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Abstract

In continuous domains, reinforcement learning policies are
often based on Gaussian distributions for their generality.
However, the unbounded support of Gaussian policy can
cause a bias toward sampling boundary actions in many con-
tinuous control tasks that impose action limits due to phys-
ical constraints. This “boundary action bias” can negatively
impact training in algorithms like Proximal Policy Optimiza-
tion. Despite this, it has been overlooked in many existing
research and applications. In this paper, we revisit this is-
sue by presenting illustrative explanations and analysis from
the sampling point of view. Then, we introduce a truncated
Gaussian policy with inherent bounds as a minimal alterna-
tive to mitigate the bias. However, we find that the plain trun-
cated Gaussian policy may lay the counter-bias, preferring
interior actions: to balance the bias, we ultimately propose a
scale-adjusted truncated Gaussian policy, where the distribu-
tion scale shrinks if the location is near the boundaries. This
property makes boundary actions deterministic more than in
plain truncated Gaussian, but still less than in original Gaus-
sian. Extensive empirical studies and comparisons on vari-
ous continuous control tasks demonstrate that the truncated
Gaussian policies significantly reduce the rate of boundary
action usage, while scale-adjusted ones successfully balance
the bias and counter-bias. It generally outperforms the Gaus-
sian policy and shows competitive results compared to other
approaches designed to counteract the bias.

Introduction
Reinforcement learning (RL) has emerged as a promising
decision-making model for solving wide range of challeng-
ing problems such as games (Mnih et al. 2013; Silver et al.
2016; Fan et al. 2022), robotic manipulation (Kalashnikov
et al. 2018; Han et al. 2023), locomotion (Margolis et al.
2024), visual tasks (Le et al. 2022; Franceschelli and Mu-
solesi 2024), recommendation system (Afsar, Crump, and
Far 2022), automation (Kabbani and Duman 2022; Hu et al.
2023; Ordouei et al. 2024), and training recent language
models (Ouyang et al. 2022; Achiam et al. 2023). Across
these diverse applications, actions generally fall into two cat-
egories: discrete and continuous. While discrete actions are
sampled from a categorical distribution (Sutton et al. 1999;
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Schulman et al. 2017), continuous actions are usually sam-
pled from noise (Lillicrap et al. 2015) or density distribution
such as Gaussian (Mnih et al. 2016; Schulman et al. 2017;
Haarnoja et al. 2018a).

In continuous domains, Gaussian policies are dominant
for their strong generality and mathematical advantages,
such as differentiability, appropriate stochasticity for contin-
uous actions, and simple, intuitive parameters like location
and scale, which are advantageous for modulating explo-
ration and exploitation (Ribeiro 2004; Engel, Mannor, and
Meir 2005; Kuss and Rasmussen 2003). However, in many
continuous control tasks where the action range is practi-
cally limited, the unbounded support of Gaussian distribu-
tions requires careful regulation to ensure actions stay within
these limits. A common solution is to clip the out-of-bound
actions into the nearest boundary, as in proximal policy opti-
mization (PPO) (Schulman et al. 2017), one of the most pop-
ular policy optimization methods. However, this approach
can introduce a bias toward boundary actions (Chou, Matu-
rana, and Scherer 2017; Fujita and Maeda 2018), inducing
performance degradation.

In this paper, we revisit this bias as “boundary action
bias” and analyze its nature in PPO with illustrative expla-
nations and formalization. A fundamental solution to miti-
gate the bias is using bounded distributions to avoid out-of-
bound samples, such as Beta (Chou, Maturana, and Scherer
2017; Petrazzini and Antonelo 2021; Xiao et al. 2023)
or logit-normal distribution (squashed Gaussian) (Haarnoja
et al. 2018b; Ciosek and Whiteson 2020; Jang 2021) em-
ployed in prior studies. However, the basic shapes and prop-
erties of such distributions differ from Gaussian to some
extent. Instead, we propose introducing a truncated Gaus-
sian for a policy, which applies minimal modifications to
Gaussian to accommodate bounded support. However, our
observation implies that a plain truncated Gaussian policy
can induce counter-bias, preferring interior actions. This
perspective suggests that a balanced distributional trend
should be taken into account when designing continuous
control policies. To balance the boundary action bias and
its counter-bias in a truncated Gaussian policy, we finally
propose the scale-adjusted truncated Gaussian policy, where
a discounted scale near the boundaries facilitates the sam-
pling of necessary boundary actions. Our extensive em-
pirical studies on various continuous control tasks demon-
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strate how distribution choice affects boundary action us-
age and performance, showing a great reduction of bound-
ary actions with truncated Gaussian policies. Moreover, the
scale-adjusted truncated Gaussian policy generally outper-
formed the original Gaussian policies in MuJoCo (Todorov,
Erez, and Tassa 2012) locomotion and manipulation tasks
and high-dimensional locomotion tasks in HumanoidBench
(Sferrazza et al. 2024) and Deepmind Control Suite (Tun-
yasuvunakool et al. 2020). It also demonstrated competi-
tive performance compared to existing methods designed to
counteract boundary action bias, achieving the highest nor-
malization scores in MuJoCo tasks. Our findings could help
advance the understanding of how distributional sampling
trends influence the continuous RL domain. Our contribu-
tions are summarized as follows:

• We revisit the phenomenon in which actions are concen-
trated near the boundary under the Gaussian policy of
PPO and suggest truncated Gaussian as an alternative to
regulate boundary actions.

