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ABSTRACT
Delay remains a significant challenge for applying deep reinforce-
ment learning (DRL) in real-world scenarios. Existing delay-aware
DRL methods primarily rely on state augmentation to restore the
Markov property in delayed environments, yet often assume the
prior knowledge of the exact delay values and suffer from perfor-
mance degradation in random delay environments. However, we
observe that the random delays in real-world often follow specific
statistical patterns. Based on this observation, we propose a novel
method that leverages distributions to represent value functions,
enabling a more accurate modeling of delay uncertainty beyond
traditional expectation-based methods. Building upon delay dis-
tribution properties, we introduce a stochastic delay representa-
tion mechanism to reconstruct precise returns in delayed environ-
ments and prove its convergence to the optimal policy. Finally, we
apply these techniques to design the delay-aware distributional
actor-critic (D2AC) DRL framework. Experimental results show
that D2AC significantly outperforms state-of-the-art delay-aware
DRL methods across various random delay distributions in Mu-
JoCo continuous control tasks. Open source code and appendix are
available at: https://github.com/COOLAS-CS/D2AC.
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1 INTRODUCTION
Deep Reinforcement Learning (DRL) has advanced fields like gam-
ing, robotics, and autonomous systems, achieving milestones such
as surpassing human performance in Go. However, applying DRL to
real-world scenarios faces significant challenges, with delay being
a critical issue [10]. Conventional DRL assumes immediate inter-
action between the agent and environment, but real-world tasks
often face delays due to physical or communication constraints. For
example, teleoperation and self-driving cars are affected by network
and sensing delays [27], hindering DRL efficiency in environments
with unpredictable delays.

To handle with the above mentioned issues, a series of recent
literature have proposed the delay-aware DRL methods. Most meth-
ods focus on constant delay environments, assuming a known con-
stant delay value [5, 17, 20, 33, 34]. Even though some studies also
address random delay environments, they assumed that the meth-
ods have a complete knowledge of the exact random delay values
[4, 25, 32]. Obviously, such assumptions of the constant or pre-
dictable random delays are over-optimistic and unrealistic in real-
world scenarios.

In most practical systems where the reinforcement learning tasks
are applied to, it has been observed that real-world delays often
follow specific statistical patterns, such as transmission and routing
delays in communication networks [14, 19, 31, 36], or inference and
computation delays in deep learning systems [1, 12]. Prior studies
have shown that these delays are not entirely arbitrary, but rather
tend to exhibit stationary statistical properties and probabilistic dis-
tributions, which can often be obtained through empirical profiling
or statistical analysis [11, 22]. To better explore the delay features
in the real-world scenarios, we conducted real measurements on
the delays in some network control systems, the observation of
which confirmed the presence of such distributional characteris-
tics (Figure 1). Encouragingly, similar findings have been reported
in delay-aware reinforcement learning studies. For example, [4]
collected a dataset of communication delays between a decision-
making computer and a flying robot over Wi-Fi, revealing that
real-world Wi-Fi delays follow a distribution closely resembling
a Gamma distribution, which was subsequently used to simulate
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realistic delay conditions in their experiments. In addition, [25]
investigated real-world delayed settings in the context of medical
decision making, exhibiting statistical regularities in the delay pat-
terns. Such an observation suggests that the distributional nature
of delays can be exploited to design more effective delay-aware
reinforcement learning algorithms.

Most recently, [30] proposed the State Augmentation-MLP, as-
suming knowledge of the maximum random delay, which has
demonstrated outstanding performance compared to other SOTA
methods in random delay environments. This method is based on
state augmentation, a conventional method that, in random delay
environments, concatenates the most recent delayed observation
with a number of historical actions equal to the delayed timesteps,
forming an augmented state that restores the Markov property,
and is used in most existing delay-aware DRL methods [4, 5, 8].
However, the state space of such methods grows exponentially
with increasing delay, significantly reducing learning efficiency
and effectiveness, and showing limited adaptability in random de-
lay environments.

In this work, we propose a novel delay-aware distributional actor-
critic method named D2AC, which utilizes the delay distribution to
address the challenges of deep reinforcement learning applied to
real random delay environments, without assuming the knowledge
of exact delay values as prior work do. Our method avoids modify-
ing the state space and thus will not suffer from the exponential
growth of the augmented state space as the delay increases, thereby
improving learning efficiency. Importantly, we recognize that ran-
dom delays introduce probabilistic uncertainty in sequential feedback,
where both observations and actions can influence a range of future
timesteps, each with varying probabilities. The return thus must be
computed to consider all affected timesteps, not just the next one. This
delay distributional perspective is crucial for precise, robust learn-
ing in delay environments, enhancing adaptability while reducing
computational overhead. The main contributions include:

• We propose a new stochastic delay representation process
for random delay environments, using delay distribution
to account for the influence range of observations or ac-
tions. This accurately reconstructs the value representation
of state-action pairs, enhancing performance in reinforce-
ment learning with random delays.

• We represent the value function with distributions instead
of expectation value, enabling more stable training in dy-
namic environments with random delays. The combination
of stochastic delay representation and distributional value
function enhances modeling in delayed environments and
ensures convergence to the optimal policy.

• Weempirically demonstrate that our proposedD2AC achieves
significant performance improvements over existing SOTA
methods under random delay environments on the MuJoCo
benchmark.

To the best of our knowledge, the proposed method is the first
to explicitly leverage the stochastic nature of delays, avoiding unre-
alistic assumptions about the exact delay values to handle random
delays. Additionally, it is the first to introduce the concept of distri-
butional reinforcement learning to address reinforcement learning
with random delays.
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(a) Round-Trip Time (RTT) Delay Distribution. RTT of UDP
packets is measured between the UAV and the base station.
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(b) RTT+Photo Capture Delay. The total time, including the RTT
of UDP packets between the UAV and the base station as well as
the time taken for theUAV to capture anRGB image, ismeasured.

Figure 1: Statistical results of delay data under different set-
tings in the remote-controlled UAV scenario, where UAV and
base station are connected by Wifi. We conducted 10 mea-
surements under different settings, collecting 1,000 delay
data points in each measurement. The mean values across
the 10 measurements (orange curve) and the 95% confidence
intervals (shaded area) were calculated and analyzed.

2 RELATEDWORK
Delay-aware Reinforcement Learning. Delays in the environ-
ment render the standard Markov decision process (MDP) inapplica-
ble, prompting the development of variants such as delay-aware and
constant delayed MDPs. To reformulate these as standard MDPs, a
widely adopted state augmentation method concatenates the last
observed state with intervening actions since that observation [5, 8].
In this line of research, the Delay-Correcting Actor-Critic (DCAC)
algorithm [4] is capable of handling both random observation and
action delays, which aligns closely with the problem we aim to
address. However, this method suffers from extremely low com-
putational efficiency caused by the recursive nature of the partial
resampling operator. Furthermore, the augmented state space grows
exponentially as the number of delayed timesteps increases.

To address this issue, several state prediction-based methods
[15, 21, 29, 35] have been proposed to predict the undelayed state
or belief representation by utilizing historical state and action in-
formation, by leveraging world models, recurrent neural networks
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Figure 2: Illustration of the shifting process of actions and observations in random delay environments. 1○the agent selects an
action 𝑎𝑡 based on the observation 𝑠𝑡 and sends it to the environment; 2○due to the action delay, the environment receives 𝑎𝑡 after
𝑖 timesteps, denoted as 𝑎𝑡+𝑖 , i.e., 𝑎𝑡 and 𝑎𝑡+𝑖 are the same action; 3○the environment executes 𝑎𝑡+𝑖 and returns the observation
𝑠𝑡+𝑖 to the agent; 4○due to the observation delay, the agent receives 𝑠𝑡+𝑖 after 𝑗 timesteps, denoted as 𝑠𝑡+𝑖+𝑗 , i.e., 𝑠𝑡+𝑖 and 𝑠𝑡+𝑖+𝑗 are
the same observation.

(RNNs), etc. However, in complex random delay environments, the
accuracy and generality of these prediction methods significantly
limit their broader application. Recently, DFBT [32] introduced a be-
lief estimation framework that directly forecasts current states from
observations without recursively estimating intermediate latent
states. This design greatly mitigates the compounding errors of tra-
ditional recursive prediction approaches. However, DFBT assumes
access to a delay-free offline dataset to pretrain the belief model
before deployment in delayed online environments, an assumption
that is highly unrealistic when delays are intrinsic to the real world
applications. Additionally, [17] proposed a novel belief projection
method that tackles the state-space explosion problem by project-
ing the augmented state space into a smaller one. However, this
method is only applicable to constant delay environments, which
do not reflect real-world practical features.

Alternatively, several auxiliary-policy-based methods have been
proposed to mitigate limitations of state augmentation and pre-
diction based methods. [33] framed the problem as variational
inference and used behavior cloning to approximate undelayed
policies, while [34] leveraged auxiliary tasks with short delays to
improve policy learning for long-delay tasks. Similarly, [20] utilized
imitation learning to teach delayed policies based on undelayed
demonstrations. However, they rely on the unrealistic assumption
that effective policies can be obtained in undelayed or short-delay
environments, which is impractical due to the inherent and pat-
terned nature of delays in real-world applications. Moreover, their
focus on constant delays further limits practical applicability.

Distributional Reinforcement Learning. Conventional rein-
forcement learning optimizes the expected return, but randomness
between the agent and the environment causes returns to follow
a distribution under a policy 𝜋 . [3] introduced the distributional
DQN (C51), representing returns as discrete distributions, estab-
lishing the foundation for distributional reinforcement learning.
Subsequently, several methods have refined distribution modeling,

providing robust theoretical and practical advances [6, 7, 26, 37].
The distributional perspective has also been extended to actor-critic
frameworks, such as Gaussian Mixture Actor-Critic [24], which
models returns with Gaussian mixtures, and algorithms like D4PG
[2] and DSAC [9], improving value estimation in complex scenarios.
Building on these advancements, to the best of our knowledge, this
work is the first to leverage distributional reinforcement learning
to model uncertainty in random delay environments and address
challenges in accurate return estimation under delays.

3 DELAY-AWARE DISTRIBUTIONAL VALUE
FUNCTION AND STOCHASTIC DELAY
REPRESENTATION

In this section, we first present the distributional value function that
enables more stable learning in delayed environments. Building on
this, we propose a novel stochastic delay representation mechanism,
which accurately models state-action returns across all timesteps
potentially affected by random delays. Finally, we further investi-
gate theoretical guarantees of stochastic delay representation in
settings involving both observation and action delays.

3.1 Distributional Value Function
Conventional reinforcement learning is generally modeled as a
Markov decision process represented by a 5-tuple (𝑆,𝐴, 𝑅, 𝑃,𝛾),
where 𝑆 is the state space, 𝐴 is the action space, 𝑅 : S × A ↦→ R is
the reward function, 𝑃 : S×A×S is the transition probability, and
𝛾 ∈ (0, 1) is the discount factor. The Bellman equation is utilized to
describe the value function as shown below:

𝑄 (𝑠, 𝑎) = 𝑟 (𝑠, 𝑎) + 𝛾 ·𝑄 (𝑠′, 𝑎′), (1)

where 𝑠′ ∼ 𝑃 (·|𝑠, 𝑎) and 𝑎′ ∼ 𝜋 (·|𝑠′).
In contrast to the common approach to RL which models the

expectations of the return, the distributional value function effec-
tively models the distributional characteristics of returns [3]. The
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Figure 3: Interaction process with random delays. Black num-
bers and gray vertical lines denote timesteps. Green num-
bers/lines represent the magnitudes and effects of action
delays. Pink lines indicate when the environment applies
actions and transitions. Blue numbers/lines represent the
magnitudes and effects of observation delays.

distributional perspective retains the expressive power of value dis-
tributions, improving learning stability and supporting specialized
tasks. In environments with random delays, it effectively captures
uncertainty, enhancing both robustness and representational flex-
ibility in value estimation. Moreover, by substantially reducing
estimation errors, it strengthens the effectiveness of the following
stochastic delay representation mechanism.

Being aware of the representation capability of value distribu-
tions, this paper is the first to introduce the distributional value
function in delayed environments. Formally, in DRL, let 𝑄 (𝑠, 𝑎)
denote the expectation of the state-action value, the distributional
value function can be expressed as 𝑍 (𝑠, 𝑎) whose expectation is the
value 𝑄 (𝑠, 𝑎), i.e. 𝑄 (𝑠, 𝑎) = E [𝑍 (𝑠, 𝑎)]. This distributional value
function can be also described by a recursive Bellman equation, but
in a distributional manner:

𝑍 (𝑠, 𝑎) = 𝑟 (𝑠, 𝑎) + 𝛾 · 𝑍 (𝑠′, 𝑎′), (2)

where 𝑠′ ∼ 𝑃 (·|𝑠, 𝑎) and 𝑎′ ∼ 𝜋 (·|𝑠′).
In this work, we adopt the Gaussian distribution, known for its

high expressiveness, to approximate the return [23, 28]. Thus, the
neural network designed for distribution estimation, outputs both
the mean and standard deviation.

3.2 Delay-Aware Stochastic Delay
Representation

Before formally introducing our proposed method, we first ana-
lyze the effect of delay distributions on the interaction dynamics
between the agent and the environment. In random delay envi-
ronments, the transitions recorded by the agent do not directly
correspond to the real-time interactions and feedback from the en-
vironment. To clearly represent, in random delay environments, we
use 𝑠𝑡 , 𝑎𝑡 , and 𝑟𝑡 to denote the observation, action, and reward at the
agent’s side at timestep 𝑡 , distinguishing them from the oracle state
𝑠𝑡 , action 𝑎𝑡 , and reward 𝑟𝑡 involved in the delay-free environment.

As an example, we consider the environment with action delay
only, where the delayed observation 𝑠𝑡 is identical to the oracle
state 𝑠𝑡 . As shown in Figure 2, due to action delays, the current
state-action pair (𝑠𝑡 , 𝑎𝑡 ) may not immediately determine the next

state 𝑠𝑡+1. Instead, the agent receives feedback for (𝑠𝑡 , 𝑎𝑡 ) after a
delay of 𝑖 timesteps, where 𝑖 is drawn from an action delay dis-
tribution 𝑝𝑎 . Consequently, the reward 𝑟𝑡 observed at timestep 𝑡

does not correspond to the state-action pair (𝑠𝑡 , 𝑎𝑡 ); the true reward
for this pair is delayed and becomes available at timestep 𝑡 + 𝑖 ,
denoted as 𝑟𝑡+𝑖 . Therefore, to accurately compute the return for
(𝑠𝑡 , 𝑎𝑡 ), it must be evaluated starting from timestep 𝑡 + 𝑖 . Similarly,
in environments with observation delay only, when the environ-
ment provides observations and rewards, the agent may receive this
feedback at different future timesteps, with varying probabilities
for each timestep.

