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Abstract

Safety is a critical component of autonomous systems and remains a challenge for
learning-based policies to be utilized in the real world. In this paper, we propose
Sim-to-Lab-to-Real to bridge the reality gap with a probabilistically guaranteed
safety-aware policy distribution. To improve safety, we apply a dual policy setup
where a performance policy is trained using the cumulative task reward and a
backup (safety) policy is trained by solving the safety Bellman Equation based
on Hamilton-Jacobi reachability analysis. In Sim-to-Lab transfer, we apply a
supervisory control scheme to shield unsafe actions during exploration; in Lab-
to-Real transfer, we leverage the Probably Approximately Correct (PAC)-Bayes
framework to provide lower bounds on the expected performance and safety of
policies in unseen environments. We empirically study the proposed framework
for ego-vision navigation in two types of indoor environments including a photo-
realistic one. We also demonstrate strong generalization performance through
hardware experiments in real indoor spaces with a quadrupedal robot.3

1 Introduction

Due to tight hardware constraints and high sample complexities, reinforcement learning with robots
is usually performed solely in simulated environments. However, robots’ performance often degrades
sharply in the real world. Domain randomization has helped bridge this Sim-to-Real gap by simulating
a wide range of scenarios [1, 2], but does not explicitly address safety of the robots. Although training
in simulation allows safety violations, without training to avoid unsafe behavior, robots tend to
exhibit similarly unsafe behavior in real environments. Another drawback of these techniques is that
they do not provide any generalization guarantee on robots’ performance or safety to different real
environments, which is necessary for deploying autonomous systems in safety-critical scenarios (e.g.,
households with children).

In this work, we explore a middle-level training stage between Sim and Real, which we call Lab,
that aims to further bridge the Sim-to-Real gap. The proposed Sim-to-Lab-to-Real framework is
motivated by the conventional engineering practice that before deploying autonomous systems in
the real world after training, human designers usually test systems in a more realistic but controlled
environment, such as a test track for autonomous cars. Our intuition is that (1) after training in diverse
conditions in simulation, the robot fine-tunes in more specific environments before deployment
in similar environments in the real world; (2) this second stage also provides guarantees on the
performance and safety of the system in Real deployment. Fig. 1 shows the pipeline.
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3See https://sites.google.com/princeton.edu/sim-to-lab-to-real for representative trials.
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Figure 1: Overview of the Sim-to-Lab-to-Real framework. Sim stage trains a latent-conditioned,
safety-aware dual policy in a wide variety of conditions. Then the Lab stage safely fine-tunes the
latent distribution in different and more specific settings, which are also closer to Real environments.

In the Lab training, the autonomous system needs to explore safely to further improve the performance.
Our approach builds upon a dual policy setup where a performance policy optimizes task reward and
a backup (safety) policy keeps robots away from unsafe regions. We then apply a least-restrictive
control law (or shielding) [3]: the backup policy only intervenes when the safety state-action value
function deems the proposed action from performance policy violates safety constraints in the future.
The backup policy is pre-trained in the Sim stage and ready to ensure safe exploration once Lab
training starts. Based on safe RL training using Hamilton-Jacobi (HJ) reachability-analysis developed
in [4, 5], our backup agent can learn from near failure with dense signals; even when the backup
policy updates itself in safety-critical conditions, the training does not rely on safety violations unlike
previous work that uses binary safety indicators [6, 7].

We also apply the Probably Approximately Correct (PAC)-Bayes Control framework [8] to provide
bounds on the expected performance and safety in unseen environments. The framework fits our setup
as its two training stages, prior and posterior, correspond to Sim and Lab. We train a distribution
of policies by conditioning the performance policy on latent variables sampled from a distribution.
After training a prior distribution in Sim stage, we fine-tune it in Lab and obtain a posterior policy
distribution and its associated generalization guarantee. Unlike other techniques from robust control
[9] and reachability analysis [10], PAC-Bayes Control does not assume knowledge of the uncertainty
affecting the system (e.g., bound on actuation noise) or the environment (e.g., minimum distance
between obstacles), and allow training policies with rich sensing like vision.

