alpha 0.2
Frequency of network update Per step
Automatic entropy tuning True
Batch size 128
Input layer size (DSAC network) 6 + 50
Hidden layer size (DSAC network) 128
Output size of policy network (DSAC network) 81

Table 2 
Converged reward of the models in training with five dynamic obstacles. ORCA 
is not trainable, therefore it is not included in the comparisons. CADRL does not 
support multi-agent training, and the converged result of CADRL is from the 
training with one dynamic obstacle.

Algorithms Converged reward

ORCA [11] —
CADRL [33] 0.61(training with one obstacle)
LSTM-RL [18,13] 0.49
SARL [18] 0.55
LSTM-A2C [35,14,34] 0.30
Our RG-DSAC 0.50
Our LSA-DSAC 0.57

Fig. 7. Examples of obstacles with attention score in LSA-DSAC. The human here denotes the dynamic obstacles. The distance between the robot and obstacles is not 
so important to decide the attention score sometimes, such as the human (obstacle) 2 in (a) and (b). The obstacles heading toward the robot, such as human 0, are 
expected to have a higher attention score, but it doesn’t mean only the direction of the obstacle decides the attention score. Attention score is an overall evaluation 
that considers the direction of motion, speed, and distance between the robot and the obstacles. Hence, in (b), human 0 has a high attention score, but its attention 
score is slightly smaller than that of human 1 and human 3.

Table 3 
Interpretability (explainable ability) evaluation. Here the interpretability 
is measured by whether there are post-training indicators generated to 
justify the actions or policies.

Algorithm Interpretability (explainable ability)

ORCA —
CADRL No
LSTMRL No
SARL Yes
LSTM-A2C No
RG-DSAC No
LSA-DSAC Yes
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towards minimizing the variance. Therefore, unexpected observation 
errors and human operation errors are quantified, and the environment 
state is more accurate. However, the model-based methods may bring 
new problems like expensive computation and inaccurate surrogate 
model [45]. This paper is not going to extend this topic, but model-based 
methods may be considered in future works for motion planning in 
dense and dynamic scenarios.

In the physical implementation, the models of trainable motion 
planning algorithms are trained with the data from the simulator, while 
the testing data is collected by the robot sensors from the real world. The 
mechanism of physical implementation is as follows: A Local area 
network (LAN) is established in the robot operation system (ROS) [46]. 
Agents in the experimental area are connected to the LAN. They are 

equipped with a marker point that can be captured by cameras to create 
a rigid body model in the motion capture system. The workflow in the 
physical implementation is shown in Fig. 11a. First, cameras capture the 
agent’s location information (observations) via marked points. Second, 
observations are sent to the host to compute the agent’s actions by the 
RL model and ORCA. Third, the actions are broadcasted to the agents by 
WiFi. Finally, the actions are executed by agents. Once the robot reaches 
the goal, the task is finished.

In action execution (Fig. 11b), Jetson Nano converts digital actions 
to ROS messages. Stm32 then computes the wheel speed using ROS 
messages and converts it into messages of Pulse-Width Modulation 
(PWM). They can be recognized and executed by motors. The motion 
capture system is based on optical tracking technology [47–49] to 
localize agents. It consists of eight 3D cameras. Finally, our physical 
implementation is tested in both a ROS Gazebo environment and the real 

Table 4 
Features of six motion planning strategies. The motion planning strategy here is 
defined by humans according to human experience.

Strategy Description Speed Collision

Full-bypass Bypass all obstacles Fast Less
Partly- 

bypass
Bypass most obstacles Fast Less

Follow- 
pass

Follow front obstacles and pass Medium Less

Wait-pass Wait until obstacles move away and 
pass

Slow Less

Back-pass Move back until obstacles move 
away and pass

Slow Less

Cross Cross dense obstacles High/Medium/ 
Slow

More

Fig. 8. Six learned motion planning strategies. The numbers along the trajectories represent the time step of each robot or obstacle. The full-bypass and partly-bypass 
are the most efficient motion planning strategies. The performance of wait-pass and follow-pass strategies is acceptable. The back-pass is the most time-consuming 
motion planning strategy. The cross strategy is efficient in the motion planning sometimes, but it causes many collisions.