• We explore the truncated Gaussian policy in PPO and
present illustrative and empirical insights that plain trun-
cated Gaussian clearly reduces the boundary actions but
may excessively regulate them, leading to impaired per-
formance.

• We ultimately propose the scale-adjusted truncated
Gaussian policy to balance the trend in boundary actions,
which generally outperforms other approaches for coun-
tering boundary action bias and improves performance
over the plain Gaussian policy across various continuous
control tasks.

Related Work
We introduce three categories of existing works that can di-
rectly or indirectly counteract boundary action bias.

Discretizing Continuous Actions. Continuous action
space is generally believed to be more complicated than
categorical actions (Lillicrap et al. 2015). Some previous
works bypassed continuous action space and built other
policy structures. Discretizing continuous action (Tang and
Agrawal 2020; Zhu et al. 2024b) is an obvious approach,
but it is being exposed to the curse of dimensionality and
oversimplification of the task. Using the Bernoulli policy
((Seyde et al. 2021)) to formalize the problem as selecting
only two boundary actions was shown to improve perfor-
mance in specific tasks; however, many other control tasks
will still require continuous actions.

Gradient Correction. In PPO, actions are sampled from
Gaussian distribution and clipped into boundaries if they are
out-of-bounds. From the agent’s perspective, it does not re-
alize that the actions are actually clipped and perceives all
out-of-bound actions as distinct. Clipped Action Policy Gra-
dient (CAPG) (Fujita and Maeda 2018; Xiao et al. 2022;
Markowitz et al. 2023; Mohamadi et al. 2024) pointed out
the above issue and provided an explanation that the Gaus-
sian policy in PPO can suffer from boundary action bias due
to the high variance of policy gradient estimation for out-of-
bound actions. Then, CAPG corrected the policy gradient

for out-of-bound actions to reduce the estimation variance,
thereby informing the agent about action clipping. This way,
the agent can more deliberately choose boundary actions
than in the standard PPO, while maintaining its unbounded
Gaussian policy. CAPG improved policy performance by re-
ducing the burden of estimating the policy gradient. How-
ever, the usage of boundary actions remains at a similar ratio
to that of standard PPO, raising questions about whether the
boundary action bias has truly been mitigated.

Alternative Distributions. Studies using a Beta distribu-
tion (Chou, Maturana, and Scherer 2017; Petrazzini and An-
tonelo 2021; Jerome, Palmer, and Savani 2022; Xiao et al.
2023; Chen et al. 2023; Xu et al. 2024) indicated that over-
sampled out-of-bound actions, clipped into the same bound-
ary actions, can confuse agents by exaggerating the value
of boundary actions. They used Beta policy, with distinct
shape parameters representing a wider variety of shapes than
the Gaussian. However, Beta is mathematically more com-
plex and less straightforward, making optimization harder.
Instead of instituting other distribution, applying a Jacobian
transformation is another approach. Soft Actor-Critic (SAC)
(Haarnoja et al. 2018b) used hyperbolic tangent as a squash-
ing function to enforce unbounded actions to be within (-
1, 1), which belongs to logit-normal distribution (Atchison
and Shen 1980; Ciosek and Whiteson 2020; Jang 2021)
with different boundary scale. Although the base distribu-
tion is Gaussian and shares the same parameters, the logit-
normal differs noticeably in aspects such as overall shape,
mode-location coincidence, and unimodality. Compared to
these distributions, the truncated Gaussian (Burkardt 2014)
largely retains the shape assumptions of the original Gaus-
sian while having bounded support, making it widely used
in practical fields such as medicine and biology, as well as
in neural network initialization (Glorot and Bengio 2010;
He et al. 2015). While it remains unclear how these features
affect various tasks, to the best of our knowledge, the use
of the truncated Gaussian for RL policy has seldom been
explored and has received much less attention compared to
other distributions.

Advanced Distributions. Some interesting approaches
using advanced distributions also exist, although they fall
outside the primary scope of this paper. For instance, quasi-
optimal learning (Li, Zhou, and Zhu 2023) incorporates an
estimation process for support regions that contain only
near-optimal actions. This approach alters the policy dis-
tribution to be more “twisty”, aiming to prevent unsafe or
unethical actions, which is particularly relevant for medical
applications. Addtionally, studies on Q-exponential families
(Zhu et al. 2024a; Kobayashi 2019) propose heavy-tailed
Gaussian policies, demonstrating that such policies are gen-
erally more effective and improve on Gaussian.

Boundary Action Bias in Gaussian Policy
In this section, we explain the nature of boundary action bias
in standard PPO and potential impacts on policy learning.

