2023 IEEE International Conference on Robotics and Automation (ICRA 2023)

May 29 - June 2, 2023. London, UK

Multi-Alpha Soft Actor-Critic: Overcoming Stochastic Biases in
Maximum Entropy Reinforcement Learning

Conor Igoe, Swapnil Pande, Siddarth Venkatraman, Jeff Schneider

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 & 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[Y,r]. 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[Y, r; + 0.7 (7(+|s;))]. 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 Op,x. 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-
vated 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 o 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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Hlustration of the Stochastic Bias The figure on the left (right) shows the state visitation distributions of 7%

(MakeDeterministic(n¥)) in the ToyHop MDP for 3 different o’s trained using MAS. Note that increasing o has two effects
on the visitation distribution: the variance increases, and the mean hop length decreases from the maximum allowable hop length Spax.

2

Note also that the blue gradient in the figure background shows the reward function r(s) = s; —sf, with darker shades corresponding to
lower rewards. We remark that the clusters of hop locations can be plotted arbitrarily close as a function of & but for & > 0.3, overlapping

clusters hides the pattern we are interested in highlighting.

The central argument of this paper is that, when training
using SAC, there may not exist a fixed o for which we
can reap the myriad of benefits of the Max-Ent setting
while simultaneously avoiding the shortcomings associated
with stochastic policies. Leveraging this insight, we in-
troduce Multi-Alpha Soft-Actor Critic (MAS), an off-policy
DRL algorithm that treats ¢ as a random variable. By using
randomly generated «’s in both exploration and training, we
avoid the need to commit to or converge to a single o during
learning. We show through experiments on the CARLA [14]
urban driving simulator how policies learned using MAS
achieve higher mean-driving speeds than SAC policies with
the same amount of environmental experience. In addition,
we describe an illustrative MDP that highlights the Stochastic
Bias induced by the soft setting, in which MAS performs
exceptionally well compared to SAC. Finally, we provide
experimental results on two popular DRL benchmarks, in-
cluding a robotic manipulation task from the Panda-Gym
library [15], where the the effects of the Stochastic Bias are
clear.

II. RELATED WORK

Interest in the Maximum Entropy framework (Max-Ent)
for decision making under uncertainty stems back to work
in Inverse Reinforcement Learning [5]. Subsequent papers
provided empirical evidence supporting the claims that Max-
Ent RL offered valuable robustness properties over standard
RL approaches ( [7]-[10], [12]) and recent work provided
theoretical insights into the nature of this robustness [6]. Sev-
eral authors have proposed both on- and off-policy model-
free DRL algorithms that draw direct inspiration from the
Max-Ent formalism [13], [16]-[18]. Soft Actor-Critic [11]
emerged as a popular off-policy Max-Ent DRL algorithm
due in part to its strong sample complexity without requiring
the use of complex approximate inference procedures in
continuous action spaces. We refer to this version of SAC as
SACVO. As described in the original paper, SACVO’s perfor-
mance was found to be strongly dependent on the entropy
coefficient . A follow-up paper [3] was published by the
same group describing a variant of SAC that automatically

tuned & by considering a constrained version of the Max-Ent
objective and approximating the solution to the associated
dual optimisation problem. We refer to this follow-up version
of SAC as SACVI1. The authors in the follow-up paper
additionally proposed a heuristic to define entropy targets,
although it is common to additionally tune this entropy target
in practice. As described in multiple papers [19]-[21], the
performance of DRL algorithms is highly sensitive to choices
of hyperparameters, such as o in SACVO and % in SACV1.
Several papers propose meta-RL algorithms [22]-[24] that
effectively use experience in a family of MDPs to learn
how to automatically change hyperparameters to adapt to
a new MDP. Although work in meta-RL typically considers
a distribution over the training environments, the approach
taken in this paper differs in that we do not use observations
from the evaluation rollout to adapt behaviour to a given
test scenario. To the best of the authors’ knowledge, the
only work that explicitly treats RL hyperparameters as a
random variable during training is Agent57 [25]. However,
the authors only consider a distribution over ¥, which has an
entirely different motivation than what we consider here.

A motivating example of a precision control task that
has recently garnered significant attention is the problem of
RL for self-driving cars. Several authors have demonstrated
strong results on autonomous driving car benchmarks via the
use of model-free RL algorithms [4], [26]-[28], with various
parameterisations of the MDP and choice of training algo-
rithms. In particular, [4] proposes a parallelised implemen-
tation of SACVO0, which achieves performance on par with
the state-of-the-art. However, the work also demonstrates that
performance of the policy is highly sensitive to choice of o,
with values of o that are too large or too small inducing
policies that drive slowly and completely stop driving at
tight bends. Examples like this illustrate the practical utility
of algorithms that can mitigate the negative effects of the
Stochastic Bias.

III. MULTI-ALPHA SOFT ACTOR-CRITIC

We first introduce notation and summarize the standard
and maximum entropy reinforcement learning frameworks.
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A. Notation & Preliminaries

We address policy learning in continuous action spaces.
We consider an infinite-horizon Markov Decision Process,
defined by the tuple .#Z = (.7, </, p,r, 1), where the state
space . and the action space .o/ are continuous. The initial
state sp € . is assumed to be drawn independently from
probability density u : . — [0,0) at the start of each
environment rollout, and the state transition probability p :
7 xS x o — [0,0) represents the probability density of
the next state s, € % given the current state s, € . and
action a, € /. The environment emits a bounded reward
r: . X 9 = [Fmin,Tmax] ON each transition. We will use
pr(s;) and pr(s;,a;) to denote the state and state-action
visitation distributions induced by a policy 7 (a,|s;).

Standard RL [2] maximizes the expected sum of rewards
Es, a,~px [Ls 7(S,;)]. The Maximum Entropy formalism [11]
augments this objective by introducing policy entropy com-
ponents weighted by a coefficient o:

J(7;0t) = Es, a,~py Zr(st,a,)Jra%(n(-s,))} (1)

where JZ(m(-|s;)) denotes the differential entropy of the
probability distribution over actions defined by policy 7w at
state s;. For ease of exposition, we also use the shorthand
G = (n(-]s;)) and r; = r(s;,a;). Both settings also typi-
cally make use of a scalar discount factor y € [0, 1] to control
the effective lookahead horizon of the agent, as in Y, ¥'r
and Y, ¥ (rn+o9%). We use % to denote a policy that
maximises (1) for a given «.

Amongst other contributions, the original Soft Actor-Critic
paper [11] proposes a family of loss functions for actor and
critic networks 7y and Qg inspired by the objective in (1). In
the interest of space, we restate the the SACVO0 loss functions
here and refer the interested reader to the original paper for
details on their derivation. The (regular) critic’s loss function
is given by:

Jo(6) = 2

1
E(Snaurt-,szﬂ)N@ [5 (QG(Stvat) - (rt"’

2
YEa,.,, [Qé(sr+lyat+l) —alog ﬂ(ar+1|st+l)] )) ]

where 2 is a replay buffer of exploration experience, a,1;
is resampled from the policy 7y (-[s;+1) and Qg denotes
the target critic that uses parameters 6 which are slowly
updated to track the regular critic’s parameters to stabilise
learning. Additionally, to reduce maximisation bias, SACV0
also makes use of two regular critics and two target critics.
In particular, the minimum of both target critics are used in
place of the single target critic in (2), and each regular critic
is trained using (2) from independent random initialisations.
The policy’s loss function is given by:

Jn(9) =Eg g [Ea,~n¢(-\s,) [alognq) (ar]s;) — Qe (Staat)]:|
3)

where, as in (2), the minimum of the two regular critic is
used in place of the single regular critic. Typically, the policy
is parameterised as a (transformed) multivariate diagonal
Gaussian, and the reparameterisation trick is used to estimate
the gradient of (3). The SACVO algorithm alternates between
collecting experience from the environment with the current
policy and updating the actor and critic networks using
stochastic gradients from minibatches sampled from 2.

An important detail of SACVO that is of relevance to our
work is the assumption of a fixed « throughout training for
a given random seed. As described in the original paper,
performance is highly sensitive to the choice of a. In an
effort to address the problem of choosing an appropriate ¢ in
the Max-Ent setting, the authors proposed a related problem
formulation in a follow-up paper [3]:

maxJ' (1) = max E, a,~p, [Z r(s,,at)] )
V3 T 7
. By py [ (n(15))] = 2. )

The optimisation problem in (4) led to the ‘“‘auto-tuning”
variant of SAC, SACVI. Similar to SACVO’s dependency
on ¢, performance with SACV1 is highly dependent on
an appropriate choice of entropy target, /. The authors
proposed the heuristic .7# = —dim(.<7) in the SACV1 paper,
although in practice it is common to tune 7. Lastly, we
refer to E [Zﬁ/rt|7r as the regular value of policy =,
E Zty‘(r,Jr(x:%?)h: as the soft value of policy m, and
E &t Y |7r] as the entropic value of policy 7.

B. Multi-Alpha Soft Actor-Critic

Under optimal E {Z' //Hﬁn,wj|
policy N P
log pu(A)
1-~
E Z»ﬁn] E Z"‘Hl
t t

(07

Fig. 2: Illustration of the Effects of Changing o« Note the two
inherently different scales for regular values and entropic values.
Note also that the region of steepest change in regular values
depends on .. In this illustration we have assumed that all policies
in argmaxz J(7;0) are deterministic for .#, and that </ is compact.

As illustrated in Figure 2, when training using SACV0
within MDP .#, a plays an important role in controlling
the strength of the stochastic bias on soft-optimal policy
% = argmax; J(m; a). The red curve illustrates how, as o
increases from 0, the regular value of & decreases from
the maximum achievable regular value in .#, asymptotically
approaching the regular value associated with the maximum
entropy policy. Note that the maximum entropy policy is
the policy that samples actions according to the maximum
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entropy distribution for every s € .. When 7 is compact,
this policy corresponds to Uniform(e)Vs € .. Meanwhile,
the blue curve illustrates how the opposite relation holds for
entropic values: as @ — 07, the entropic value for policy 7%
approaches its infimum, which may be —oo if all optimal
policies in argmax;J(m;0) are deterministic. As ¢ — oo,
the entropic values converge to the maximum cumulative
discounted entropies, given by M (assuming &7 is
compact).

Although the exact shape and range of each curve depends
intimately on .#, Figure 2 illustrates the inevitable trade-
off that occurs when committing to a single value of «,
and motivates the use of a distribution over o throughout
training. By considering a family of a’s, our agent can learn
a family of policies, generating exploratory behaviour for
large o, but simultaneously learning to extract performant
near-deterministic policies for small a. We thus benefit from
the Max-Ent setting while avoiding the explicit stochastic
bias that it naively entails.

Specifically, we propose 4 additional steps to SACVO:

1) Define a distribution P over o

2) Condition all networks (7, Qo,, Do, Qg,,Qg,) On &

3) Sample a ~ P for every minibatch

{(sr,as, 7, 8e41)i }l | ~ 2 when estimating gradients

4) Sample o ~ P every timestep during exploration

With slight abuse of notation, we modify the SACVO loss
functions to allow for conditioning on different values of «,
giving us the MAS loss functions:

Jo(0:0) = ©)

E

1
5 (Qe(snat;a) - (rzﬁLYEaH.] [Qé(stﬂ,awl;a)*

2
(Xlogﬂ(a,+1|st+1;(x)D)

Jr(p;0) = (7
Es o [Ea,~n¢(-\s,;a) [OC log 7ty (ay[s;; ) — Qg (Staat§a)]:|

where, as in SACVO0, a,;; is resampled from the policy
Ty (-|si+1: ). We make use of two regular and target crit-
ics, and use the reparameterisation trick to compute policy
gradients. For readability, we have suppressed the outer
expectation’s subscript in (6), although we assume this
expectation is across the same random variables as in (2).
The complete Multi-Alpha Soft Actor-Critic algorithm is
described in Algorithm 1.

