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Abstract—1In reinforcement learning (RL), exploration is
essential to achieve a globally optimal policy but unconstrained
exploration can cause damages to robots and nearby people.
To handle this safety issue in exploration, safe RL has been
proposed to keep the agent under the specified safety constraints
while maximizing cumulative rewards. This paper introduces a
new safe RL method which can be applied to robots to operate
under the safety constraints while learning. The key component
of the proposed method is the safeguard module. The safeguard
predicts the constraints in the near future and corrects actions
such that the predicted constraints are not violated. Since
actions are safely modified by the safeguard during exploration
and policies are trained to imitate the corrected actions, the
agent can safely explore. Additionally, the safeguard is sample
efficient as it does not require long horizontal trajectories for
training, so constraints can be satisfied within short time steps.
The proposed method is extensively evaluated in simulation
and experiments using a real robot. The results show that the
proposed method achieves the best performance while satisfying
safety constraints with minimal interaction with environments
in all experiments.

I. INTRODUCTION

Reinforcement learning (RL) has shown excellent results
in robot navigation, manipulation, locomotion, and other
robot tasks [1]-[6]. However, to train robots using RL in
the real world beyond simulation, safety becomes the most
important issue to be addressed first. An RL agent needs
to explore for better performance but the same exploration
action may cause damages to the robot and its surroundings,
as well as people nearby. For example, a robot might fall off
the floor, which causes repair costs, or sudden acceleration
may cause injuries to nearby people. To deal with these prob-
lems, it is necessary to develop a safe exploration method
that satisfies constraints such as keeping a distance from
obstacles. Additionally, constraint violations inevitably occur
in early training stages due to a lack of information about
environments, so we focus on how to solve RL problems
while satisfying constraints as quickly as possible.
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Fig. 1: An overview of safety guided policy optimization
(SGPO) with a safeguard module. An action sampled from
a learning agent is corrected by the safeguard module (Al-
gorithm [I)) to satisfy sequential future step-wise constraints.
The constraints are linearly approximated to an action and
indicated by Cy,, Cy,, and Cy,, and the area that satisfies all
constraints is indicated in gray. After receiving the corrected
action, the environment returns a new state and a reward.

A Markov decision process (MDP) with an additional set
of cost functions is called a constrained Markov decision pro-
cess (CMDP) [7]. RL problems with safety constraints, called
safe RL, are usually defined under the CMDP framework.
Safe RL problems can be solved using various policy update
rules, denoted by safe policy updates, such as Lagrangian
methods [8]-[10] or trust-region methods [11]. For safe
exploration, safety constraints defined in CMDPs should
be uniformly bounded over all time steps, but safe policy
updates are difficult to guarantee the uniform boundness
property. Thus, additional devices such as shielding methods
[12] are needed to quickly learn a policy with uniformly
bounded safety constraints. Shielding methods consist of a
safety monitoring module which determines whether a given
state and action pair is safe and a safety reflection module
which modifies the action to satisfy safety constraints [12].
In Section [[TI-B] we show that a shielding method makes a
policy to have uniformly bounded safety constraints during
the overall training process via a toy example.

Shielding-based safe RL methods typically use safety
critics for the safety monitoring module [13], [14]. These
critic-based methods judge safety through the safety critic
value for a given state-action pair, and the Bellman equation
is used to update the safety critic with sampled transitions
from the current policy. However, there are two limitations
on the safety critic. First, to learn safety critics with low bias,
several long-time horizon trajectories have to be sampled for
a given state-action, which is not sample-efficient. Second,
additional policies are required to calculate a safe action
when the action from the current policy is judged unsafe.
To avoid using additional policies, Bharadhwaj et al. [13]
have proposed a method of repeatedly sampling an action
until it finds a safe one, but there is no upper bound on the
number of required samples, and the action calculation takes



longer as the number of samples increases.

