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ABSTRACT

Reinforcement learning in real-world systems often encounters
delays in sensing and actuation, violating the standard Markov
decision process (MDP) assumptions of immediate and fully ob-
served states. While world models offer a promising potential to
solve such random-delayed MDPs by imagining undelayed envi-
ronment dynamics, random actuation delays introduce uncertainty
that hinders their direct application. Specifically, world models re-
quire the executed actions, rather than the issued ones, to make
accurate imaginations of the current state. We present a novel anal-
ysis that distinguishes the effects of observation and action delays
on world models, revealing an asymmetry that can be exploited to
improve the learning process. To address the uncertainty caused by
stochastic action execution delays, we propose representing imag-
ined latent states as expected latent states-probability-weighted
averages over all possible action-execution trajectories. Compared
to sampling the latent state via a single possible action execution
trajectory, the expected latent reduces variance in training targets
and captures multiple plausible futures at inference. We instantiate
our approach using DreamerV3 and validate it on the DeepMind
Control Suite with visual inputs. Experimental results show that
our method achieves significantly higher returns, more accurate
dynamics predictions, and improved training stability across a wide
range of delay settings compared to strong baselines.
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1 INTRODUCTION

Reinforcement Learning (RL) has achieved remarkable success in
solving Markov Decision Processes (MDPs). In standard MDPs,
it is assumed that observations provide complete and immediate
information about the current environment state, and that the en-
vironment dynamics evolve solely based on the current state and
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the agent’s action. However, many real-world systems violate these
assumptions. Delays in observation and action execution often arise
due to physical or technological constraints in sensing, commu-
nication, and actuation [7, 8]. For instance, autonomous vehicles
may experience sensor latency due to computational bottlenecks in
real-time perception pipelines [11], while industrial manipulators
often introduce deliberate actuation delays to comply with safety
certification protocols [3].

RL algorithms that assume action execution and feedback strug-
gle in such delayed environments, often leading to unstable learning
and poor performance. Methods have been proposed to address this.
Memoryless approaches [17] take prior knowledge of delay dura-
tions into consideration and restrict policies to only the most recent
observation. Another line of work [6, 20] reformulates the delayed
environment as an undelayed MDP by augmenting the observation
space with recent action commands issued by the policy. Further,
[4] rearranges delayed replay buffers to construct temporally con-
sistent transitions for training. More recently, world-model-based
approaches [12] have emerged that imagine the current state in a
latent space by leveraging the last observed frame and the sequence
of action commands issued since then.

While world-model-based approaches [2, 10, 16] achieve state-
of-the-art performance under constant-delay settings, their applica-
bility to randomly delayed environments, which are more realistic
in the real world, remains limited. In the constant-delay setting, the
agent knows exactly how many timesteps ago an observation was
generated and when an issued action will be executed. This allows
deterministic construction of imagined rollouts using world models.
However, under random delays, the actual sequence of executed
actions becomes uncertain, undermining both the training and in-
ference stages of the world model. Furthermore, existing works
using world models treat delays as a unified total delay (i.e., the sum
of observation and action execution delays), without distinguishing
between the two. While treating the delays in this way promotes a
certain branch of works [1, 14, 21], we argue that this is not the best
choice when working with world models—observation and action
delays impact the world model in fundamentally different ways. As
we will discuss in this work, observation delays only affect training,
while action execution delays affect both training and inference.
Exploiting this asymmetry enables better use of the world model’s
predictive capacity.

In this work, we begin with a detailed analysis of the challenges
posed by stochastic delays for world-model-based reinforcement
learning. We take DreamerV3 [10] as our foundation due to its
strong performance and widespread use. We first show that obser-
vation delays can be mitigated entirely during training by relabeling
transitions. In contrast, stochastic action delays lead to ambiguity
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about which actions have been executed, resulting in a mismatch
between imagined and actual outcomes. This not only degrades
the quality of the learned dynamics but also leads to an unreliable
policy during inference.

To address this, we propose to use the expectation of the pre-
dicted latent states over all possible action execution trajectories,
rather than relying on a single sampled rollout. Expected latent
states reduce variance in training targets and provide a richer, more
comprehensive representation of possible outcomes during infer-
ence. They allow agents to consider multiple plausible futures rather
than committing to a single guess. Mathematically, the expected
latent state is a weighted average over all latent trajectories, where
the weight is determined by the probability of each action sequence
being executed. These probabilities can be computed given the
statistics of the delay duration.

Since traversing all possible trajectories is computationally inten-
sive, we propose an efficient approximation. We merge the branches
of the imagined trajectory tree every K steps to reduce the exponen-
tial complexity from O(dg) to O(%df ), where T is the imagination
horizon and d,, is the maximum action delay. Our experiments on
DeepMind Control Suite (DMC) [19] with visual inputs show that
our method, despite its simplicity, significantly outperforms exist-
ing baselines in terms of returns. We further demonstrate that using
expected latent states leads to lower dynamics prediction error and
improved training stability compared to the world-model-based
baselines. Our contributions are summarized as follows:

(1) We provide novel insights showing that observation and
action execution delays affect world models differently and
should be treated separately.

(2) We propose the use of expected latent states with theoreti-
cally guaranteed variance reduction in the policy gradient
to handle action execution delays, and introduce a computa-
tionally efficient approximation for their computation.

(3) We validate our approach with extensive experiments on
Vision DMC, demonstrating improved model accuracy, sta-
bilized training, and higher returns than strong baselines.