IV. EXPERIMENTAL RESULTS

In the following experiments, we use 7 variants of MAS.
Each variant uses a different definition of P when sampling
o but are otherwise identical. Each variant’s P definition
is described in Table I. Note also that, beyond a critical
point unique to the given MDP, larger values of o have
diminishing effect on the entropic value. In order to avoid
generating samples of o that are excessively high, we
propose a Projection Method which takes uniform samples

Algorithm 1 Multi-Alpha Soft Actor-Critic

Initialise parameter vectors ¢, 6y, 6,,0;,6,

for each iteration do

for each environment step do
a~P
a; ~ Ty (-[si; 00)
Si+1 ~ p(-[sr,a)
re =r(s;,a;)
D +— DU{(sr,8,71,8041) }

for each gradient step do
a~P
6; +— 6, — lQVeJQ(G,,(X) fOI’lG{l 2}
¢ 0— Aﬂvﬂn(‘l’ )
0+ 16, +(1-1)6;

of o and “projects” them through an approximation to the
red curve in Figure 2, similar to Inverse Transform Sam-
pling. For the “Proj” variants of MAS, we additionally train
an a-conditioned network that approximates the expected
regular return E[Y, ¥ r;|n¥]. We then use Vg (o) to define a
distribution PP that concentrates over regions associated with
large changes in regular return. Specifically, we define the
function f(a) = l}dvg( )
probability distribution, which we use as our definition of
P. Our implementation of this method involves generating a
large sequence of M pomts between 0 and and a practical
upper limit ¢, {& =i M} . We then approximate f(&;)
with a finite difference, denoted f (&), and define P as the

discrete probability distribution over the set {&,-}MO, such
that P(a = &;) = Zf ;( >) We use the notation Proj([0,c])

to denote the MAS variant that uses the Projection Method
along with an upper bound of c.

‘ and interpret f as an unnormalised

Under optimal E ZT"HWY}
inistic policy :
_ logu(A)
e
(] .
t ¢

Under max-ent
policy

«
Fig. 3: Illustration of the Projection Method Each red point
along the horizontal axis is equally spaced out in terms of cumu-
lative probability, when interpretting f(a) = W
unnormalised probability density function. Note that the effect is to

concentrate points in regions where there is a significant change in
the expected regular return.

as an

For our baselines, we use SACV0 and SACV1 with “high”
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“regular” or “low” entropy. For SACVORegEnt, we tune o
using grid search to optimise for mean evaluation return
after 5 million timesteps of environment interactions with
SACVO0 using 5 random seeds per choice of . The highest
performing « is then taken to define SACVORegEnt. We
then use double this value of o to define SACVOHighEnt,
and half this value to define SACVOLowEnt. Similarly, for
SACVI1RegEnt, we use the heuristic proposed by the original
authors (—dim(«7)) and tune the reward scale. We then
define SACV1HighEnt by using the best reward scale found
for SACVI1RegEnt and adding 2 to the entropy target given
by the original heuristic. For SACVI1LowEnt 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])
MASS5 MAS6 MAS7

P Unif([0,0.5]) Gamma(l, 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 &, from the current agent’s location. Full details
of the MDP are provided below.

o State s, = (x;,y;) € R? describes the agent’s x and y
coordinates on the 2D plane.

« Action g, = (6,,0,) specifies the agent’s hop angle mea-
sured clockwise from the x-axis in radians 6, € [— 7, 7],
and hop length & € [0, dmax]-

o The agent’s location is updated as per its chosen hop
S+1 = 8;+ (O, sin 6;, 5 cos 6;).

« The agent is always initialised at the origin so = (0,0).

« The agent receives reward r; = x> — y?2.