In this paper, we propose safety guided policy optimization
(SGPO), a shielding-based safe RL method, which allows
an RL agent to satisfy constraints with minimal interactions
with environments. To overcome the shortcomings of the
critic-based shielding methods, a prediction-based shielding
method, called safeguard, is proposed, and the overview is
shown in Figure [I] The safeguard predicts sequential short-
term future costs for the safety monitoring module, resulting
in higher sample efficiency than the critic-based shielding
methods. Furthermore, the safeguard linearizes the predicted
sequential costs to the action and use them to correct the
action safely, so additional policies are not needed, which
is motivated by Dalal [15]. The proposed method, SGPO,
not only uses the safeguard to execute safe actions during
exploration but also uses constrained policy optimization
(CPO) [11] to perform safe policy updates. To this end,
we divide the safety constraints into step-wise constraints
used for the safeguard and trajectory-wise constraints used
for the CPO policy updates. To give an example of dividing
the constraints, for a speed limit case, a step-wise constraint
can be set to limit the instantaneous speed and a trajectory-
wise constraint can be set to limit the number of the speed
violations during an episode below one. Then, feasible policy
sets for both constraints are the same set of policies that
drive below the speed limit at every step. Additionally, the
objective function of CPO is modified with an introduction
of a term to make policies to imitate the outputs of the
safeguard, which means the safeguard serves as a guide.

The proposed method has been extensively evaluated in
simulation and sim-to-real experiments. In simulation, Car
Goal, Point Goal, and Doggo Goal tasks provided by the
Safety Gym [16] (Figure @) are used. For the sim-to-
real experiments, a navigation task without bumping into
any obstacles using a Jackal robot from Clearpath [17] is
used. The proposed SGPO is compared with various RL
methods, including another shielding-based safe RL method.
The simulation and the sim-to-real experimental results show
that the proposed method satisfies constraints with the least
interactions, and has the highest scores for all tasks.

II. RELATED WORK

There are a number of RL methods for safe exploration,
and they can be divided into two categories according to
how constraints are handled. First, there are methods to
limit actions through safety monitoring, which we refer to as
shielding [12], and secondly, there are methods that reflect
constraints when update policies.

1) Shielding Based Safe RL: Methods of using safety
critics for safety monitoring are proposed in [13], [14]. A
method proposed by in [14], called recovery-RL (RRL), uses
a discounted sum of probabilities of constraint violation as
safety critics and trains not only a policy that maximizes the
reward sum, but also a recovery policy that learns the safety
critics to get a safe action. However, to train the safety critics
with low bias, several samples of long time horizons are
needed, so the accuracy of the safety monitoring is imperfect
in the early phase of training. Ohnishi et al. [18] and Cheng
et al. [19] proposed methods that learn transition models
and determine whether a state predicted by the model is safe

using a control barrier function. The method proposed in
[18] is proved that the agent can stay or return to a safe
state using the Lyapunov stability, but it is difficult to find
a function that satisfies the condition to be a control barrier
function. A method proposed by Dalal et al. [15] defines a
structure called a safety layer that predicts costs after one
step. In the safety layer, the costs are linearly approximated
to the action, and unsafe actions are corrected subject to the
linearized constraints. Due to this process, the safety layer
has the advantage of performing both safety monitoring and
reflection. However, since the safety layer predicts costs after
only one step, it is difficult to apply when several steps are
needed to be safe.

2) Update Based Safe RL: Chow et al. [10] have con-
verted a constrained RL problem to an unconstrained prob-
lem with Lagrange multipliers and proposed a primal-dual
method that updates policies and the multipliers concurrently.
Achiam et al. [11] have proposed a trust region method,
called CPO. Surrogate constraints are obtained within the
trust region, and a policy is updated by solving a Lagrangian
dual problem of the original problem with the surrogate con-
straints. A method proposed by Zhu et al. [20] trains an actor
policy to maximize cumulative reward and another advisor
policy to minimize cumulative cost. The agent explores with
a policy obtained by the affine combination of two policies,
and the affine weight is gradually shifted to the actor from
the advisor. Although there are various safe policy update
methods, the proposed method uses the CPO framework
for policy updates because of the monotonous performance
improvement and fewer parameters to be tuned.