Boundary Action Bias. We define boundary action bias
as an underlying tendency to sample boundary or near-
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Figure 1: Comparison of Gaussian and truncated Gaussian policies. (Left) The Gaussian PDF (red line) and the truncated
Gaussian PDF (blue line) are centered within the two action bounds l and u, sharing the same parameters µ = (u + l)/2 and
σ = 0.5. Gaussian policy samples actions from the Gaussian PDF but clips any out-of-bound actions to the nearest boundary,
resulting in distorted action probabilities (hatched bars). In contrast, since the truncated Gaussian policy does not need to clip
actions, it preserves the consistency between PDF and action probabilities. Given the same parameters, truncated Gaussian PDF
is always taller than Gaussian PDF because the finite support of truncated Gaussian PDF requires a higher height to ensure the
area under PDF sum up to 1. (Right) The two PDFs moved to the right action bound, where µ = u. The distortion has deepened
with the Gaussian policy, but the truncated Gaussian policy maintains PDF-action consistency.

boundary actions during policy learning, irrespective of task
properties. Various causes may contribute to the bias, but
we focus on the structure of the policy distribution and the
mechanism of action sampling. We attribute the occurrence
of the bias to the combination of Gaussian policy and action
clipping. As a visual example, refer to the leftmost graph
in Figure 1, where the red line represents the Gaussian PDF
when the location µ is at the center of the action boundaries l
and u (dashed lines). The hatch bars represent the actual ac-
tion probabilities. The difference between the Gaussian PDF
and action probabilities is noticeable because the unclipped
samples a ∼ N ((u + l)/2, 0.5) outside the boundaries are
clipped to a = clip(a, l, u). As a result, the Gaussian overly
imposes the boundary action probabilities even though they
should have been the lowest, also violating the Gaussian
unimodality. This also counteracts the strategy of relatively
large initial scale parameters to promote exploration. The
third graph in Figure 1 is where the Gaussian location pa-
rameter µ is moved to the boundary u. Since the chances of
out-of-bound samples being clipped become much higher,
the exaggeration of boundary actions is further intensified,
strengthening the bias.

Relationship Between Bias and Gaussian Parameters.
Standard PPO policy learns to adjust two Gaussian parame-
ters µ and σ. As described in the previous paragraph, the dis-
tributional bias toward boundary actions grows as µ moves
farther away from the center of two bounds. In fact, µ can
even go outside the bounds, for example, µ = 3 when u = 1
(see the left graph in Figure 2). This indeed happens even
in the basic scenario like learning HalfCheetah-v4 in
MuJoCo with a standard PPO setting, where the maximum
|µ| of matured policy reaches 3-5. In this case, most of the
samples of a would be out-of-bound and clipped to u or l.
This not only makes the policy extremely biased but also di-
minishes the role of scale parameter σ, since the variation in
out-of-bound samples does not actually impact the final ac-
tions. If so, the policy will lose scale control and rely solely
on the binary directions of µ. Combining these relationships,

a feedback loop that reinforces bias can be formed. Since the
policy itself tends to sample boundary actions more easily,
the proportion of boundary actions that occupy the experi-
ence is also likely to be relatively large. This biased property
of “reinforced exploration of boundary actions” gives more
chances to behave boundary actions and again increases the
probability of boundary actions if they are not significantly
unsuitable, forming a loop. This loop can hinder the pol-
icy to identify the value of delicate actions. Moreover, the
fact that an agent perceives clipped actions as unclipped also
contributes to the loop, thinking it is exploring new actions
and continuing to shift µ toward and beyond the boundary as
in the above HalfCheetah-v4 example. Once µ moves
beyond the boundary for certain states, chances for interior
actions become very scarce, losing elasticity and getting en-
trenched, leaving the possibility of premature or polarized
policy.

Formalization. The amount of boundary action bias Bf

in standard PPO can be quantified simply by the area under
Gaussian PDF f(x;µ, σ) for outside of the bounds l, u:

Bf =

∫ l

−∞
f(x)dx+

∫ ∞

u

f(x)dx (1)

Since Gaussian has infinite support, 0 < Bf < 1. This im-
plies that standard PPO is always under the influence of the
bias. The outside area increases as µ deviates further from
the center x = (u + l)/2, thus Bf ∝ |µ − (u + l)/2|.
This confirms that the bias grows according to the location
deviated. For σ, if l ≤ µ ≤ u, Bf ∝ σ, and the lower
bound of the bias inf

σ>0
Bf (σ) = 0. However, when µ > u or

µ < l, Bf (σ) becomes convex, and the lower bound grows
as inf

σ>0
Bf (σ) ∝ µ. This confirms that if the location is inside

the boundaries, the large scale increases the bias, and when
the location starts to move beyond the bounds, the amount
that the scale can lower the bias decreases: this aligns with
the diminution of the role of scale explained in the previous
paragraph.
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Method
In this section, we introduce truncated Gaussian distribution
as preliminary, then propose a truncated Gaussian policy
based on the distribution, presenting an illustrative compari-
son with the Gaussian policy. Finally, we propose a scale-
adjusted truncated Gaussian policy to compensate for the
potential counter-bias of plain truncated Gaussian policy.

Preliminaries
Markov Decision Process. In RL, the standard problem
is defined as Markov Decision Process (MDP) represented
as the tuple ⟨S,A,P,R, γ⟩ where S is state space, A is ac-
tion space, P : S × A → S is state transition function,
and γ ∈ [0, 1) is a discount factor. From the time t = 0,
the agent starts with an initial state s0 ∈ S and takes ac-
tion at ∈ A when the state is st at every time t. The state
at time t transfers to st+1 ∼ P(st, at), while environment
emits the reward rt = R(st, at). A policy π ∈ Π maps state
to action distributions, π : S → p(A), and the action can
be sampled from the policy by at ∼ π(st) where Π is a
family of policies. The expected return under π is defined
as Jπ = E [Σ∞

t=0] γ
trt, and the objective of RL is to find

optimal policy π∗ = argmaxπ Jπ .

Truncated Gaussian Distribution. Truncated Gaussian
distribution (Burkardt 2014) is a variant of Gaussian that has
a bounded support. The probability density function (PDF)
of truncated Gaussian for l ≤ x ≤ u is given by

f(x;µ, σ, l, u) =
1

σ
·

φ(x−µ
σ )

Φ(u−µ
σ )− Φ( l−µ

σ )
, (2)

where µ, σ are location and scale parameters, l, u are lower
and upper sample bounds. The φ and Φ are PDF and cu-
mulative distribution function (CDF) of standard Gaussian
distribution, respectively:

φ(x) =
1√
2π

exp(−1

2
x2), (3)

Φ(x) =
1

2
(1 + erf(x/

√
2)), (4)

where erf is the error function. The inverse CDF of truncated
Gaussian, which is calculated as

F−1(x;µ, σ, l, u) = Φ−1

(
Φ

(
l − µ

σ

)
+

x

(
Φ

(
u− µ

σ

)
− Φ

(
l − µ

σ

)))
σ + µ, (5)

can be simulated using a uniform random variable x based
on the standard Gaussian.

Truncated Gaussian Policy
We propose a new policy based on the truncated Gaussian to
mitigate the boundary action bias. While it maintains the key
assumptions of Gaussian, it directly samples actions from
bounded support, hence not requiring any clippings, unlike
Gaussian. To implement the truncated Gaussian policy, it is

Figure 2: Comparison between Gaussian and truncated
Gaussian policies when the location is extreme. While the
Gaussian policy (red line) can decisively sample boundary
actions, the truncated Gaussian policy (transparent blue line)
inevitably allows more within-boundary actions due to the
location limit. If the scale is adjusted, the truncated Gaussian
policy can become more deterministic on boundary actions
(dark blue line).

noteworthy that the gradient can be computationally unsta-
ble if the location parameter µ goes beyond the boundaries.
Thus, we bound the location parameter with hyperbolic tan-
gent function. Let g be a policy network without activation,
and then the action of truncated Gaussian policy is described
as follows:

a ∼ f(x; µ =
u− l

2
· (tanh(g(s)) + 1) + l, σ, l, u). (6)

Now a bounded action can directly be simulated with the
function f .

The brief comparison between the Gaussian and truncated
Gaussian policies is illustrated in Figure 1. Two graphs on
the left compare them with the same shape parameters where
µ is located in the center of action bounds. Unlike Gaussian
policies (red line) that distort actual action probabilities from
original distributions, the truncated Gaussian policies (blue
line) show consistent action probabilities with its PDF. Since
the area under PDF should be 1, the truncated Gaussian PDF,
which has finite support, is slightly taller than the Gaussian
PDF, making all interior actions rise. Two graphs on the right
are where µ is moved to the right bound, displaying more
differences between them.

Since truncated Gaussian allows the policy to focus on ac-
tions more inside the boundaries, it is expected to enhance
the exploration of delicate actions. However, this property
may fall into the counter-bias, which can overly impose the
policy of seeking small actions while avoiding boundary ac-
tions too much. The two graphs in Figure 2 clearly show
this tendency. While Gaussian policy (red line) beyond the
boundary samples boundary actions almost deterministic,
truncated Gaussian policy (transparent blue line) shows lim-
itation to raise the probability of boundary action due to the
restriction of µ.

Scale-Adjusted Truncated Gaussian Policy
To avoid potential overcompensation of truncated Gaussian
policy, we propose a scale-adjusted truncated Gaussian pol-
icy. The concept is illustrated in the right graph in Figure 2.
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Figure 3: Scale-adjustment functions with different hyper-
parameters. k adjusts the kurtosis, and dmin regulates the
maximum discount rate. The x-axis represents the location
µ, where l = −1 and u = 1.

Suppose the shape of plain truncated Gaussian (transparent
blue line) was pressed close to the boundary u for the same
location and scale parameters as the dark blue line. In that
case, the policy becomes more deterministic for boundary
actions. Because the scale is changed while the location is
unchanged, we call this the scale-adjusted truncated Gaus-
sian policy.

We suggest discounting scale parameters as the location
approaches the boundaries. The adjusted scale σ′ of trun-
cated Gaussian is described with scale-adjustment function
d as follows:

σ′ = σ · d. (7)

The scale-adjustment function d can be freely set; however,
since our objective is to adjust the scale to be discounted
depending on the relation between location value µ and
boundaries l and u, d becomes the function about them, as
d(µ; l, u). We desire no discounting if the µ is at the center
of actions, where µ = (u + l)/2, so d((u + l)/2; l, u) = 1.
Meanwhile, assuming the full discount (100% discount) is
applied for the locations at boundaries, where µ = l or
µ = u, the discount factor should be d(l; l, u) = 0 and
d(u; l, u) = 0. One of the continuous functions satisfying
this is a semi-ellipse centered at (u+ l)/2 and having a ma-
jor axis u − l. In practice, the full discount of scale is not
available since σ′ > 0, we set a minimum amount of dis-
counting ratio dmin and applied to the semi-ellipse. Taking
the above into account, the full description of discount func-
tion d is as follows:

d(µ; l, u) =

k

√∣∣(u−l
2 )k − (µ− u+1

2 )k
∣∣

(u− l)/2
·(1−dmin)+dmin,

(8)
where k determines the kurtosis of the semi-ellipse; in 0 <
k < 2, scales are more globally discounted, while in k > 2,
scale discount is more focused on actions around the bound-
ary rather than neutral locations. The scale-adjustment func-
tions according to different k and dmin are shown in Figure
3.

Figure 4 compares standard truncated Gaussian with
scale-discounted version, using five different locations and
the same scale parameter, where l = −1 and u = 1. In the
center, where µ = 0, there are no changes in scale between
the two distributions. However, the adjusted scales become
narrower as the locations approach the boundaries. Please

Figure 4: Shape comparison of a plain truncated Gaussian
policy (left) and a scale-adjusted policy (right), where l =
−1 and u = 1. The same colors indicate the same location
and scale parameter. The scale-adjusted one is more deci-
sive on boundary actions than the plain truncated Gaussian
policy. The black line in the right graph is an example of
scale-adjustment function.

note that while the scale is adjusted, the locations remain
unchanged: the mode values always equal the given loca-
tions. With the settings of dmin and k, we can balance the
distributional trend of the truncated Gaussian to how much
to be deterministic on boundary actions.

Experiments
In this section, we conduct experiments to answer the fol-
lowing key questions: (1) How does each distributional
trend, including our methods and existing approaches, influ-
ence boundary action usage? (2) How do boundary actions
affect tasks differently? (3) Are the proposed methods com-
petitive against other approaches? (4) Do the methods also
perform well in high-dimensional action spaces? (5) How do
scale-adjustment hyperparameters impact performance?

Experimental Setup
Tasks. We conduct experiments on eight continuous
control tasks from MuJoCo (Todorov, Erez, and Tassa
2012), including six locomotion tasks (HalfCheetah,
Walker2d, Ant, Hopper, Humanoid, and Swimmer)
and two manipulation tasks (Pusher and Reacher),
with version v4. For high-dimensional action space ex-
periments, we use two locomotion tasks from Humanoid-
Bench (h1hand-walk, h1hand-reach) (61 dimen-
sions) (Sferrazza et al. 2024) and two from the DeepMind
Control Suite (DMC) (dog-walk, dog-run) (Tunyasu-
vunakool et al. 2020) (38 dimensions). Action ranges are
rescaled to (-1, 1), setting the boundaries to l = −1 and
u = 1 for all tasks. Each MuJoCo result is averaged over 10
seeds, and HumanoidBench and DeepMind results are aver-
aged over 5 seeds.

Methods. We selected two alternative distributions, Beta
and logit-normal, and a gradient correction approach,
CAPG, as baselines. Discretization methods were excluded
since they do not involve continuous actions and could fun-
damentally change the nature of the problem. To summarize,
we compare our truncated Gaussian (TGaussian) and scale-
adjusted truncated Gaussian (SA-TGaussian) policy with
(1) Gaussian policy with action clipping (Gaussian), (2)
Gaussian policy with gradient correction (CAPG), (3) Beta
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Figure 5: Average Boundary Action Rates (aBAR) (solid
lines, left axis) and average standard deviations (dashed
lines, right axis) for each method across tasks.

policy (Beta), and (4) Hyperbolic tangent-based sample-
squashing policy (Logit). All policies are trained using PPO.
We refer to ClearRL (Huang et al. 2022) for the standard
PPO setup. All statistics are aggregated with 10 runs for
each experimental setting. We use k = 2, dmin = 0.01 for
our SA-TGaussian. The initial scale for all methods is set to
σinit = 0.5, which is a learnable parameter and independent
of states, as in standard PPO setup.

Empirical Study on Boundary Action Bias
Measurement of Boundary Action Usage. To investigate
the policy trend in the selection of boundary actions, we de-
fine average Boundary Action Rates (aBAR) as the average
usage rates of actions falling within the top and bottom 1%
of the action range for a single episode. Formally, the near-
boundary action set as A′ = {a ∈ A | |a| > 0.99} assuming
u = 1 and l = −1. The threshold value 0.99 was chosen
based on intuition derived from a two-tailed test with a 2%
significance level.