It is worth noting that we assume the environment’s reward
is bound to the observation, meaning that at the same timestep,
the reward and observation share the same delay. If the agent
receives multiple observations and rewards at a given timestep
due to random delays, it selects the most recent ones; if none are
received, it reuses those from the previous timestep. Similarly, for
the environment side, the same rule applies, where it selects the
most recent action if multiple are received; otherwise, it reuses the
previous action, as illustrated in Figure 3.

Based on the analysis, we propose the stochastic delay represen-
tation method to address the DRL with random delays. We present
insights into the characteristics of random delays, as outlined be-
low. By moving beyond the conventional local horizon of policy
updates, which rely on sampled single-step transitions, we observe
that random delays introduce probabilistic uncertainty into the tim-
ing of feedback. Considering this probabilistic nature, it becomes
clear that both observations and actions can influence a spectrum
of future timesteps, each with varying probabilities, as shown in
Figure 2. Therefore, the accurate computation of returns must ac-
count for all potential timesteps affected by these delayed actions
and observations, rather than being limited to the next timestep, to
recover accurate value functions in the presence of random delays.

As shown in Figure 2, from the perspective of delay distribu-
tion, an action can influence multiple future timesteps with certain
probabilities. Therefore, the estimation of value function 𝑍 (𝑠𝑡 , 𝑎𝑡 )
must account for the probabilistic effects of this delay distribution.
Specifically, 𝑍 (𝑠𝑡 , 𝑎𝑡 ) should reflect the returns between timesteps
𝑡 + 1 and 𝑡 + 𝛿𝑎 , where we assume that, in real world applications,
when the probability of a delay falls below a threshold, its impact
becomes negligible. We define the effective delay range as the set
of delays in the distribution that exceed this threshold, with 𝛿𝑎
representing the maximum value of the action delay distribution.
Based on this insight, we can derive the following stochastic delay
representation for the environment with random action delays:

𝑍 (𝑠𝑡 , 𝑎𝑡 ) =
𝛿𝑎∑︁
𝑖=1

𝑝𝑎𝑖 · [𝑟𝑡+𝑖 (𝑠𝑡+𝑖 ) + 𝛾 · 𝑍 (𝑠𝑡+𝑖+1, 𝑎𝑡+𝑖+1)], (3)

where 𝑝𝑎𝑖 denotes the probability that the action delay is 𝑖 timesteps,
and we define 𝑟 (𝑠) as the reward associated with state 𝑠 in this paper.

Similarly, in environments with only observation delays, when
the environment provides observations and rewards, the agent may
receive this feedback at different future timesteps, with varying
probabilities for each timestep. Based on the observation delay
probability distribution, a similar form to Eq. (3) can be used to
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reconstruct the value function by replacing the action delay dis-
tribution with the observation delay distribution. In the following,
we provide the detailed theoretical analysis of the properties of our
proposed D2AC method.

3.3 Unifying Observation and Action Delays
Real-world scenarios often involve various types of delays, which
can significantly increase the problem complexity. When both ob-
servation delay and action delay are present, we decompose the
process according to Eq. (3). As illustrated in Figure 2, due to the ac-
tion delay, an action taken at timestep 𝑡 will be executed at timestep
𝑡 + 𝑖 with a probability of 𝑝𝑎𝑖 . At timestep 𝑡 + 𝑖 , this action interacts
with the environment, and the agent will receive environmental
feedback (e.g., observation and reward) at timestep 𝑡 + 𝑖 + 𝑗 with
a probability of 𝑝𝑜𝑗 . Based on the influence of such delay distribu-
tions, we define stochastic delay representation with distributional
returns in Eq. (4) to represent the value function, accounting for
both observation and action delays.

𝑍 (𝑠𝑡 , 𝑎𝑡 ) =
𝛿𝑎∑︁
𝑖=1

𝑝𝑎𝑖 ·
𝛿𝑜∑︁
𝑗=1

𝑝𝑜𝑗 · 𝑍 (𝑠𝑡+𝑖+𝑗 , 𝑎𝑡+𝑖+𝑗 )

=

𝛿𝑎∑︁
𝑖=1

𝑝𝑎𝑖 ·
𝛿𝑜∑︁
𝑗=1

𝑝𝑜𝑗 · [𝑟𝑡+𝑖+𝑗 (𝑠𝑡+𝑖+𝑗 )

+ 𝛾 · 𝑍 (𝑠𝑡+𝑖+𝑗+1, 𝑎𝑡+𝑖+𝑗+1)],

(4)

where 𝛿𝑎 and 𝛿𝑜 denote the maximum values of effective action
delay range and effective observation delay range, respectively,
while 𝑝𝑜𝑖 and 𝑝𝑎𝑗 represent the probabilities that the observation
delay and action delay are equal to 𝑖 and 𝑗 , respectively. By applying
stochastic delay representation with distributional returns in Eq.
(4), we can efficiently and directly recover the return of state-action
pairs (𝑠, 𝑎) in environments with random delays, thereby enabling
effective and stable policy improvement.

Proposition 1 [Equivalence of Observation and Action De-
lays]. Assume the action delay 𝑖 ∈ [1, 𝛿𝑎] and the observation de-
lay 𝑗 ∈ [1, 𝛿𝑜 ] are discrete variables and statistically independent
of each other. The stochastic delay representation 𝑍 (𝑠𝑡 , 𝑎𝑡 ) depends
only on the total delay 𝑘 = 𝑖 + 𝑗 through the joint distribution
𝑝
𝑗𝑜𝑖𝑛𝑡

𝑘
=

∑
𝑖+𝑗=𝑘 𝑝

𝑎
𝑖 · 𝑝𝑜𝑗 . Thus action and observation delays con-

tribute identically to the construction of 𝑍 (𝑠𝑡 , 𝑎𝑡 ) and are equivalent
in effect within this representation.

Building on prior studies on the equivalence of various delay
types [16, 25, 30], we provide a formal proposition that our pro-
posed stochastic delay representation can equivalently handle these
delays, as it addresses random delays through a novel value func-
tion update mechanism, which differs from the perspectives taken
in prior studies. The formal proof is also provided (see Appendix
B.1). Therefore, Eq. (4) can be simplified into a unified form:

𝑍 (𝑠𝑡 , 𝑎𝑡 ) =
𝛿 𝑗𝑜𝑖𝑛𝑡∑︁
𝑘=1

𝑝
𝑗𝑜𝑖𝑛𝑡

𝑘
· [𝑟𝑡+𝑘 (𝑠𝑡+𝑘 )

+𝛾 · 𝑍 (𝑠𝑡+𝑘+1, 𝑎𝑡+𝑘+1)],
(5)

where 𝛿 𝑗𝑜𝑖𝑛𝑡 denotes the maximum value of this joint delay. For
simplicity, we let 𝑘 start from 1, with 𝑝

𝑗𝑜𝑖𝑛𝑡

𝑘
= 0 if no valid (𝑖, 𝑗)

satisfies 𝑖 + 𝑗 = 𝑘 ; this does not affect the result.

Theorem 1 [Convergence of Stochastic Delay Representation
withDistributional Returns]. The stochastic delay representation with
distributional returns in Eq.(4), which map the state-action pair (𝑠, 𝑎)
to a distributional return in delayed environments, can converge to a
policy 𝜋∗ such that𝑄𝜋

∗ (𝑠, 𝑎) ≥ 𝑄𝜋 (𝑠, 𝑎) for ∀𝜋 and ∀(𝑠, 𝑎) ∈ S ×A,
assuming that |A| < ∞ and reward is bounded.

The formal proof is provided in Appendix B.2. Theorem 1 relies
on the fact that the distributional soft Bellman operator is a con-
traction mapping [9]. Under this property, we formally establish
that the stochastic delay representation with distributional returns
converges to an optimal policy that maximizes the expected value
function (Q-value) rather than the distributional value function
(Z-value). This result arises from the fact that the objective func-
tion in the policy improvement process remains grounded in the
traditional expected value function, as detailed in Section 4.

Although the proposed method is primarily designed for random
delay environments, it is also applicable to constant delay environ-
ments commonly addressed in the related works. This is because
constant delay environments can be considered as a special case
of random delay environments, where the probability of a specific
delay is equal to one. This effectiveness and adaptability are also
validated in our experiments.

4 DELAY-AWARE DISTRIBUTIONAL
ACTOR-CRITIC (D2AC)

In this section, we propose the Delay-Aware Distributional Actor-
Critic (D2AC) and demonstrate that the stochastic delay repre-
sentation with distributional returns is broadly applicable to any
Actor-Critic algorithm. Although we use Soft Actor-Critic (SAC)
as an example, our method is not tied to any specific properties of
SAC. The framework of D2AC is shown in Figure 4.

The core insight of D2AC lies in fundamentally redefining the
critic’s role within the actor-critic paradigm. Instead of estimating
a single expected return, the critic is designed to construct a target
value distribution that encapsulates the uncertainty inherent in
random delay environments. To this end, the critic reconstructs a
more accurate return distribution by sampling the future trajectory
from the replay buffer guided by the delay distribution and proba-
bilistically weighting the returns within it. This information-rich
distribution then provides a substantially more stable and expres-
sive learning signal for the actor, which in turn learns to select
actions that favorably shape future returns. This synergistic inter-
play is key to D2AC’s ability to learn robustly and effectively in
such challenging environments.

The stochastic delay representation with distributional returns
variant of the soft Bellman operator T 𝜋

D : Z → Z, where Z is de-
fined as the distributional value function space, with the maximum
entropy can be defined as

T 𝜋
D 𝑍 (𝑠, 𝑎) 𝐷=

𝛿𝑎∑︁
𝑖=1

𝑝𝑎𝑖 ·
𝛿𝑜∑︁
𝑗=1

𝑝𝑜𝑗 · [𝑟𝑖+𝑗 (𝑠𝑖+𝑗 )

+ 𝛾
(
𝑍

(
𝑠𝑖+𝑗+1, 𝑎𝑖+𝑗+1

)
− 𝛼 log𝜋

(
𝑎𝑖+𝑗+1 |𝑠𝑖+𝑗+1

) )
],

(6)

where 𝑟𝑖+𝑗 is defined as the reward at 𝑖 + 𝑗 timesteps after the state-
action pair (𝑠, 𝑎), (𝑠𝑖+𝑗+1, 𝑎𝑖+𝑗+1) as the state-action pair at 𝑖 + 𝑗 + 1
timesteps after (𝑠, 𝑎), and 𝛼 is the temperature parameter.
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Figure 4: Overview of D2AC: comprising two core components—A○ the distributional value function, where the critic is trained
to represent the value of state-action pairs as a distribution, and B○ the stochastic delay representation, which reconstructs the
return of state-action pairs in random delay environments by utilizing sampled sequential transition data.