2 Related Work

Safe Exploration Recent methods [6, 7, 11, 12] address safe exploration in training with similar
shielding schemes as in this work. However, the major differences lie in how the safety state-action
value function, safety critic, is trained and how the backup action is generated. Previous work learn
the safety critic from only sparse (binary) safety labels. Srinivasan et al. [6] use this critic to filter
out unsafe actions until the performance policy resamples a safe one, while Thananjeyan et al. [7]
train the same critic but use action from the backup policy instead of resampling the performance
policy. One concurrent work [12] uses the same reachability-based RL to learn the backup agent. Our
method is distinct in that we propose the two-stage training to allow safer exploration and train the
reachability-based RL end-to-end from images without pre-training the visual encoder.

Generalization Theory and Guarantees In supervised learning, generalization theory provides
guarantees on the expected loss on new samples drawn from the unknown data distribution, after
training a model using a finite number of samples. Recent work based on PAC-Bayes generalization
theory [13] have provided non-vacuous bounds for neural networks in supervised learning [14]. [8]
apply the PAC-Bayes framework in policy learning settings and provide generalization guarantees for
control policies in unseen environments. Follow-up work has provided strong guarantees in different
robotics settings including for learning neural network policies for vision-based control [15, 16, 17].
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However, previous work has not adopted safety-related policy architectures nor considered safety
during training.

Safe Visual Navigation in Unseen Environments Typical approaches in robot navigation focus
on explicit mapping of the environment combined with long-horizon planning [18, 19]. Recently
there has been a line of work in applying Hamilton-Jacobi reachability analysis in visual navigation
to improve the safety of the agent. [20] solve for the reachability set at each step but relies on a
map generated using onboard camera. [21] propose supervising the visual policy using expert data
generated by solving the reachability set. Our work also leverages reachability analysis but does not
build a map of the environment nor relies on offline data generated by a different (expert) agent.

3 Problem Formulation and Preliminaries

We consider a robot with discrete-time dynamics given by st+1 = fE(st; at) with state s 2 S � Rns ,
control input a 2 A � Rna , and environment E 2 E that the robot interacts with (e.g., an indoor
space with furniture including initial and goal locations of the robot). Below we introduce the
different conditions of the environments considered in the three stages.

Environment - Sim. In the Sim stage, we assume there is a set of training environmentsM′ � E
(e.g., synthetic indoor spaces with randomized arrangement of furniture),M′ := fE1; E2; � � � ; EN ′g.
There is no assumption on howM′ is distributed in E .

Environment - Lab. In the Lab stage, we are concerned with more specific conditions, and there
can be different distributions of environments D1; D2; ::: (e.g., office or home spaces, dimensions
of the obstacles), with which the policies trained in Sim can be fine-tuned. We assume no explicit
knowledge of each distribution Di; instead, we assume there is a set of Ni training environments
drawn i.i.d. from Di available for the robot to train in; we denote these training datasets byMi :=
fE1; E2; � � � ; ENig � DNi

i . With a slight abuse of notations and for convenience, we consider a
single distribution when introducing the rest of formulation and the approach, and we denote the
concerned distribution D, the training setM, and the number of training environments N .

Environment - Real. In the Real stage, we assume the robot is deployed in environments from the
same distribution D but unseen during the Lab stage.

Next we introduce the rest of problem settings including the robot sensor, the policy, and robot’s task
involving the reward function and the failure set. These settings hold the same for all three stages,
except for the failure set which we do not require knowledge of at Real deployment.

Sensor. In all environments, we assume the robot has a sensor (e.g., RGB camera) that provides an
observation o = hE(s) using a sensor mapping h : S � E ! O.

Task and Policy. Suppose the robot’s task can be defined by a reward function, and let RE(�) denote
the cumulative reward gained over a (finite) time horizon by a deterministic policy � : O ! A when
deployed in an environment E. We assume the policy � belongs to a space � of policies. We also
allow policies that map histories of observations to actions by augmenting the observation space to
keep track of observation sequences. We assume RE(�) 2 [0; 1], but make no further assumptions
such as continuity or smoothness. We use �s;�E : [0; T ]� E ! S to denote the trajectory rollout from
state s using policy � in the environment E up to a time horizon T .