Figure 5 shows the aBAR during the training for base-
lines and our methods. It is obvious that the Gaussian fam-
ily, Gaussian and CAPG, that uses action clipping, exhib-
ited relatively higher aBAR (solid lines) than other methods.
Considering the fact that the interval of aBAR corresponds
to only 2% of the entire range of actions, approximately
10-30% high aBAR of Gaussian family in HalfCheetah,

Figure 6: Relationship between aBAR, the average standard
deviation of policy distribution, and episodic return. aBAR
(decimal) and standard deviation share the left axis, and
episodic return uses the right axis.

Walker2d, Hopper, Humanoid, and Swimmer is sig-
nificantly high, indicating the occurrence of bias. The aBAR
also steadily increased in those tasks, which implies the
actions are getting more polarized as the training contin-
ues. However, in the two manipulation tasks Pusher and
Reacher, aBAR drops to almost zero, even for the Gaus-
sian family. Since those tasks require delicate actions due to
the target positions, a smaller-scale of actions would have
been more advantageous for task achievement than in lo-
comotion tasks, even though the Gaussian family generally
sampled more boundary actions initially. In contrast, the un-
bounded distribution family recorded a much lower aBAR
of about 0-2%, demonstrating the debiasing effects of those
distributions.

Impact of Boundary Action Bias. Another notable obser-
vation in Figure 5 is that the aBAR had a positive correlation
with the standard deviations of policy distributions, which is
directly related to the scale parameter. Consider a scenario
where the Gaussian location is far beyond the boundary, de-
terministically resulting in boundary actions due to clipping.
As the location continues to go further over the boundary,
the influence of the standard deviation on action sampling
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σinit = 0.5 Gaussian CAPG Beta Logit TGaussian SA-TGaussian

HalfCheetah 5165 ± 173.2 5399 ± 101.3 4749 ± 247.5 5175 ± 364.3 5216 ± 187.9 5554 ± 115.3
Walker2d 3153 ± 437.6 2871 ± 468.3 2622 ± 297.1 3559 ± 430.9 2746 ± 388.9 3619 ± 376.2
Ant 4001 ± 447.8 4124 ± 419.2 3393 ± 318.5 4099 ± 314.4 4164 ± 299.1 3972 ± 452.3
Hopper 1705 ± 267.3 1723 ± 276.4 1448 ± 181.0 1365 ± 158.2 1825 ± 234.3 1488 ± 239.6
Humanoid 3059 ± 553.5 3045 ± 622.6 4102 ± 482.2 2434 ± 405.2 2074 ± 277.1 3599 ± 577.0
Swimmer 77.23 ± 1.49 81.32 ± 0.59 70.99 ± 0.64 62.85 ± 0.86 59.74 ± 0.57 72.54 ± 0.55
Pusher -38.20 ± 2.50 -42.34 ± 1.68 -48.16 ± 1.81 -42.31 ± 2.40 -40.91 ± 2.93 -41.06 ± 2.92
Reacher -6.04 ± 0.92 -5.28 ± 0.82 -5.03 ± 0.54 -5.63 ± 0.61 -4.75 ± 0.62 -4.88 ± 0.61

Norm 0.609 0.679 0.311 0.451 0.554 0.747

σinit = 1.0 Gaussian CAPG Beta Logit TGaussian SA-TGaussian

HalfCheetah 1631 ± 26.55 2454 ± 34.81 - 3665 ± 143.4 4508 ± 73.93 4473 ± 89.45
Walker2d 3214 ± 450.9 3111 ± 348.4 - 3227 ± 477.4 2392 ± 379.8 3279 ± 338.6
Ant 3423 ± 435.9 3760 ± 356.1 - 3878 ± 356.6 3793 ± 353.6 4169 ± 323.6
Hopper 1502 ± 283.3 1630 ± 201.4 - 1432 ± 285.6 1465 ± 166.5 1462 ± 186.1
Humanoid 2729 ± 390.8 3184 ± 416.0 - 3348 ± 578.6 1856 ± 264.6 2742 ± 926.3
Swimmer 85.24 ± 0.60 82.91 ± 0.87 - 90.33 ± 0.61 51.56 ± 0.64 95.62 ± 1.38
Pusher -49.92 ± 2.19 -49.18 ± 2.51 - -52.26 ± 3.21 -46.91 ± 2.63 -45.73 ± 2.76
Reacher -6.89 ± 0.80 -6.45 ± 1.25 - -6.36 ± 1.23 -4.81 ± 0.55 -5.30 ± 0.92

Norm 0.373 0.604 - 0.549 0.435 0.812

Table 1: Score table of all methods in the setting of initial scale 0.5 and 1.0.

diminishes since samples outside the boundary are clipped
to the boundary value. Consequently, if boundary actions
had been frequent, the standard deviation would have de-
creased less. Indeed, in Figure 5, the Gaussian family with
high aBAR exhibited a phenomenon where the standard de-
viation decrease stagnates relative to other methods. Since
it is generally expected that a policy would fine-tune ac-
tions by reducing the standard deviation throughout train-
ing (Wang, Zariphopoulou, and Zhou 2018), this observation
suggests the policy with high aBAR possibly causes prema-
ture convergence.

To investigate how aBAR affects the policy more deeply,
we experimented with two additional setups using Gaussian
policy.: (1) amplifying aBAR by inducing larger standard
deviation with entropy maximization (Ahmed et al. 2019)
(GEntmax) (using coefficient 0.01. Please note that stan-
dard continuous PPO setup uses coefficient 0), and (2) forc-
ing actions to select only boundary actions to produce 100%
aBAR (GBounds). Figure 6 shows the final standard de-
viation, aBAR (decimal), and performance for each setup
(The standard deviation for GBounds is exceptional due to
the forced action space). Overall, as aBAR increased, the
performance tended to degrade, implying that using bound-
ary actions too often can be detrimental to policy perfor-
mance. Additionally, the result explains why most exist-
ing PPO implementations for continuous action space set
the entropy coefficient to zero despite the original inten-
tion of the entropy maximization term being to enhance ex-
ploration. However, particularly in the cases of Swimmer
and Hopper, the observed trend was either attenuated or
reversed, indicating that boundary actions may not be sig-
nificantly detrimental to certain tasks. Since Ant, Pusher,
and Reacher did not show a high aBAR, enforcing bound-
ary actions severely impaired the performance. These results

suggest that the boundary action bias in Gaussian may act
differently depending on the given context.

Comparison
Overall Effectiveness. Table 1 summarizes the perfor-
mance of all methods across tasks (see the upper section
of the table where σinit = 0.5). The corresponding learn-
ing curve is shown in Figure 7. We provide the normaliza-
tion scores for each method on the eight continuous control
tasks to facilitate the comparison. The overall performance
demonstrated that our SA-TGaussian achieved the highest
results, followed by CAPG. Interestingly, Gaussian ranked
third, followed by our TGaussian, while Logit and Beta were
positioned at the lower end. For CAPG, correcting the policy
gradient enabled agents to select boundary actions actively
rather than passively, likely contributing to the performance
gain compared to Gaussian. Meanwhile, alternative distribu-
tions with bounded support, such as TGaussian, Logit, and
Beta, underperformed Gaussian despite significantly reduc-
ing aBAR. This suggests that the overcompensation inher-
ent in their distributional design my have limited their abil-
ity to leverage the potential benefits of boundary actions.
However, by adjusting the scale to make boundary actions
more deterministic, SA-TGaussian demonstrated significant
performance improvements over Gaussian, TGaussian, and
even surpassed CAPG. This result highlights the impor-
tance of balancing the trade-off between boundary actions
and interior actions for effective policy learning. Our scale-
adjusted truncated Gaussian policy generally appears to pro-
vide an effective solution for achieving this balance. Addi-
tionally, among the three alternative distributions, TGaus-
sian achieved the highest performance compared to previ-
ous methods, Logit and Beta. This suggests that preserving
the generality of Gaussian distributions can positively con-
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Figure 7: Learning curves during training for each method across MuJoCo tasks.

Figure 8: Learning curves depicting episodic returns (solid lines, left axis) and aBAR (dashed lines, right axis) for each method
across tasks from HumanoidBench (h1hand-walk, h1hand-reach) and DMC (dog-walk, dog-run).

tribute to achieving overall good performance. Moreover,
the shape properties of Logit and Beta, which feature longer
tails than TGaussian and tend to avoid boundary actions
when the location is near the boundary, may have exacer-
bated the negative impact of missing boundary actions.

Task-Wise Anaylsis. Although SA-TGaussian achieved
the highest overall normalization score, each method tended
to exhibit strengths in different tasks. For HalfCheetah
and Walker2d, where GEntmax and GBounds showed in-
termediate levels of performance loss compared to Gaus-
sian, SA-TGaussian performed the best. These tasks origi-
nally had high aBAR with Gaussian, suggesting that bound-
ary action bias might have negatively affected perfor-
mance. SA-TGaussian appears to effectively mitigate this
bias by balancing boundary and interior actions. For Ant,
which experienced significant performance degradation in
GEntmax and GBounds while Gaussian showed moderate
aBAR, our TGaussian performed slightly better than the
others but remained similar to the Gaussian family. For
Hopper, which exhibited minor degradation in GEntmax
but recovered in GBounds, possibly reflecting a more neu-
tral relationship to boundary actions, TGaussian achieved
the highest score. Humanoid followed a pattern similar

to HalfCheetah and Walker2d, with SA-TGaussian
demonstrating strong performance. However, in this case,
the Beta policy slightly outperformed other methods. For
Swimmer, where GEntmax exhibited an inverse trend with
relatively less performance loss in GBounds, the Gaus-
sian family excelled. This result may reflect the need for
boundary actions to enable the dramatic body movements
required for forward motion, akin to a snake’s slither-
ing (Franceschetti et al. 2022). In manipulation tasks like
Pusher and Reacher, Gaussian initially showed almost
zero aBAR, indicating that boundary action effects might
be minimal in these tasks. While Gaussian emerged as
the best performer in Pusher, both TGaussian and SA-
TGaussian also showed strong results. Furthermore, SA-
TGaussian achieved the best performance in Reacher.