Table 5 
Qualitative evaluation. The quality here is measured according to the 
efficiency or the property of learned motion planning strategies.

Algorithm Learnt motion planning strategy

ORCA Cross
CADRL Cross/Follow-pass
LSTMRL Partly-bypass/Follow-pass
SARL Full-bypass/Partly-bypass
LSTM-A2C Back-pass/Wait-pass
RG-DSAC Partly-bypass/Follow-pass
LSA-DSAC Full-bypass/Partly-bypass
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world (Fig. 11c). Videos of the ROS Gazebo test and the real-world tests 
are available as follows: 

1) Gazebo test (Fig. 12). The video link is available at https://youtu. 
be/A-GdHGoWwCk. The purpose of the Gazebo test is to compare 
the motion planning differences between the Gazebo environment 

and the simulator. The same trained models are evaluated in Gazebo 
environment and the circle-crossing simulator. The experiment 
demonstrates that the motion planning performance in Gazebo 
environment and circle-crossing simulator is almost the same under 
the same settings. Their difference is that the trajectories of the robot 
and the obstacles in Gazebo environment are not as smooth as that of 
the circle-crossing simulator, given the video demonstration. The 

Fig. 9. Superiority of LSA-DSAC in trajectory quality. Here this paper presents an example that demonstrates a good performance of our LSA-DSAC in the time cost to 
reach the goal.

Table 6 
Statistical results of the quantitative evaluation.

Algorithms Success 
rate

Time 
to 
goal

Collision 
rate

Timeout 
rate

Mean 
distance 
(m)

Mean 
reward

ORCA 0.43 10.86 0.564 0.006 0.08 —
CADRL 0.89 11.30 0.106 0.004 0.16 0.47
LSTMRL 0.96 12.10 0.02 0.01 0.16 0.49
SARL 0.99 10.96 0.01 0.00 0.18 0.56
LSTM-A2C 0.88 17.04 0.05 0.07 0.12 0.36
RG-DSAC 0.94 11.37 0.06 0.00 0.14 0.52
LSA-DSAC 0.996 10.94 0.004 0.00 0.15 0.57

Table 7 
Time complexity evaluation. The time complexity here is measured 
by the time cost of all algorithms in training in 5-obstacle case.

Algorithms Time cost (hour/10 K epi.)

ORCA —
CADRL 7.4 (train with one obstacle)
LSTMRL 16.08
SARL 14.72
LSTM-A2C 0.42
RG-DSAC 4.38
LSA-DSAC 4.56
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sensor errors of Gazebo environment cause the positioning drift, 
reducing the smoothness of the trajectories. However, the robot can 
still reach the destination safely and efficiently by learning an effi
cient motion planning policy and keeping a safe distance to the 
obstacle.

2) Real-world test in the static environment (Fig. 13). The video link is 
available at the website https://www.youtube.com/watch?v=bH 
5FbA14AqE. The model tested in Gazebo environment is then 
tested in the static real-world environment. Given the test result, the 

robot can reach the destination and avoid all obstacles 
simultaneously.

3) Real-world test in dense and dynamic scenarios (Fig. 14). The video 
is available at https://youtu.be/UB6aC3XoZ6c. The real-world test 
in dense and dynamic scenarios uses the same model as the above 
two tests. Given the test result, the robots can reach their destinations 
and avoid all dynamic obstacles simultaneously. As Gazebo test, real- 
world tests in static and dynamic scenarios have the same problem in 
the positioning drift caused by the sensor errors, reducing the 
smoothness of the trajectories, given the video demonstration. 
However, the robot can still reach the destination safely and effi
ciently by learning an efficient motion planning policy and keeping a 
safe distance from the obstacle.