Failure set. We further assume there are environment-dependent failure sets FE � S , that the robot
is not allowed to enter. In training stages, we assume the robot has access to Lipschitz functions
g : S �E ! R such that FE is equal to the zero superlevel set of gE , namely, s 2 FE , gE(s) � 0.
For example, gE(s) can be the signed distance function to the nearest obstacle around state s. Thus,
gE(s) is called the safety margin function throughout the paper.

3.1 Goal

Our goal is to learn policies that provably generalize to unseen environments at the Real stage. This
is very challenging since we do not have explicit knowledge of the underlying distribution D. We
employ a slightly more general formulation where a distribution P over policies � 2 � instead of a
single policy is used. In addition to maximizing the policy reward, we want to minimize the number
of safety violations, i.e., the number of times that the robot enters failure sets. Our goal can then
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be formalized by the following optimization problem, which we would like to lower bound as the
guarantee:

R? := sup
P∈P

RD(P ); where RD(P ) := E
E∼D

�
E

�∼P

h
RE(�)

i�
; (1)

RE(�) := RE(�)1
n
8t 2 [0; T ]; �s;�E (t) =2 FE

o
; (2)

where RE(�) 2 [0; 1] denotes the task reward that does not penalize safety violation, P denotes the
space of probability distributions on the policy space �, and 1f�g is the indicator function. Here the
task reward can be either dense (e.g., normalized cumulative reward) or sparse (e.g., reaching the
target or not).

3.2 Generalization Bounds

Recently, PAC-Bayes generalization bounds have been applied to policy learning settings in order
to provide formal generalization guarantees in unseen environments. We briefly introduce this
framework here, as it will be used in our overall approach presented in Section 4. First it requires
training a prior policy distribution P0, which we do in the Sim stage with the set of environments M ′.
Then in the Lab stage, we fine-tune P0 with environments M to obtain the posterior distribution P .
Now, define the empirical reward of P as the average expected reward across training environments
inM:

RM(P ) :=
1

N

X
E∈M

E
�∼P

h
RE(�)

i
: (3)

The following theorem can then be used to lower bound the true expected reward RD(P ).
Theorem 1 (PAC-Bayes Bound for Control Policies; adapted from [8]). Let P0 2 P be a prior
distribution. Then, for any P 2 P , and any � 2 (0; 1), with probability at least 1� � over sampled
environmentsM� DN , the following inequality holds:

RD(P ) � RPAC(P; P0) := RM(P )�
p
C(P; P0); where C(P; P0) :=

KL(PkP0) + log( 2
√
N
� )

2N
;

and KL(P jjQ) stands for Kullback-Leibler divergence between probability distribution P and Q.

Maximizing the lower bound RPAC can be viewed as maximizing the empirical reward RM(P ) along
with minimizing a regularizer C that prevents overfitting by penalizing the deviation of the posterior
P from the prior P0. By fine-tuning P0 to P and maximizing the bound in the Lab stage, we can
provide a generalization guarantee for trained policies in unseen environments in the Real stage.

4 Method

Figure 2: Architecture of the safety-
aware policy distribution.

Our proposed Sim-to-Lab-to-Real framework bridges the
reality gap with probabilistic guarantees by learning a
safety-aware policy distribution. Fig. 2 shows the archi-
tecture of the safety-aware policy distribution. It explicitly
handles safety by leveraging a shielding classifier, which
monitors the candidate actions from the performance pol-
icy and replaces them with backup actions when necessary.
We also condition the performance policy on a latent vari-
able to encode diverse strategies. We show how to jointly
train a dual policy conditioning on a latent distribution
in Sec. 4.1 (Sim-to-Lab). The details of Lab training and
derivations of generalization guarantees are provided in
Sec. 4.2 (Lab-to-Real).

For training, we use a proxy reward function rE : S �A� E ! R (e.g., dense reward in distance
to target) as a single-step surrogate for the task reward RE(�). At each step the robot also receives
a safety cost gE(s) (e.g., distance to nearest obstacle). We train the dual policy with modifications
of the Soft Actor-Critic (SAC) algorithm [22]. We denote the neural network (NN) weights of the
actor and critic � and w. We use superscripts (�)p and (�)b to denote critics, actors, and actions from
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the performance or backup agent. The performance policy is conditioned on latent variable z 2 Rnz
sampled from a multivariate Gaussian distribution with diagonal covariance as z � N (�;�), where
� 2 Rnz is the mean and � 2 Rnz×nz is the diagonal covariance matrix. We further denote � 2 Rnz
the element-wise square-root of the diagonal of �, and define  = (�; �), N := N (�; diag(�2)).

4.1 Pre-Training Diverse Dual Policy in Simulator

In this Sim stage, we use the datasetM′ that contains environments that are not necessarily similar
to those from the target environment distribution D. They contain randomized properties such as
random arrangement of furniture in indoor space and random camera tilting angle on the robot.

Safety through Reachability-Based Reinforcement Learning Failures are usually catastrophic in
safety-critical settings; thus worst-case safety, instead of an average safety over the trajectory, should
be considered. For training the backup policy, we incorporate reachability-based reinforcement
learning [4] and optimize the discounted safety Bellman equation (DSBE):

Qb(ot; at) := (1� 
)gE(st) + 
max
n
gE(st); min

at+1∈A
Qb�ot+1; at+1

�o
; (4)

where ot = hE(st) and 
 is the discount factor. This discount factor represents how much the RL
agent cares about future outcomes: if 
 is small, the RL agent is myopic and only cares about the
current “danger”, and as 
 ! 1, it recovers the infinite-horizon safety state-action value function. In
training, we initialize 
 = 0:8 and gradually anneal 
 ! 1 as the backup policy improves.

Figure 3: Safe and diverse trajectories generated
by the safety-aware policy distribution. The inset
shows safety values Q(o; �b(o)) with the observa-
tion o taken when the heading angle fixed to the
one at time instant tsh.

The safety critic in (4) captures the maximum
cost gE along the trajectory starting from st
with action at even if the best control input
is applied at every instant afterward. Thus,
minat∈AQ(ot; at) > 0 indicates the robot is
predicted to hit an obstacle in the future. DSBE
allows the backup agent to learn the safety critic
from near failure, which significantly reduces
failure events during training. DSBE also up-
dates the backup agent with dense signals, which
is more suitable for the joint training of perfor-
mance and backup agents.

Shielding We leverage shielding to reduce the number of safety violations in both training and
deployment. Besides the backup policy �b, we also train a performance policy �p to maximize task
reward. Before a candidate action from the performance policy is applied, a shielding classifier �sh

checks if it is safe. We replace it with the action from the backup policy if and only if that candidate
action is predicted to cause safety violation in the future. The shielding criterion is summarized in
(5). This ensures minimum intervention by the backup policy while the performance policy guides
the robot towards the target [3, 23].

�sh(o) =

�
�p(o); �sh(o; �p; �b) = 1
�b(o); otherwise : (5)

The safety value function learned by DSBE represents the maximum cost along the trajectory in the
future if the learned policy is followed. Based on this, we propose Value-based Shielding with a
physically meaningful shielding threshold, i.e., it represents the margin to failure. Once the robot
receives the current observation o and uses performance policy to generate action ap, the backup
policy overrides the action if and only ifQb(o; ap) > vthr. In other words, the shielding discriminator
is defined as below

�sh(o; �p; Qb) := 1
�
Qb(o; �p(o)) � vthr

	
: (6)

Fig. 3 shows an example of shielding that prevents applying unsafe actions from the performance
policy (with shielding, the red dotted lines are replaced with green dotted lines in the inset). We
compare the safety critic based on DSBE with ones learned with sparse safety indicators [6, 7] in
Sec. 5 and Fig. 6; our approach affords much better safety during training and deployment.
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Algorithm 1 Joint training in simulator

Require: M′, πp, πb,Nψ0 := N (0, σI), ρ = 1, ϵ =
0, γ = γinit

1: Sample E ∼M ′ and z ∼ Nψ0 , reset environment
2: for t← 1 to num_prior_step do
3: With probability ρ, sample action at ∼

πb(·|ot); else sample at ∼ πp(·|ot, z)
4: With probability ϵ, apply shielding ash

t =
πsh(πb, ot, at)

5: Step environment rt, ot, st+1 ∼ P(·|st, ash
t )

6: Save (ot+1, ot, at, a
sh
t , z, rt) to replay buffer

7: Update πp with reward and πb with DSBE
8: Anneal ρ→ 0, ϵ→ 1, γb → 1
9: if timeout or failure then

10: Sample E ∼M′ and z ∼ Nψ0 , reset envi-
ronment

11: end if
12: end for
13: return πp, πb,Nψ0

Joint Training of Dual Policy. In Sim stage,
we fix the latent distribution to be a zero-mean
Gaussian distribution with diagonal covariance
N 0

, where  0 = (0; �0). For each episode
during training, we sample a latent variable z �
N 0

and condition the performance policy on it
for the whole episode. The training procedure
is illustrated in Algorithm 1.

Since we train both policies with modifications
of the off-policy SAC algorithm, we can use
transitions with actions proposed by either pol-
icy. The transitions are stored in a shared replay
buffer. At every step during training, the robot
needs to select a policy to follow. We introduce
�, the probability that the robot chooses an ac-
tion from the backup policy. We initialize � to
1, which means initially all actions are sampled
from the backup policy. Intuitively, the backup
policy needs to be trained well before shielding
is used in training. We gradually anneal �! 0. We then introduce another parameter �, the probabil-
ity that the shielding is activated at the step. This parameter represents how much the backup policy
is trusted to shield the performance policy. We typically anneal � from 0 to 1. The influence of � and
� are further analyzed in Appendix A.5.

After the joint training, we obtain the dual policies �p and �b, and the latent distribution N 0 that
encodes diverse trajectories in the environments. We now fix the weights of the two policies, and
consider the latent variable z also part of parameterization of the dual policy. This gives rise to the
space of policies � := f�pz ; �b : O 7! A j z 2 Rnzg; hence, the latent distribution N 0 can be
equivalently viewed as a distribution on the space � of policies. In the next section, we will consider
N 0

as a prior distribution P0 and “fine-tune” it by searching for a posterior distribution P = N ,
which comes with the generalization guarantee from PAC-Bayes Control.

4.2 Safely Fine-Tuning Policies in Lab

In Lab stage we consider more safety-critical environments such as test tracks for autonomous cars or
indoor lab space. After pre-training the performance and backup policies with shielding, the robot can
safely explore and fine-tune the prior policy distribution P0 in a new set of environmentsM sampled
from the unknown distribution D. Leveraging the PAC-Bayes Control framework, we can provide
“certificates” of generalization for the resulting posterior policy distribution P . The overall algorithm
is similar to Algorithm 1. To avoid safety violations, we always apply value-based shielding to the
proposed action (� = 1) during Lab training.

The PAC-Bayes generalization bound RPAC associated with P from Eq. (1) consists of (1) RM(P ),
the empirical reward of P as the average expected reward across training environments inM (3),
which can be optimized using SAC; (2) a regularizer C(P; P0) that penalizes the posterior P from
deviating from the prior P0. Note that the only term in C(P; P0) that involves P is the KL divergence
term between P and P0. We modify the SAC formulation to include minimization of the KL
divergence term. We consider stochasticity of the policy from the latent distribution instead of the
policy network; this leads to removing the policy entropy regularization in SAC and adding a weighted
KL divergence term to the actor loss. In practice, we find the gradient of the KL divergence term
heavily dominates the noisy gradient of actor and critic, and thus we approximate the KL divergence
with an expectation on the posterior:

max
P

Eo;z
�
Ea∼��(·|o;z)

�
Qp(o; a)

�
� � log

P (z)

P0(z)

�
: (7)

where � 2 R is a weighting coefficient to be tuned. After Lab training, we calculate the generalization
bound Rbound(P ) using the posterior P . Please refer to Appendix A.1 for more details about the
calculation. Overall, our approach provides generalization guarantees in novel environments from
the distribution D: as policies are randomly sampled from the posterior P and applied in test
environments, the expected success rate over all test environments is guaranteed to be at least
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Rbound(P ) (with probability 1 � � over the sampling of training environments; � = 0:01 for all
experiments).