D2AC samples multiple sequential trajectory information from
the replay buffer, represented as 𝜏𝑛 = {(𝑠𝑖 , 𝑎𝑖 , 𝑟𝑖 , 𝑠𝑖+1, 𝑎𝑖+1)}𝑡+𝛿𝑎+𝛿𝑜𝑖=𝑡

,
where the length of the sampled trajectory is the maximum of total
delays. Furthermore, for computational convenience, we use the
KL divergence as the regulation metric during training. Although
Theorem 1 employs the maximal form of the Wasserstein metric,
KL divergence is a common practice in the field of distributional
reinforcement learning [3, 9].

In the policy improvement step, the policy is learned by maxi-
mizing the following objective:

𝐽𝜋 (𝜙) = E
𝑠∼B
𝑎̃∼𝜋𝜙

[
E

𝑍∼Z𝜃

[
𝑍 (𝑠, 𝑎)

]
− 𝛼 log

(
𝜋𝜙 (𝑎 |𝑠)

) ]
, (7)

where B denotes the replay buffer containing collected experience
in delayed environments, and 𝜙 denotes the parameters of policy
𝜋 , while 𝜃 represents the parameters of Z.

Specifically, the expectation of the stochastic delay representa-
tion with distributional returns is involved in the policy improve-
ment, as shown in Eq. (8). This equation is equivalent to the update
rule presented in Eq. (7).

𝜋𝑛𝑒𝑤 =arg min
𝜋𝑜𝑙𝑑 ∈Π

𝐷𝐾𝐿(
𝜋𝑜𝑙𝑑 (·|𝑠)





 E𝑍∼Z𝜃 , 𝑎̃∼𝜋𝑜𝑙𝑑
[
𝑍
𝜋𝑜𝑙𝑑
𝑣𝑎𝑙𝑢𝑒

(𝑠, 𝑎)
]

𝑍
𝜋𝑜𝑙𝑑
𝑎𝑐𝑡𝑖𝑜𝑛

(𝑠)

)
(8)

where 𝑍𝑣𝑎𝑙𝑢𝑒 denotes the stochastic delay representation with dis-
tributional returns, 𝜃 represents the parameters of 𝑍𝑣𝑎𝑙𝑢𝑒 , 𝑍𝑎𝑐𝑡𝑖𝑜𝑛
denotes the action distribution, and 𝜋𝑜𝑙𝑑 is the previous policy.

5 EXPERIMENTAL RESULTS
Environments. We conducted experimental evaluations in the
MuJoCo environments within Gymnasium and implemented the
random delay settings usingWrappers based on [4]. In the setting of
random delay environments, the analysis of Wi-Fi network delays

in [4] shows that the statistical results closely resemble a gamma
distribution, and in [18], the authors used Gaussian-related distri-
butions to simulate delays. These findings are consistent with the
statistical results we presented in Figure 1, which inspired us to design
gamma and double Gaussian distributions for delay environments.
While uniform distribution is a common choice in the experiments
of related works [4, 25], it is also included. The details of delay
distribution are provided in Appendix C.1.

Implementation. The implementation of the distributional
value function in our method draws on the Distributional Soft
Actor-Critic, which assumes that the random returns 𝑍 (𝑠, 𝑎) follow
a Gaussian distribution [9]. Given that most related work primarily
considers observation delays, the following experimental results are
presented in the context of observation delays for comparison. Each
task was executed with 8 runs, and the hyperparameter settings of
D2AC are presented in Appendix C.2.

5.1 Comparative Evaluation
Baselines.We compared the performance of our proposed D2AC
with six state-of-the-art methods, including DFBT [32], VDPO [33],
AD-SAC [34], State Augmentation-MLP(abbreviated as State Aug-
MLP) [30], BPQL [17] and DCAC [4]. In the experiments involving
random delays, to ensure a fair comparison, we provided the mean
value of the random delay distribution as prior knowledge for meth-
ods primarily designed to handle constant delays, such as VDPO,
AD-SAC, and BPQL. For methods designed to handle random de-
lays, we follow their original design schemes. Specifically, for State
Augmentation-MLP, the maximum value of the random delay dis-
tribution is provided as prior knowledge. For DFBT and DCAC, the
exact delay value at each timestep is provided accordingly.