Clearly, the policy that takes action (0,0max)Vs € .77
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 SACVO0 or SACV1 finds this policy, and only one vari-
ant (SACV1VeryLowEnt') 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 «’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

'For 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 TownO1
and evaluate the performance on unseen routes in Town(2.
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 @pear, and following 5 target
waypoints @, signed lateral distance from the trajectory d;,
current velocity of the ego-vehicle v;, and current steer angle
of the ego vehicle ;. The action space consists of the desired
steer angle PByes, and desired speed at the next step Ves; »
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 TownOl 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:

o Qneary € [—m, ] 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;

o Qpry € [—m, 7| describes the average heading error to
the waypoints following the next 5 waypoints (way-
points 6-10);

o v € [0,vmax] describes the current velocity;

e d; € R the signed lateral distance to the trajectory
specified by the waypoints.

The action space consists of the following:

o Baess € [—1,1] describes the desired steer angle of the
vehicle;

o Vdesy € [—1,1] describes the desired speed. -1 maps to 0
km/hr and 1 maps to vp,x and the action space is biased
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Fig. 4: Toy Hop & Panda Reach Each curve is averaged over 10 random seeds, and a moving average filter of size 5 is used for clarity.
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Fig. 5: Results on HalfCheetah-v2 Each curve is averaged over 5
random seeds.

slightly such that O maps to a non-zero velocity. The
desired velocity is tracked by a PID controller, which
outputs throttle and brake commands.

Finally, the reward function consists of two terms. The
agent gets a positive reward at each step, equivalent to the
current velocity of the car. The agent also receives a penalty
at each step equivalent to the lateral trajectory error d;. For
this problem setting, vimax is defined as 40 km/hr.

Fig. 6: Illustration of the Stochastic Bias in CARLA The blue car
is following the best policy trained by all SAC variants in Table II.
The red car is following the best policy trained by all MAS variants
in Table II. Both policies use the same number of environment
interactions.

Table II presents a comparison of the speed achieved

TABLE II: CARLA Experimental Results

SACV1-
HighEnt
3.01
0.85

SACV1- SACV1-
RegEnt LowEnt
3.34 4.7

1.34 1.36

MAS1 MASS MAS6 MAS7

6.30
132

Average Speed
Std. Dev. Speed

374
1.56

2.82
1.54

319
1.23

by each policy averaged across 25 pre-determined testing
routes in Town02 and 5 random seeds. We find that MAS1
achieves a higher average speed than all SACV1 baselines
and other MA variants. Additionally, the standard deviation
of the speed for MA1 remains around the same range as
all of the other variants, suggesting that the policy did
not achieve a higher average simply due to sudden, short
bursts of acceleration. Both MAS6 and MAS7, which sample
o from a gamma distribution, perform poorly relative to
the benchmarks illustrating the importance of tuning the
distribution over a. We emphasise that our intention with
MAS is not necessarily to eliminate a hyperparameter, but
to propose a more effective algorithmic parameterisation
compared to variants of SAC. Figure 6 demonstrates a
comparison of 3 second trajectories from SACV1-LowEnt
and MASI from a common intial state in which the vehicle
was traveling at a constant velocity. We see that the MASI1
policy traverses a further distance over this 3 second horizon,
which compounds into a significant difference over the entire
rollout.

C. HalfCheetah

We additionally provide experimental results on the popu-
lar HalfCheetah benchmark. Figure 5 shows that for a variety
of MAS variants, MAS dominates performance of SACV1
and SACVO0.

V. CONCLUSIONS

In this work, we describe the Stochastic Bias induced by
the Maximum Entropy framework. We show how this bias
can negatively effect SAC performance for high-precision
robotic control tasks, such as in self-driving applications.
Moreover, we demonstrate how naive strategies to mitigate
these effects introduce additional challenges. We propose
Multi-Alpha Soft Actor-Critic to overcome this bias and
demonstrate how it effectively learns in MDPs that prove
challenging for previous Max-Ent DRL algorithms.
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