5 Experiments

We aim to answer the following in experiments: does our proposed Sim-to-Lab-to-Real achieve (1)
lower safety violations during Lab training compared to other safe learning methods, (2) stronger
generalization guarantees on performance and safety compared to previous work in PAC-Bayes
Control, and (3) better empirical performance and safety during deployment compared to baselines?

(a) (b) (c) (d) 

Figure 4: Samples of environments used in experiments: (a) Sim training in Vanilla-Env; (b) Sim
training in Advanced-Env; (c) Advanced-Realistic training; (d) Real deployment with a quadrupedal
robot.

Environments. We evaluate the proposed methods by performing ego-vision navigation task in
two types of environment. Vanilla-Env consists of undecorated rooms of 2m� 2m with cylindrical
and rectangular obstacles of different dimensions and poses, and the robot needs to reach a green
door (Fig. 4a). A camera on the robot provides RGB images of 48� 48 pixels. Advanced-Env uses
the same room dimensions but places realistic furniture models from the 3D-FRONT dataset [24]
(Fig. 4b). The robot needs to reach some target location using distance and relative bearing to the
target. An onboard camera provides RGB images of 90� 160 pixels.

In Sim training, we randomize obstacle and furniture configurations, and also camera poses (tilt and
roll angles) in Advanced-Env to account for possible noise in real experiments. Sim training uses 100
environments in Vanilla-Env and 500 environments in Advanced-Env. After Sim training, we can
fine-tune the policies in different types of Lab environments listed below:

• Vanilla-Normal: shares the same environment parameters as ones in the Sim stage.
• Vanilla-Dynamics: increases the lower bound of forward and angular velocity.
• Vanilla-Task: the robot needs to enter the target region with heading within some range.
• Advanced-Dense: assigns a higher density of furniture in the rooms.
• Advanced-Realistic: uses realistic room layouts (Fig. 4c) and associated furniture configura-

tions from the 3D-FRONT dataset. We perform Lab-to-Real transfer with policies trained in
this Lab (Fig. 4d). More details about the dataset can be found in Appendix A.3.

Policy. We parameterize the performance and backup agents with NNs consisting of convolutional
(CONV) layers and fully connected (FC) layers. The actor and critic of each agent share the same
CONV layers. In Vanilla-Env, a single RGB image is fed to the CONV layers, and in Advanced-Env,
we stack 4 previous RGB images while skipping 3 frames between two images to encode the past
trajectory of the robot. More details of NN and training can be found in Appendix A.2.

Baselines. We consider two variants of Sim-to-Lab-to-Real: PAC Shield that trains a safety-aware
policy distribution and Shield that trains a single safety-aware policy without conditioning on latent
variables. We consider four types of baselines: (1) unconstrained RL that neglects safety violations
(Base), (2) reward shaping that adds penalty to reward when violating constraints (RP), (3) PAC-
Bayes control that trains a diverse policy distribution (PAC Base and PAC RP [8]), and (4) a
separate safety agent (SQRL [6] and Recovery RL [7]). The major distinction between Sim-to-Lab-
to-Real and PAC-Bayes control is that the latter does not handle the safety explicitly but only relies on
diverse policies and fine-tuning to prevent unsafe maneuver. Sim-to-Lab-to-Real differs from SQRL
and Recovery RL in that the latter train the safety critic with sparse safety indicators shown below,

Qb(ot; at) := IE(st) + 

�
1� IE(st)

�
min

at+1∈A
Qb�ot+1; at+1

�
;

where IE(st) = 1fgE(st) > 0g is the indicator function of the safety violations.
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