It is important to note that DFBT requires the D4RL offline
dataset to construct its training data. Since the MuJoCo tasks in
D4RL are based on older environments (typically version v2), while
newer online benchmarks have migrated to MuJoCo v4, a direct
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Table 1: Results of comparative experiments within 1M global steps. Data are presented as mean ± standard error of the mean
(S.E.M). The best performing methods, including those within the range of S.E.M of the best, are highlighted in bold. Each
method was run 8 random seeds.

Delay Method Walker2d-v4 Hopper-v4 Ant-v4 Humanoid-v4 Reacher-v4

Gamma

VDPO[33] 3596.3±1342.8 1279.4±280.4 2541.5±833.1 4539.9±1749.2 -5.5±1.8
AD-SAC[34] 3710.0±1087.5 1193.3±293.0 1187.1±657.1 2405.4±1218.3 -5.3±0.6

State Aug-MLP[30] 3703.3±503.4 2753.1±571.7 2459.0±396.1 1030.4±181.5 -3.9±0.5
BPQL[17] 2365.1±880.1 2414.9±447.3 1070.5±220.6 77.2±1.5 -7.2±1.6
DCAC[4] 3229.4±923.2 3159.7±334.5 1057.9±617.7 4836.3±74.6 -9.9±2.9

D2AC(ours) 4584.5±595.6 3331.0±323.4 2856.8±421.1 4847.2±675.8 -4.3±0.5

Double Gaussian

VDPO[33] 2181.7±1324.5 611.6±217.4 1206.8±499.6 2581.7±1239.4 -6.3±2.0
AD-SAC[34] 1613.7±880.3 528.8±290.9 244.6±153.5 1425.8±1084.0 -7.0±0.9

State Aug-MLP[30] 2624.9±911.5 2731.1±446.0 1788.8±348.0 714.2±123.2 -4.8±1.1
BPQL[17] 517.3±88.3 752.5±465.9 791.2±325.5 272.2±162.6 -11.7±1.4
DCAC[4] 3608.6±212.9 2915.4±399.0 330.8±127.8 2950.5±1381.8 -8.6±1.9

D2AC(ours) 4680.8±741.7 3091.1±284.0 1778.8±105.3 4023.9±722.6 -4.8±0.3

Uniform

VDPO[33] 1039.4±524.8 326.1±138.7 1635.0±418.9 2143.9±1011.1 -8.5±2.7
AD-SAC[34] 1030.2±359.2 327.7±89.7 455.8±318.1 2302.4±1039.4 -8.8±1.2

State Aug-MLP[30] 2568.2±1154.8 1904.7±506.6 1621.3±253.8 638.5±54.0 -4.9±0.8
BPQL[17] 360.6±70.6 546.9±253.4 465.2±359.2 116.9±51.1 -12.4±2.1
DCAC[4] 736.2±474.9 856.8±633.3 449.8±185.9 888.2±233.4 -9.9±1.7

D2AC(ours) 4266.8±523.6 2827.3±235.9 1700.4±188.8 3862.1±613.5 -4.8±0.4

Constant 5

VDPO[33] 3589.2±1458.7 1912.5±439.5 4057.2±2041.7 4950.0±1201.4 -5.1±1.5
AD-SAC[34] 3713.2±943.1 2129.7±635.5 3391.2±1014.4 3650.0±1546.9 -5.1±0.5

State Aug-MLP[30] 3355.7±793.7 2828.4±802.7 2171.1±185.4 708.1±60.6 -5.1±0.5
BPQL[17] 4250.3±409.9 3224.4±607.9 5458.4±167.5 5181.4±519.0 -5.2±2.1
DCAC[4] 4320.3±432.9 3364.6±163.8 2629.8±417.9 5213.0±199.8 -7.7±2.0

D2AC(ours) 4564.2±377.4 2947.8±235.8 3002.2±245.6 5280.1±517.2 -5.2±0.6

Table 2: Results of comparative experiments with DFBT
within 1M global steps. Data are presented as mean ± stan-
dard error of themean (S.E.M). The best performingmethods,
including those within the range of S.E.M of the best, are
highlighted in bold. Each method was run 8 random seeds.

Delay Method Walker2d-v2 Hopper-v2 Ant-v2

Gamma DFBT[32] 3350.9±469.2 2509.5±259.3 2429.3±308.9
D2AC(ours) 4819.8±288.4 3398.7±368.6 2791.2±254.4

Double Gaussian DFBT[32] 3584.3±602.3 2036.9±742.5 2622.6±499.6
D2AC(ours) 4522.8±187.7 3338.1±110.3 1954.5±138.3

Uniform DFBT[32] 2233.1±329.1 2653.1±697.8 2006.0±495.0
D2AC(ours) 4443.3±318.3 2932.3±134.1 1677.1±46.5

Constant 5 DFBT[32] 3388.4±635.9 2796.1±237.8 2231.6±316.2
D2AC(ours) 5025.4±106.6 3088.2±107.0 2934.1±109.4

comparison across versions would introduce discrepancies in task
dynamics and reward scaling. Therefore, for a fair and consistent
evaluation, we compare our method with DFBT exclusively on Mu-
JoCo v2 tasks. For other methods that do not rely on offline datasets,
we perform evaluations on the MuJoCo v4 tasks.