5. Discussions

5.1. Unstable training of aw-dsac

The unstable training of AW-DSAC is discussed in this section. We 
reconduct the trainings of AW-DSAC and our LSA-DSAC with different 
seed and trace the relevant mediate values in cases with 5 and 10 ob
stacles respectively, as Fig. 15.

Given the reward values in Fig. 15, we can see that AW-DSAC di
verges with the training in 5-obstacle case and stops in the training in 
10-obstacle case due to zero gradient received, while our LSA-DSAC is 

Fig. 10. An example of 500 tests in the square-crossing simulator. (a) presents the simulator, while (b) presents the trajectories of the robot and obstacles at the end 
of an episode. The square-crossing simulator is only used in transferability evaluations.

Table 8 
Transferability evaluation. Here the transferability is measured by the perfor
mance of trained models (training in the circle-crossing simulator) in the new 
environment (the square-crossing simulator). The performance here is measured 
using the same metrics as that of quantity evaluation.

Algorithms Success 
rate

Time 
to 
goal

Collision 
rate

Timeout 
rate

Mean 
distance 
(m)

Mean 
reward

ORCA 0.74 9.12 0.256 0.004 0.08 —
CADRL 0.88 11.19 0.01 0.11 0.17 0.48
LSTMRL 0.91 10.54 0.03 0.06 0.12 0.49
SARL 0.92 10.96 0.02 0.06 0.17 0.51
LSTM-A2C 0.45 15.61 0.41 0.14 0.10 0.12
RG-DSAC 0.40 11.09 0.59 0.01 0.11 0.10
LSA-DSAC 0.93 10.95 0.05 0.02 0.14 0.51

Table 9 
Robustness evaluation. Here the robustness is measured by the value changes of trained models from the circle-crossing simulator to the square-crossing simulator. 
Robustness evaluation uses the same metrics as that of quantity evaluation.

Algorithms Success rate Time to goal Collision rate Timeout rate Mean distance (m) Mean rewards

ORCA 0.310 1.560 0.308 0.002 0.000 —
CADRL 0.010 2.110 0.096 0.106 0.010 0.02
LSTMRL 0.078 1.160 0.008 0.050 0.020 0.04
SARL 0.070 0.000 0.010 0.060 0.010 0.05
LSTM-A2C 0.430 1.430 0.360 0.070 0.020 0.24
RG-DSAC 0.540 0.280 0.530 0.010 0.030 0.42
LSA-DSAC 0.066 0.010 0.046 0.020 0.010 0.06
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unlikely to suffer from this problem that can be easily classified to be 
typical “vanishing gradient” problem. Given the loss values of critic 
networks, AW-DSAC and LSA-DSAC converges well, and less difference 
exists.

Given the loss values of policy networks, our LSA-DSAC receives and 
converges to a reasonable loss value. However, AW-DSAC faces two 
cases in the loss values: high-zero loss, and zero loss. The high-zero loss 
means AW-DSAC receives a higher or reasonable loss value that results 
in good convergence at the beginning, but later the loss value drops to 

zero that results in vanishing gradient. The zero loss means AW-DSAC 
receives zero policy loss at the beginning of training, resulting in van
ishing gradient directly.

Given the values of alpha loss and alpha, we can see that alpha losses 
of AW-DSAC and LSA-DSAC haven’t converged. This results in the drop 
the alpha value. Consequently, the entropy term of DSAC contributes 
less to the loss value with the training, and DSAC relies on the reward 
gradually to compute the loss value, like the classical off-policy actor 
critic. The reason for this result is in the setting of target entropy. Let 

Fig. 11. Details of physical implementation. (a) presents the detailed steps of physical implementation. (b) presents the hardware of the robot and obstacles for the 
action execution. (c) presents the motion capture system and an example of the tests in the gazebo and the real world. The motion capture system localizes the robot 
and obstacles in real-time to compute the positions and velocities of the robot and obstacles.
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recall the equation of loss value of alpha L α = − min [logα⋅(H − H ), 
the divergence of alpha loss means the entropy H cannot reach fixed 
target entropy H = log |A | where A is the action space. The conse
quence is a faster drop of alpha value and DSAC relies on reward for 
gradient update too early. This little flaw exists when SAC is adapted 
into discrete action space, and it remains unsolved. Some early stage 
works attempt to make the target entropy adaptive [50], but the solu
tions cannot be generalized but lack theoretical proofs.