There are other safe RL methods. In [21], Lyapunov
functions are explicitly formulated using auxiliary costs, and
policies are updated in the Lyapunov-induced policy set
[21]. In the method proposed by Saunders et al. [22], a
person corrects actions when agents try to perform unsafe
actions, and an imitator is trained to imitate behaviors of the
person through supervised learning manners. After trained,
the imitator substitutes the role of the person for agents to
explore safely without human interactions.

I1II. BACKGROUND
A. Constrained Markov Decision Process

A constrained Markov decision process (CMDP) is a
variant of an MDP, which adds a set of cost functions.
A CMDP is expressed as a tuple (S, A,p,P,r,~,C,D),
with a state space S C R™, an action space A C R™,
an initial state distribution p : S — R>, a transition
model P : § x A xS — R>p, a reward function r :
S x A — R, a discount factor v € [0,1), a cost function
¢ : S — R, and a cost limit value d € R. A policy
m(a|s) represents an action distribution on a given state s
and the discounted state distribution is denoted by d.(s) =
(1 =) > 207 Prob(s; = s|p,m, P). The value, action-
value, and advantage functions are defined as follows:

V7(s):

E 1> 5" (s, a0)ls0 = s,
=0
x ot M
Q(s,a) == E[>y'r(se,ar)lso = s,a0 = al,
7 t=0

A" (s,a) := Q" (s,a) — V7 (s).



Fig. 2: The toy environment and an optimal path. An agent is
spawned in a gray area, a target location is shown in green,
and hazard zones are shown in blue.

(a) Without shielding

(b) With shielding

Fig. 3: Visualization of the true cost values. The true cost
values are calculated by averaging the discounted cost sum
obtained by performing 100 episodes starting at each grid.
From the left to the right, evaluation and improvement are
performed once. When the value is greater than or equal to
0.1, the grid is displayed in red, and when the value is closer
to 0, the grid is displayed in blue.

The cost value V7 (s), cost action-value Q7 (s,a), and cost

advantage functions A7 (s, a) are defined by putting the cost

function c¢(s) instead of the reward function r(s,a) in

From the CMDP setting, a safety constraint can be defined

as EP[ZEO vte(s)] < d. Then, a safe RL problem can
p,T

be fbrhlulated as follows:

max IE73 [thr(st7at):| s.t. IEP [thc(st):| <d, (2
t=0 oo t=0

T p,m,

where the expectation of the discounted cost sum is denoted
by Jo(m) = E_ [0 velse)]

B. Shielding Method

Shielding methods are used for safe exploration as demon-
strated by Alshiekh et al. [12]. Shielding methods are divided
into a preemptive shielding and a post-posed shielding in
[12]. The preemptive shielding computes a set of safe actions
for a given state and provides the set to the agent to select
an action, and the post-posed shielding converts an action
received from the agent into a safe action if the received
action is not safe. We use the post-posed shielding method
to construct the safeguard module as in Figure [I}

To show how the shielding methods perform safe explo-
ration well, we build a toy example shown in Figure [2]
Each state has one of 13 discrete velocities for each grid,
and the agent moves with 5 acceleration actions under a
speed limit. When the agent passes through the hazard zones,
the agent gets a cost +1, and when the target location is
reached, the agent gets a reward +1. Policy improvement
and policy evaluation are alternated to get an optimal safe
policy. Specifically, the shielding method limits the policy
improvement to select an action from a set of actions whose
expected costs of two future steps are less than 0.5. The
results with and without the shielding method are shown in
Figure (3] Even though the shielding method is not used,

the cost values decrease as the update is performed, but the
cost values of the shielding method are kept low throughout
training. As a result, the toy example shows that the shielding
method helps an agent keep the safety constraint uniformly
bounded in all time steps.