The comparative evaluation results in random delay environ-
ments are shown in Table 1 and Table 2, and the smoothed learn-
ing curves are provided in Figure 5 and Appendix D.1. In random
delay environments, D2AC demonstrates significant performance ad-
vantages across most tasks. By integrating the distributional value

function with the stochastic delay representation mechanism, D2AC
achieves not only faster convergence but also lower performance vari-
ance across multiple runs under the same conditions, showcasing its
exceptional adaptability and stability in random delay environments.

5.2 D2AC in Handling Different Types of Delays
Applicable to environments with constant delays: We con-
ducted experiments with a constant delay of 5 to evaluate the
generalization of D2AC (results given in Table 1 and Table 2 and
learning curves given in Appendix D.2). While a constant delay
environment can be viewed as a degenerate case of a delay distribu-
tion, it lacks the inherent statistical properties that our method is
designed to leverage. This leads to a degeneracy in our core mecha-
nism, which prevents D2AC from consistently outperforming all
state-of-the-art methods designed for constant delays across all
tasks in this specific delay setting. Nevertheless, D2AC holds a sig-
nificant advantage over methods specifically designed for random
delays, showcasing its superior adaptability and effectiveness under
different delay conditions.
Applicable to environments with action delays: Due to the
theoretical equivalence of different delay types, most related works
primarily focus on methods designed for observation delays. We
experimentally demonstrate that the proposed D2AC can effectively
handle scenarios with different types of delays. In the experiments,
both observation delays and action delays follow a gamma distri-
bution. The experimental results, presented in Appendix D.3, show
that, despite some randomness leading to slight variations in the
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Figure 5: Comparison results of the smoothed learning curves for partial MuJoCo tasks in the uniform delay environment.

Table 3: Results of ablation experiments within 1M global steps. Data are presented as mean ± standard error of the mean
(S.E.M). The best performing methods, including those within the range of S.E.M of the best, are highlighted in bold. Each
method was run 8 random seeds. SDR denotes the proposed stochastic delay representation method.

Delay Method Walker2d-v4 Hopper-v4 Ant-v4 Humanoid-v4 Reacher-v4

Gamma
SAC 2020.7±1208.8 1574.4±767.5 60.9±148.4 109.9±34.6 -9.0±3.2

SAC+SDR 3376.9±576.7 3184.5±140.6 771.6±246.2 538.6±98.1 -5.7±0.7
D2AC (ours) 4584.5±595.6 3331.0±323.4 2856.8±421.1 4847.2±675.8 -4.3±0.5

Double Gaussian
SAC 190.8±262.6 277.7±149.0 -173.6±278.6 88.7±11.3 -10.9±1.2

SAC+SDR 3052.1±733.9 1628.2±1094.5 -18.9±4.1 673.4±156.2 -8.3±3.8
D2AC (ours) 4680.8±741.7 3091.1±284.0 1778.8±105.3 4023.9±722.6 -4.8±0.3

outcomes for the two types of delays, D2AC achieves comparable
performance in environments with observation and action delays,
highlighting its effectiveness in handling various types of random
delay environments. This result is consistent with Proposition 1.

5.3 Ablation Study
To better evaluate the contribution of each component in our pro-
posed D2AC, we conducted ablation experiments comparing it with
normal SAC and SAC+Stochastic Delay Representation (SAC+SDR).
Both normal SAC and SAC+Stochastic Delay Representation are
based on CleanRL [13], where SAC+Stochastic Delay Representa-
tion refers to applying the stochastic delay representation to normal
SAC while maintaining the return as an expectation rather than as
a distribution. We conducted ablation experiments in both gamma
and double Gaussian delay distributions, with the results shown in
Table 3 and the learning curves provided in Appendix D.4.

The ablation experiment results demonstrate that distributional
returns and the stochastic delay representation mechanism are
complementary and interdependent. Random delays may introduce
missing, duplicate, or out-of-order observations, actions, and re-
wards, leading to inconsistent sequential feedback between the
agent-environment interaction and the transition stored in the
replay buffer. This inconsistency causes SAC+Stochastic Delay Rep-
resentation to suffer from inaccurate Q-value estimation based on
data sampled from the replay buffer, thus reducing the effective-
ness of the stochastic delay representation mechanism. In contrast,
distributional returns effectively model the uncertainty in delayed
environments, enhancing the robustness and representational flex-
ibility of the value function estimation. Moreover, by leveraging

the advantage of distributional returns in significantly reducing
value function estimation errors, the stochastic delay representa-
tion mechanism becomes more effective. This synergy enables our
proposed D2AC method to demonstrate superior performance in
random delay environments.

6 CONCLUSIONS
In this paper, we tackle deep reinforcement learning with random
delays. To model the delay uncertainty, we represent the Q-value as
a distribution and develop a stochastic delay representation method
to recover true returns from delay distributions. Integrating these
components into the actor-critic framework yields the delay-aware
distributional actor-critic (D2AC), offering a new perspective on
delay-aware DRL. Experimental results show that D2AC robustly
and consistently outperforms state-of-the-art delay-aware DRL
methods in random delay environments.
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