2 RELATED WORKS

Delayed Markov Decision Processes (MDPs) were first introduced
in [13], which studied asynchronous decision-making where the
agent receives rewards with a delay relative to the time of action ex-
ecution. This early formulation primarily focused on reward delays,
analyzing how temporal misalignment between actions and feed-
back affects the optimal policy structure. The key insight was that
although delayed rewards break the immediate Markov property,
optimal control can still be achieved by reformulating the problem
over an augmented state that accounts for delayed signals. However,
this augmentation quickly becomes computationally intractable as
the delay horizon grows.

Subsequent research extended this idea to constant-delay MDPs,
in which both observation and action execution are delayed by a
fixed number of timesteps [20]. Under this setting, the agent per-
ceives the environment state and executes actions that are out of
phase with the underlying true state dynamics. To handle this, [20]
proposed to convert the constant-delay MDP into a Partially Observ-
able MDP (POMDP) by augmenting the delayed observation with
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the sequence of actions taken since the last true observation. This
augmentation essentially reconstructs the hidden true state from
observable information, leveraging the fact that the environment
dynamics are known and deterministic. Similar formulations were
later refined by [6], who further analyzed the theoretical equiva-
lence between constant-delay MDPs and finite-history POMDPs.
They provided algorithms that explicitly construct the augmented
belief space and use model-based planning or value iteration over
this extended space. While such approaches are theoretically sound,
they face severe scalability challenges: the dimensionality of the
augmented state grows exponentially with the delay length, ren-
dering exact inference and policy optimization intractable for non-
trivial delays or continuous control domains.

More recent approaches attempt to circumvent this intractabil-
ity by learning predictive models of the environment. Instead of
expanding the state space explicitly, Karamzade et al. [12] proposed
to leverage world models, latent dynamics models trained to sim-
ulate future observations, to “imagine” the undelayed state at the
current timestep. Concretely, their method recursively applies the
learned transition model to roll forward from the last observed
frame, conditioned on the sequence of executed actions during
the delay window. The resulting predicted observation serves as
a proxy for the true undelayed state, allowing standard reinforce-
ment learning algorithms to operate as if no delay existed. This
idea bridges model-based RL with delayed MDPs and demonstrates
substantial performance gains in constant-delay environments.

However, the effectiveness of such world-model-based methods
relies critically on the assumption of deterministic delay. When
delays vary stochastically across time or episodes, the agent no
longer knows the exact number or sequence of actions that have
taken effect since the last observation. This uncertainty in action
execution timing introduces ambiguity into the model’s imagined
trajectories, leading to compounding prediction errors and unsta-
ble policy learning. In random-delay settings, the transition from
observed to current state becomes a distribution over possible la-
tent trajectories rather than a single deterministic rollout. Existing
approaches, which depend on known delay horizons, thus fail to
capture this uncertainty structure.

3 PRELIMINARIES

3.1 Reinforcement Learning with Random
Observation and Action Delays

We consider a reinforcement learning setting with stochastic ob-
servation and action delays. Formally, we define a delayed par-
tially observable Markov decision process (DPOMDP) as a tuple
(S5,A,T,Q,0,D,, Dg,y), where S is the state space, A is the action
space, T(s’,r | s,a) is the transition distribution, Q is the obser-
vation space, O(o | s) is the observation distribution, D, and D,
are distributions over non-negative integers representing random
observation and action delays respectively, and y € [0, 1) is the dis-
count factor. Observation delay and action execution delay at each
time step are denoted by random variables d, and d,, respectively.
Following [4], our work focuses on a certain scenario where
all delays in the environment are communication delays. In other
words, the delayed environment is composed of an agent 7 (a;[0;-g4, ),
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random observation delays d, ~ D, € [0, d,], random action de-
lays d, ~ D, € [0,d,], an executor, and an undelayed underlying
environment. At each time step ¢, the agent takes the most recently
received observation o;_g4, delayed by d, ~ D,, and computes an
action a; ~ m(a; | 04—q,) based on this delayed input. Meanwhile,
the executor executes the most recently received action a;_g4,, de-
layed by d, ~ D,. After executing a,_4, and transitioning to the
next state, the environment emits a new observation, which will be
received by the agent after d, timesteps.

3.2 Reinforcement Learning with World Models

In this section, we provide an overview of DreamerV3 [10] and
the Recurrent State-Space Model (RSSM) [9], which is the core of
DreamerV3. We focus on how RSSM enables imagination-based
learning by modeling the latent dynamics of the environment.

3.2.1 DreamerV3 Overview. DreamerV3 is a model-based reinforce-
ment learning algorithm that learns a world model from real en-
vironment interactions and utilizes it to perform policy learning
through imagination. Instead of learning directly from the envi-
ronment, DreamerV3 trains an agent inside its latent space by
simulating trajectories using the learned world model. This signifi-
cantly improves sample efficiency in complex environments with
high-dimensional observations, such as pixel-based inputs.

Formally, DreamerV3 aims to maximize the expected return
E[XT, y'r:] by optimizing a policy z(ay | s;), where y is the dis-
count factor and r; is the reward at time ¢. Rather than using raw
observations o; for learning the dynamics, DreamerV3 constructs
and trains a latent dynamics model to approximate the transition
dynamics and reward function:

p(00:1; ao:7-1, T0:7-1)

T
~ ