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Abstract— The successful application of robotic control re-
quires intelligent decision-making to handle the long tail of com-
plex scenarios that arise in real-world environments. Recently,
Deep Reinforcement Learning (DRL) has provided a data-
driven framework to automatically learn effective policies in
such complex settings. Since its introduction in 2018, Soft Actor-
Critic (SAC) remains as one of the most popular off-policy DRL
algorithms and has been used extensively to learn performant
robotic control policies. However, in this paper we argue that by
relying on the maximum entropy formalism to define learning
objectives, previous work introduces a significant bias away
from optimal decision making, which often requires near-
deterministic behaviour for high-precision tasks. Moreover, we
show that when training with the original variants of SAC,
overcoming this bias by reducing entropy budgets or entropy
coefficients introduces separate issues that lead to slow or
unstable learning. We address these shortcomings by treating
the entropy coefficient α as a random variable and introduce
Multi-Alpha Soft Actor-Critic (MAS). We show how MAS
overcomes the stochastic bias of SAC in a variety of robotic
control tasks including the CARLA urban-driving simulator,
while maintaining the stability and sample efficiency of the
original algorithms.

I. INTRODUCTION

In recent years, there has a been an explosive research
effort towards the goal of designing Deep Reinforcement
Learning algorithms (DRL) that automatically learn effec-
tive robotic control policies [1]. However, the real world
is complex. Consequently DRL typically requires a large
number of environment interactions to learn competitive
behaviours. From surgical robotics to self-driving vehicles,
environment interactions are costly, leading to a growing
interest in building sample efficient learning algorithms.

Crudely, the space of DRL algorithms can be divided into
on- and off-policy methods [2], with off-policy algorithms
typically requiring considerably less environment interac-
tions to learn performant policies compared to on-policy
methods. Soft Actor-Critic (SAC) [3] has emerged as one
of the most popular off-policy DRL algorithms and has been
used by several authors to achieve state-of-the-art policies in
robotic control benchmark tasks [3], [4].

Standard reinforcement learning algorithms focus on op-
timising policies with respect to long-term expected rewards
E [∑t rt ]. However, taking inspiration from the Maximum
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Entropy formalism (Max-Ent) [5], SAC explicitly incen-
tivises stochastic decision making by augmenting rewards
with policy entropies, E [∑t rt +αH (π(·|st))]. The Max-Ent
formalism has been extensively studied from both theoretical
[6] and applied perspectives [7]–[10], and has been found
to have three particularly attractive features. Specifically,
incentivising long-term stochastic decision-making during
learning:

• results in a sequence of policies that functions as a
convenient exploration mechanism;

• improves training stability over similar algorithms that
do not include long-term entropy components in their
training objectives;

• and yields policies that exhibit robustness to test-time
environment distributional shifts.

Despite these important advantages over the standard
reinforcement learning formalism, in this paper, we high-
light an issue that arises when training policies using SAC
for high-precision control tasks. In particular, explicitly in-
centivising stochastic policies via soft objective functions
biases agents away from optimal behaviour that requires
(near-)deterministic decision making. We refer to this bias
as the Stochastic Bias. Figure 1 illustrates the effect of this
bias for a simple 2D Toy Hop environment where the goal
is to hop as far along the x-axis as possible by taking hops
within a radius of δmax. Intuitively, increasing the entropy
requirement limits how large a hop the agent can risk taking,
resulting in the agent taking safer but shorter hops. Further
details of this Markov Decision Process (MDP) are provided
in Section IV-A.

In addition, policies trained with SAC are typically eval-
uated using a deterministic conversion [3], [11]. This is
usually achieved by acting according to the policy’s mean
action in a given state. However, this conversion introduces
a distribution shift between training and testing and can result
in evaluation policies that act in vain anticipation of future
stochasticity. The Stochastic Bias is especially problematic
for self-driving applications, where, for example, turning
sharp corners and navigating narrow streets at high speeds
can incur significant costs when acting stochastically. Con-
sequently, using SAC to train self-driving agents can induce
excessively cautious and slow driving styles [4]. Moreover,
although naively reducing the entropy requirement in SAC
(either by changing α or by changing the target entropy)
reduces this bias, it comes at the costs of reduced explo-
ration, increased training instability, and reduced robustness
to environment shifts [12], [13].
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“regular” or “low” entropy. For SACV0RegEnt, we tune α

using grid search to optimise for mean evaluation return
after 5 million timesteps of environment interactions with
SACV0 using 5 random seeds per choice of α . The highest
performing α is then taken to define SACV0RegEnt. We
then use double this value of α to define SACV0HighEnt,
and half this value to define SACV0LowEnt. Similarly, for
SACV1RegEnt, we use the heuristic proposed by the original
authors (−dim(A )) and tune the reward scale. We then
define SACV1HighEnt by using the best reward scale found
for SACV1RegEnt and adding 2 to the entropy target given
by the original heuristic. For SACV1LowEnt we subtract 2
from the heuristic.

TABLE I: Description of MAS variants

MAS1 MAS2 MAS3 MAS4
P Unif([0,2]) Unif([0,1]) Proj([0,1]) Proj([0,2])

MAS5 MAS6 MAS7
P Unif([0,0.5]) Gamma(1, 0.17) Gamma(1,0.67)

A. Toy Hop & Panda-Gym

Our first experiments illustrate how SACV0 and SACV1
struggle to learn in a simple toy environment. The Toy Hop
MDP describes an environment where an agent’s goal is to
“hop” as far along the x-axis as possible, achieving positive
rewards the further its distance along the axis and penalties
for deviating along the y-axis. Hops are restricted to within a
radius of δmax from the current agent’s location. Full details
of the MDP are provided below.
• State st = (xt ,yt) ∈ R2 describes the agent’s x and y

coordinates on the 2D plane.
• Action at = (θt ,δt) specifies the agent’s hop angle mea-

sured clockwise from the x-axis in radians θt ∈ [−π,π],
and hop length δt ∈ [0,δmax].

• The agent’s location is updated as per its chosen hop
st+1 = st +(δt sinθt ,δt cosθt).

• The agent is always initialised at the origin s0 = (0,0).
• The agent receives reward rt = x2

t − y2
t .

Clearly, the policy that takes action (0,δmax)∀s ∈ S
is optimal for this MDP. Indeed, as shown in Figure
6, every variant of MAS rapidly finds this policy and
achieves optimal regular values. In comparison, no variant
of SACV0 or SACV1 finds this policy, and only one vari-
ant (SACV1VeryLowEnt1) comes close. Notably, the best
performing variant of SAC learns slower and shows more
signs of instability compared to all MAS variants. Moreover,
all seeds of SACV1VeryLowEnt converge to a policy that
leaves a significant performance gap in terms of regular
values compared to all MAS variants. Figure 1 illustrates
the learned behaviour from MAS for a variety of α’s, clearly
demonstrating the reduction in hop length that comes with
increased stochasticity. An additional phenomenon exhibited
by SAC is the initial increase in regular returns before
eventually plummeting as the effects of the stochastic bias

1For SACV1VeryLowEnt, we subtract 4 from the original SACV1 target
entropy heuristic.

are realised. In addition, Figure 4 shows similar results in 
a separate MDP from the Panda-Gym library [15] (“Panda 
Reach”) which simulates a simple robotic manipulation task.

B. CARLA

To demonstrate the performance of MAS for the au-
tonomous driving problem, we train and evaluate policies
for the NoCrash [29] benchmark in CARLA 9.10 [14]. This
benchmark requires the agent to drive to a goal location from
a fixed initial location in a urban setting, with three levels
of increasingly busy traffic conditions. We choose to focus
on the empty variant, with no other vehicles on the road as
this is sufficient to illustrate the effects of the Stochastic Bias
when training with SAC. We train our policies in Town01
and evaluate the performance on unseen routes in Town02.
We define MDP similar to the one specified in [3], [4]. We
assume access to a sequence of target waypoints generated
by a global planner that specify the route to follow. The
observation space consists of the average heading error to
the next 5 target waypoints ϕnear,t and following 5 target
waypoints ϕfar,t , signed lateral distance from the trajectory dt ,
current velocity of the ego-vehicle vt , and current steer angle
of the ego vehicle βt . The action space consists of the desired
steer angle βdes,t and desired speed at the next step vdes,t ,
which is tracked by a PID controller. At each timestep, the
policy receives rewards proportional to its current velocity
and a small penalty proportional to its deviation from the
target trajectory.

The empty variant of the CARLA benchmark requires the
car to drive from an initial location to a goal destination
while following basic traffic rules with no other vehicles or
pedestrians present. Additionally, the benchmark defines 25
training routes in Town01 and an additional 25 evaluation
routes in Town02. As defined by the benchmark, we train
policies using the training routes and present results with
the evaluation routes in Town02.

We define MDP similar to the one specified in [3], [4].
Given the initial position and goal position, we first apply a
global planner that generates a sequence of waypoints spaced
approximately 2 meters apart. Using these waypoints, the
observation space consists of the following components:
• ϕnear,t ∈ [−π,π] describes the average heading error to

the next 5 waypoints. Specifically, the heading error is
defined as the angle between the heading of the vehicle
and the vector between the center of mass of the vehicle
to the waypoint;

• ϕfar,t ∈ [−π,π] describes the average heading error to
the waypoints following the next 5 waypoints (way-
points 6-10);

• vt ∈ [0,vmax] describes the current velocity;
• dt ∈ R the signed lateral distance to the trajectory

specified by the waypoints.
The action space consists of the following:
• βdes,t ∈ [−1,1] describes the desired steer angle of the

vehicle;
• vdes,t ∈ [−1,1] describes the desired speed. -1 maps to 0

km/hr and 1 maps to vmax and the action space is biased
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