IV. PROPOSED METHOD

The proposed method solves the safe RL problem (2)) by
dividing the safety constraints into step-wise constraints and
trajectory-wise constraints. To this end, we introduce a new
step cost function cgtep : S+ R and reformulate the original
cost function c¢(s) as follows:

¢(s) = sigmoid(K - cstep(s)), 3)

where K is a constant, and the cost function ¢(s) becomes
an indicator function if K is infinity. As sparse cost functions
such as indicator functions make training the cost value
functions difficult, we use a finite value for K. Then, the
safe RL problem can be modified with step-wise constraints
as follows:

.. ]E t
max;mwepﬁy ;’y r(st, at):|
> 4)
t. E t <d
5, |3 <a

Prob (cstep(st) > O|so ~ p, W,P) <, Vi,

where € is a threshold of the likelihood of the constraint
violation. To handle the step-wise constraints, we separate
the problem (@) into two sub-problems. The first sub-problem
is to construct a shielding method, called safeguard, which
corrects actions sampled from a policy to satisfy the step-
wise constraints. In the safeguard module, actions are pro-
jected onto an action set that is the intersection of the step-
wise constraints which are predicted by neural networks,
called look-ahead cost networks. As the safeguard transforms
actions and passes them to environments, it causes an effect
of modifying the transition model from P to Psate and the
reward function from r to rs,5, Which will be explained in
detail in Section The second sub-problem is to update
policies to optimize the problem (@) of the CMDP with the
modified transition model Ps.s. and reward function 7gafe.
Since the step-wise constraints are satisfied by the safeguard,
the safe RL problem with step-wise constraints (@) can be
solved using the following optimization problem:

Zwtrsafe(shat)} st. [thc(st)] <d. (5
t=0 P, t=0

safe
The proposed method utilizes the safeguard to satisfy
step-wise constraints and updates policies by solving the
constrained optimization problem (3. The remainder of this
section describes how to construct the safeguard module, the
policy update rule, and the look-ahead cost networks.

max E
T P T,
Psafe

A. Constructing Safeguard

The safeguard is introduced to handle the step-wise con-
straints @) during exploration. To this end, the safeguard
predicts sequential future costs for a given state-action pair
and determines whether the step-wise constraints are satis-
fied. If an action violates any of step-wise the constraints,



Algorithm 1 Safeguard

Input: state s, action a
Output: action a*
1: function SG(s, a)
Initialize M’ = M.
forj:|M|,|M|—_1,...,_1do _ .
Afeasible = {a|gk (s;05) @+ b (s;0})
+CSteP(S) S dstep, VZ c M/}
5 if Afeasible 7 () then
6: Get ¢* = argmin ||a — a||2 using a QP solver.
A€ Afeasible

sor

7: break

8: end if

9: Remove the jth component of M’.
10: end for

11: return a*

12: end function

it is safely corrected by projecting onto the intersection of
the constraints. In this correcting process, the constraints are
linearized to the action, and a safe action is calculated using
a QP solver.

We first simplify the step-wise constraints (). With the
assumption that the step costs follow Gaussian distribution
with fixed standard deviation o, the step-wise constraints can
be rewritten as follows:

E [estep(s)]s0 ~ p, 7, P] < dstep, Vi, ©)

where dgep = faoCDFfl(l —e¢) and CDF ! is the inverse
cumulative density function of the standard normal distribu-
tion. To predict sequential future step costs, a ¢ step look-
ahead cost function is defined and linearly-approximated to
actions as follows:
AC}T(&G) = E [Cstep(si) - Cstep(SO)ISO =S,a0 = a]
P o @)
R gn(5:05)" a + bre(s:03),