Ablation Study
Initial Scale. We report additional comparison with start-
ing scale as σinit = 1.0 in the lower section in Table 1,
which tends to degrade the policy performance than the pre-
vious setting σinit = 0.5 (Andrychowicz et al. 2020). Also,
the large initial scale increases the likelihood of boundary
action bias. As the standard deviation of Beta cannot exceed
0.5 for α > 1 and β > 1, we excluded the Beta from this
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Figure 9: Results of the ablation study on dmin.

Figure 10: Results of the ablation study on k.

experiment. Overall, the performance of the Gaussian fam-
ily diminished from σinit = 0.5, while our SA-TGaussian
policy less diminished, still attaining the best normalization
score. General performance increase in Swimmer is excep-
tional, which was most beneficial from boundary actions.

High-Dimensional Action Space. To evaluate the effec-
tiveness of our methods in tasks with much higher action
dimensions, we conducted additional experiments in two
distinct domains: HumanoidBench and the DMC. Figure 8
presents the learning curves from these experiments, where
solid lines represent episode returns and dashed lines in-
dicate aBAR. Consistent with the results observed in Mu-
JoCo, the Gaussian policy recorded high aBAR near 50%
for each task, while TGaussian and SA-TGaussian main-
tained almost 0% aBAR. Although high-dimensional tasks
generally require precise and delicate actions, the Gaussian
policy severely struggled due to polarized actions. Interest-
ingly, for h1hand-walk and dog-run, TGaussian under-
performed Gaussian, possibly due to overcompensation for
boundary actions. In contrast, SA-TGaussian demonstrated
superior performance across all tasks, emphasizing the im-
portance of its balanced approach.

Scale-Adjustment Hyperparameters. dmin is the mini-
mum of d, where σ′ = σ · d. Thus, with smaller dmin, the
distribution is more decisive for boundary actions. Figure 9
represents the final episodic returns for each case dmin =
0.001, 0.01, 0.1, 0.5, 2.0. We found the decreasing trend in
episodic returns when dmin gets larger. dmin = 0.01 gen-
erally performed the best, but the detailed trend of specific
task was slightly differ from each other.

k is the kurtosis of the scale-discounting ellipse. A larger
k means that the scale discount becomes less significant at
locations farther from the boundary. Figure 10 shows the fi-

nal episodic returns for each case k = 1, 2, 3, 4. While the
generally best-performing value was k = 2, trends varied
across tasks, indicating that the optimal k depended more
on the task than on dmin. For example, Swimmer exhibited
a clear decreasing trend in episodic returns as k increased,
consistent with the main experiments. A larger k means
being less decisive toward boundary actions during train-
ing, which could have negatively affected Swimmer, where
boundary actions are mostly advantageous. Conversely, Ant
showed a clear increasing trend in episodic returns as k in-
creased. A larger k, being less decisive toward boundary ac-
tions, may have positively affected Ant, which is also con-
sistent with the main experiments.

In summary, two ablation studies showed that the com-
bination of dmin = 0.01 and k = 2 generally performs
well, but the optimal setup may vary depending on the task,
particularly in the context of distributional trends related to
boundary actions.

Discussion
In this study, we revisited the issue of boundary action bias
in standard PPO and proposed a truncated Gaussian policy
as a mitigation strategy. Recognizing the counter-bias intro-
duced by the truncated Gaussian, we further developed a
scale-adjusted truncated Gaussian policy to address this lim-
itation. Our results demonstrate that the scale-adjusted trun-
cated Gaussian effectively balances the two sides of the bias,
improving upon the plain Gaussian policy. The competitive
performance of our method suggests that it could serve as
a viable option not only for other tasks but also for other
algorithms. Beyond proposing a method, we emphasize the
importance of understanding the overall impact and roles of
boundary and interior actions in RL tasks. This perspective,
which has been largely overlooked due to the conventional
reliance on Gaussian policies, offers valuable insights for
advancing RL applications.

However, this study did not fully explore the internal
mechanisms through which suppressing boundary actions
can lead to better performance, leaving this as a key area for
future research. Moreover, the experimental results showed
irregular performance patterns across tasks for different
methods, suggesting that the effect of distributional differ-
ences on final performance is influenced by more complex
factors, including the nature of the tasks. Understanding
these factors will be important for further improvement.

It also seems that even truncated Gaussian or other non-
Gaussian distributions significantly reduced the usage of
boundary actions, the performance gap was not that large.
If the patterns of action in policies differ but the perfor-
mances are similar, this may suggest an inherent ability of
RL to adapt to the given distribution rather than being solely
constrained by it. This could be attributed to the fact that
continuous control tasks provide highly diverse pathways to
solutions, even though these pathways are extremely sparse
within the scope of the entire population. Designing toy
problems to better observe the impact of distributions or
conducting experiments with tighter control over variables
influencing learning would be a valuable direction for future
research.
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