Despite of a dropping alpha value, it doesn’t mean DSAC cannot 
converge well. We can see that our LSA-DSAC still has a good conver
gence, but AW-DSAC suffers from the problems of high-zero loss and 
zero loss as we discussed above. Given Fig. 15, alpha value drops to near 
zero after 100–200 episodes, but AW-DSAC suffers from vanishing 
gradient after 2k episodes. This indicates that a faster dropping alpha is 
not the reason for the divergence of AW-DSAC (note that alpha is also 
dropping in normal case where alpha loss converges). The attention 
mechanism or the combination of attention and DSAC more likely re
lates to divergence or vanishing gradient. Let recall the policy loss L ossP 

= − mean
[
Es∼p[Q(s)]+α⋅H (π(⋅|s))

]
where Es∼p[Q(s)] =

∑
min[(Q(s)c1,

Q(s)c2)⋅p]. The policy loss is related to 
∑

min[(Q(s)c1, Q(s)c2)⋅p] because 
α⋅H (π(⋅|s)) moves close to zero. In 

∑
min[(Q(s)c1, Q(s)c2)⋅p], the critic 

value and policy value are computed by f(Saw) where f(⋅) is the critic 
network or policy network and Saw is the embedding via attention 
network. We assume that 1) a deep network f(⋅) where the attention 
network is included, results in lost feature of Saw and consequent slow 
convergence, and 2) the sum operation is not injective, and results in 
further lost feature of Saw as we presented in Section 3.4. To support our 
two assumptions, we integrate skip connections to attention network. 
Consequently, the convergence improves, and this supports our 
assumption, but AW-DSAC still has the problem of vanishing gradient. 
Then, we replace the sum operation with LSTM that keeps more feature, 
and most important, LSTM can stabilize the training due to its activation 
function (identity function) that makes the gradient of LSTM constant. 
Therefore, the final policy loss of LSA-DSAC can converge. However, 
LSTM requires time to converge at the beginning of training. This is the 
reason why LSA-DSAC converges slightly slower than that of AW-DSAC 

in 5-obsacle case. AW-DSAC suffers from vanishing gradient early or late 
where this problem becomes apparent with the increase of obstacle 
numbers.

5.2. The computation challenges for LSA-DSAC under the context of 
increasing obstacle numbers

Challenge of time cost in training. For a fair comparison, we 
recorded the time cost of our LSA-DSAC in the first 10 K episodes in the 
cases of 1, 2, 3, 4, 5 and 10 obstacles (Table 10), because LSA-DSAC 
almost converges in the first 10 K episodes. We can notice that the 
time cost of training is increasing with the increase of obstacle numbers. 
We think two reasons for the increasing time cost: 1) increasing numbers 
of input features, and 2) increasing task complexity.

An increasing numbers of input features means the increase di
mensions of input matrix. The multiplication of input matrix and weight 
matrix of deep network (including MLPs and LSTM, especially LSTM) 
takes more time to compute the results. This slows down the training and 
inference speed. However, in our work, we defined necessary features of 
the robot and obstacles, instead of using image-based input, therefore 
the dimension of input matrix is acceptable, and it has limited impacts to 
the training and inference speed (see the time cost in cases of 1, 2, and 3 
obstacles where the training takes almost the same time). With the in
crease of task complexity (obstacle numbers), the robot is likely to take 
more steps for exploration in each episode to find the goal. More steps 
mean more frequent use of deep networks that dramatically increase the 
time cost (see the time cost in cases of 3, 4, 5, and 10 obstacles).

We also compared the time cost of LSA-DSAC with other carefully 
selected algorithms when the obstacle number increases. These algo
rithms include RG-DSAC (relational graph combines with DSAC), SARL 
(attention network combines with DQN), and LSTMRL (LSTM combines 
with DQN) (Table 11). We think the challenge of time cost should be 
evaluated from two perspective: average time cost and growth rate of time 
cost with increasing obstacle number. After comparisons, we concluded 
that all algorithms for comparisons face the computation challenge from 
increasing obstacle number, but with different average time cost and 

Fig. 12. The Gazebo test. The same trained models are evaluated in Gazebo environment and the circle-crossing simulator simultaneously. The robot and obstacles in 
these two environments are controlled by the LSA-DSAC and ORCA respectively. The model of LSA-DSAC is trained by 1k episodes in the circle-crossing simulator. 
Finally, the motion planning results in these two environments were almost the same, despite a few differences in the smoothness of the trajectory given the 
video results.
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Fig. 13. The real-world test in the static environment. As Gazebo test, the real-world test in a static environment uses the model of LSA-DSAC. The model of LSA- 
DSAC is trained by 1k episodes in the circle-crossing simulator. The obstacles spread along the robot’s route to the destination. Finally, the robot reached its 
destination and avoided all obstacles simultaneously.

Fig. 14. Real-world test in dense and dynamic scenarios. As Gazebo test and real-world test in a static environment, real-world test in dense and dynamic scenarios 
uses the model of LSA-DSAC. The model of LSA-DSAC is trained by 1k episodes in the circle-crossing simulator. Two robots use the same model of LSA-DSAC. Each 
robot treats another robot as an obstacle in the motion planning task. The obstacles spread along the robot’s routes to their destinations and randomly walk 
continuously. Finally, the robots reached their destinations and avoided all dynamic obstacles simultaneously. Note that this paper omitted the real-world test in 
dense and dynamic scenarios with one robot because each robot treats another robot as an obstacle in the motion planning.

Fig. 15. The training experiments of AW-DSAC and LSA-DSAC with different seed and mediate values that include the loss value of critic network, loss value of 
policy network, loss value of Alpha, and Alpha value.
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growth rate. Specifically, 

1) LSTM suffers more from increasing obstacle number than attention 
network, given the growth rate comparisons of SARL and LSTMRL.

2) Relational graph is likely to bring more average time cost and higher 
growth rate of time cost, given the comparisons of LSA-DSAC and 
RG-DSAC.

3) For LSA-DSAC, DSAC can significantly reduce the average time cost, 
but LSTM in LSA will result in higher growth rate, given the com
parisons of LSA-DSAC, SARL, and LSTMRL.

Challenge of memory consumption due to LSTM. Given the 
mechanism of LSTM, it is obvious that for complex tasks involving long 
time series (more time steps in each episode) or large numbers of input 
features (obstacle numbers), the memory demands can become signifi
cantly elevated in our LSA-DSAC. This extreme case should be avoided.

In our experiment, we constrained the maximum time cost for one 
task is 25 s (100 steps) to trade-off the exploration and computation (due 
to long time series/time steps), therefore guaranteeing sufficient 
exploration for RL training and acceptable computation. The experi
ments from 0 to 500 episodes indicate that the memory cost slightly in
creases with the increase of obstacle numbers. Therefore, the challenges 
from memory cost can be ignored when the obstacle number and step 
number of exploration are small. However, in the case with hundred/ 
thousand obstacles and no constraints on exploration steps, the memory cost 
would be huge and cannot be ignored. We think there are two promising 
solutions for addressing this challenge: 

1) The combination of global path planning and local motion planning. 
The ego observations are collected where limited number of obsta
cles near the robot are considered to prepare the observation. Global 
path planning algorithm is responsible for finding local goals for 
local motion planning. Therefore, the challenge of long time series 
and large numbers of input features are better avoided.

2) Designing hierarchical RL where complex tasks are decoupled into 
simple subtasks. High-level policy of hierarchical RL is responsible 
for decoupling long-term task into simple subtasks. Low-level policy 
is used for addressing simple subtasks where the dimensions of input 
features and length of episodic steps are acceptable.

5.3. Inaccurate attention of attention networks

Attention network shows great interpretability and potentials to 
prepare high-quality representation. However, attention network is 
problematic in the early-stage training. Specifically, attention network is 
likely to focus on most salient features and ignore some important but 
unobvious features. This prepares poor representation and makes entire 
algorithm diverged. In our LSA-DSAC, we try to mitigate this problem by 
keeping source features as much as possible via replacing sum operation 
with LSTM encoding. Therefore, some unobvious but important features 
are unlikely to be overlapped by some salient features.

Other promising solutions are 1) the model-based approach, and 2) 
meta learning. The model-based approach is to parameterize the weight 
or attention score of each feature to be an unknown function. Thus, the 
problem becomes to find the optimal unknown function data as less as 
possible. The model-based approach is promising to capture this un
known function. For example, Bayesian method like Bayesian optimi
zation takes less sequential data to find the optimal parameters of 
unknown function. However, model-based methods better suit the low- 
dimensional inputs, and the high-dimensional case remains to be 
challenging.

It is also interesting to meta-learn the optimal attention score/weight 
in different cases via meta learning (e.g., zero-shot meta learning) where 
various optimal sets of weight/attention score are maintained. There
fore, attention network can be initialized with good weight/attention 
score when facing the same tasks, instead of training from the scratch.

6. Conclusion

This paper combines representation learning with reinforcement 
learning for robotic motion planning in the environment with dynamic 
and dense obstacles. First, relational graph combines with DSAC to form 
the RG-DSAC, and satisfactory performance of motion planning is ach
ieved. Second, the expressive power of interpreted features is improved 
by the attention weight (attention network) to replace the relational 
graph in the feature interpretation. This improves network convergence. 
Third, the attention weight (network) is optimized by the skip connec
tion method and LSTM to eliminate unstable training. Therefore, the 
convergence speed and converged result are further improved. Exten
sive experiments (training and evaluations) of our algorithms and state- 
of-the-art are conducted. The results demonstrated that our LSA-DSAC 
outperforms the state-of-the-art in trainings and most evaluations. The 
details of physical implementation of the robot and dynamic obstacles 
are also given to provide a possible method to transplant the simulation 
into the real world. Motion planning experiments were conducted in 
indoor scenarios (ROS Gazebo environment and real world). This further 
demonstrates the credibility of our motion planning algorithm and 
physical implementation method in the real world.

As future research, we may focus on meta learning the weight/ 
attention score of the attention network to further improve stability, 
convergence, and interpretability. We will also try Bayesian model- 
based method and zero-shot meta learning in future research. This 
contributes to better interpretability and stability and reduces unex
pected errors once the robot works in the real world, therefore reducing 
the sim2real gap.
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Table 10 
The relationship of obstacle number and time cost.

Obstacle numbers in 
training

Time cost (hour/10 K 
epi.)

Memory cost (M) from 0 epi. to 
500 epi.

1 2.7 321 (1444 to 1765)
2 2.9 300 (1443 to 1743)
3 3.0 315 (1446 to 1761)
4 3.7 325 (1445 to 1770)
5 4.3 333 (1448 to 1781)
10 8.3 355 (1448 to 1803)

Table 11 
The time cost comparison of LSA-DSAC with other algorithms when obstacle 
number increases.

Obstacle 
numbers/ 
component 
/Growth rate

Time cost for 
LSA-DSAC 
(hour/10 K 
epi.)

Time cost 
for RG- 
DSAC 
(hour/10 K 
epi.)

Time cost for 
SARL (hour/ 
10 K epi.)

Time cost for 
LSTMRL 
(hour/10 K 
epi.)

5 4.3 4.4 14.7 16.1
10 8.3 12.5 21.2 29.8
Components LSA (Attention 

with LSTM) & 
DSAC

RG & DSAC Attention & 
DQN

LSTM & DQN

Growth rate of 
time cost

91 184 44 85
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