where g% : S — R™ and b%. : S — R are i step look-ahead
cost networks, and 92 and 0}; are parameters of the networks.
The look-ahead cost function AC? outputs the difference
between the cost of the current state and the future state
following the policy 7 during ¢ time steps. Given the current
state s and sampled action a ~ 7(-|s), the action correcting
process in the safeguard module can be formulated as follows
with the look-ahead cost functions:
a* = argmin||a — a||?
o o ®)
s.t. Agh(s;0.) a4 b5 (s;05) + cstep(s) < dstep, Vi € M,

where the corrected action a* can be obtained by a QP solver
[23]. Since treating all constraints for every time step is
intractable, we only deal with constraints for time steps in a
finite set M (= {1,6,11, 16,21} in experiments). However,
it is possible that there is no feasible solution when the cost
predicting networks are undertrained. Hence, we prioritize
the constraints in the order of the nearest time step. When
the feasible set is empty, we find the corrected action a* by
removing the constraint of the largest time step sequentially
until there is a feasible solution. Using this process, the
solution from the safeguard can satisfy the maximal set of
constraints from the nearest time step. The overall process
of the safeguard is shown in Algorithm

B. Policy Update

With the safeguard module, we can consider modified
transition Pgage and reward function rgage for solving the
original CMDP problem, where

Peate(s']5,a) = P(s|s,a"),
Tsafe(57a) = T(S7G’*)7

and a* = SG(s, a), which is defined in Algorithm|[1] The dis-
counted state distribution of the modified CMDP is defined
as d5e(s) = (1 —v) 312, ' Prob(s; = s|p, T, Psate)-

Policies explore environments in the modified CMDP and
are updated to optimize (5). Since (B) is exactly the same
problem of CPO, policies can be updated using the CPO
algorithm. However, if a ~ (-|s) and the corrected action
a* from Algorithm |I{ are excessively different, the accuracy
of the look-ahead cost functions may decrease and cause
constraint violations. Therefore, the following loss is added
to the objective function of CPO to increase the likelihood
that the action sampled by the policy is identical to the action
calculated from the safeguard.

©)

Lgwiae(m) := E_ [Dxr(SG(s, me(:[s))lIm(-]s))]
s~vdZe e
= E_[~logn(a’|s)la” = 8G(s,a)], (10
s~dznte
an~T

where SG(s, 7 (+|s)) is the result of transforming the action
distribution of 7 (+|s) by the safeguard. Since the loss acts
as a guide to the policy, it is called a guide loss. Then, the
policy update problem can be written as follows:

{ (als)

i (als)

Tp+1 = argmax [E
T s~d§rafe

an~T

1 m(als) . }
—— E ATk (s,a)| <d, (1D
T it S <

an~Ty

E [Dxw(mk(]s)[[x(]s))] <6,

sate
SNd"'k

AT (s, a)]  Lgsiae()

s.t. Jo(me) +

where 7 is a coefficient, and € is a size of the trust region.

C. Look-Ahead Cost Network Update

In the proposed method, the look-ahead cost functions
AC: (s,a) are linearly approximated to actions using the
look-ahead cost networks g% and b%, which can be updated
in a supervised learning manner. Using (7), the approximated
i step look-ahead cost is written as g7 (s;0%)" a+bi (s; 0}) +
Cstep(s). Then, after trajectories 7 = (s, ao, 1, a1,...) are
collected, g. and b’ are updated by minimizing the following
loss.

L(04,05) := > E

™
iGMp’ s

P [|9;(St§ ez)TU«t + b (s1563)
(12)
+ Cstep(st) - Cstep(5t+i)‘] .

The overall SGPO algorithm is described in Algorithm

V. EXPERIMENTS

The proposed method, SGPO, is compared with other
safe RL methods, including shielding-based safe RL meth-
ods. Additionally, to investigate how many look-ahead cost
networks are needed for the safeguard, we experiment with



Algorithm 2 Safety Guided Policy Optimization

Input: Initial policy networks m(a|s;¢), initial look-ahead cost
networks g (s;8;) and b (s; 0;) for i € M.

1: for epochs=1, P do

2 Initialize trajectory memory D.

3 for episodes=1, E do

4: Get an initial state so from the environment.

5 for t=0, T do

6 Sample an action a; ~ 7(:|s¢;¢) and get the

corrected action a; from Algorithm

7: Feed the action a; to the environment.

8: Get reward 7+, cost ¢¢, and next state s¢y1, and store
(St, at, a;"7 Tt, Ct, $t+1) in D.

9: end for

10: end for

11:  Update 7(al|s; ¢) with D by minimizing using the CPO
method. ‘ , ) ]

12: Update g, (s;0;) and b5 (s;6;) for i € M with D as
described in (I2).

13: end for

x
. r“')' % s

"9 an [
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(b) Jackal Sim (c) Jackal Robot

(a) Safety Gym

Fig. 4: (a) shows the Safety Gym, and (b) and (c) show the
experimental environment for the Jackal robot.

different sets of M in Section[V-D] In the rest of this section,
the simulation and the sim-to-real experimental setup are
described, and the experimental results are analyzed.

A. Simulation Setup

For simulation, Point Goal, Car Goal, and Doggo Goal
tasks from the Safety Gym [16] are used. These tasks are to
make robots reach the goal as quickly as possible without
passing through hazard regions as shown in Figure

The state space for each task is a 24-dimensional space
which consists of an accelerometer, a velocimeter, and a
gyrometer, and LiDAR data. The dimension of action space
for each task is two. Since Doggo Goal is a complex task to
learn, the environment is hierarchically reconstructed. First,
a low-level policy of navigating to a goal without obstacles
is trained using TRPO [24], and policies of safe RL methods
explore the environment by giving two-dimensional actions
to the low-level policy as a goal position. The number of the
hazard is eight, and if the agent gets into hazard regions, the
number of constraint violations (CV) increases by one.

The reward function used in the experiment is followings:

1, ifdy <6

r(s,a) = Adg + {0, otherwise ’ (13)

where d, is distance from the agent to the goal, Ad, is the
reduction of the distance to the goal from last time step,
and ¢ is the goal size (0.3 m in experiments). The step cost
function is defined as cgep(s) = 7, — dp, wWhere 7, is a
radius of the hazard area (0.2 in experiments), and dj, is
the minimum distance to obstacles from LiDAR. The cost
function ¢, which is used for the trajectory-wise constraint,
is computed using (3) with a constant /K (10 in experiments).

B. Sim-to-Real Experiment Setup

For the sim-to-real experiment, the Jackal robot from
Clearpath [17] shown in Figure is used. The task is to
navigate to goals without bumping into obstacles or vertical
walls shown in Figure #b] The state space is 31 dimensions
with LiDAR data, a relative goal pose, and speed values.
The action consists of two-dimensional values that control
steering and linear acceleration, and the robot can only
move forward as the LiDAR does not cover the back. The
reward and the cost function are the same as the simulation
setup. However, unlike the Safety Gym tasks, episodes can
be terminated early if the measured distance between the
partition and the robot is smaller than 30 cm for safety.

For all tasks, five step-wise constraints are used (M =
{1,6,11,16,21}). The limit of the step-wise constraints
dstep 18 —0.1 for the simulation experiments and —0.2 for
the sim-to-real experiments. The limit of the trajectory-wise
constraint d is 0.025 and 7 for the guide loss is 0.1.

C. Results and Analysis

PPO [25], an RL algorithm, CPO [11], a safe RL algo-
rithm, and RRL [14], another shielding-based algorithm, are
used as baseline methods for performance comparison. The
following score metric is used to measure the performance.

T T
score = Zrt/(l + Z CVt> . (14)
t=0 t=0

The metric (I4) means that the score is penalized by di-
luting the reward sum as the number of constraint violation
increases. The results of the simulation and the Jackal experi-
ment are shown in Figure[3] In the case of the Jackal task, for
every 400,000 steps, 10 episodes are performed in the real
environment for evaluation. The proposed method, SGPO,
is indicated by blue lines, and CPO, RRL, and PPO are
indicated by orange, green, and red, respectively. The upper
graphs in Figure[5|show the scores over the training steps, the
lower graphs show the average costs of the trajectory-wise
constraint per episode, and the limit value for the constraint
is indicated by a black solid line.

From the results shown in Figure 5] SGPO shows the high-
est scores in all tasks. Also, SGPO satisfies the constraints
in O steps, 30,000 steps, 120,000 steps, and 500,000 steps
in the point, car, doggo, and jackal, respectively, which is
the fewest number of interactions in all the tasks. In the
real environment, the constraints are satisfied after the first
400,000 steps, and the score is also the highest, showing
that SGPO is suitable for real-world application. From the
fact that scores of PPO are low and the average costs are not
reduced, it can be inferred that safe RL methods are required
to learn the given tasks. RRL satisfies the constraints after
730,000 steps in the point and car tasks, 750,000 steps in
the Jackal, and do not satisfy the constraint in the doggo
task. This result shows that training the safety-critic is not
sample-efficient. CPO shows the second-best performance
after SGPO in all tasks, but it does not satisfy any constraints.
From this, it can be seen that it is difficult to perform safe
exploration during training without a shielding method. In
the Jackal experiment, CPO shows similar performance to
SGPO, but the constraint violation is not low enough, so it
is difficult to apply to real robots.



Score Score Score

Score Score Score

— sGP0 — RRL — PO — sGP0 — RRL — PPO — — —
cpo cpo — s6p0 0 — RRL — sop0 w0 — AL i PO e AL 3 — — s
100
s 6 8 8
10
75 | R 6
5
° 5.0
2 N s
4 4
25 )
2 0.0 o o 2
0
-2
00 05 10 15 20 00 05 10 15 20 00 05 10 s 20 00 o5 1o 15 20 05 1o 15 20 00 05 10 15 20
Steps 1e6 Steps 1e6 Steps 1e6 Steps 16 Steps 16 Steps 16
v v v ov [ v
015 05
05
o010 0.06 04 004
0.08 o4
010 03 003
0.06 0.04 03
02 002
004 005 02 —
002
0.02 k___k—h 01 o1 0.01
000 000 00 00 000

0.00
00 o5 10 15 20 00 o5 10 15 20 00 o5 10 15 20
steps. 1e6 steps 1e6 steps. 1e6

(a) Point Goal (b) Car Goal (c) Doggo Goal

(d) Jackal Sim

o5 10 15 20 o5 10 15 20 00 o5 10 15 20
steps 1e6 steps 1e6 steps. 1e6

(e) Real-World (f) Ablation Study
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D. Ablation Study

To investigate the effect of the safeguard, we conduct
ablation experiments in the point goal task with different
numbers of the look-ahead cost networks. The number can
be adjusted by the set M in (8), and {1}, {1,6,11},
{1,6,...,21},{1,6,...,31}, and {1, 6, ..., 41} are used for M
in the experiments. Additionally, SGPO with no guide loss
and M = {1} is evaluated. This version of SGPO is exactly
same with the method proposed by Dalal et al. [15], denoted
by safety layer (SL). The ablation results are presented in
Figure [5f} As observed from the CV curves, the larger the
number of the look-ahead, the lower the number of CVs.
In addition, the scores according to the number of the look-
ahead do not differ significantly, so it can be concluded that
the number of the look-ahead does not cause performance
degradation and can lower the number of CVs. Seeing the CV
curve of the safety layer, the safety constraint is violated at
the end of the training, which means the guide loss is critical
to the prediction accuracy of the look-ahead cost networks.

VI. CONCLUSIONS

This paper proposes a novel safe RL method using the
safeguard module which corrects an action safely in the
exploration stage and makes the policy imitate the corrected
action in the update stage. In simulation and experiments
with a real robot, it is demonstrated that the proposed SGPO
can satisfy the safety constraints with minimal interaction
compared with other methods and achieves accomplished
returns.
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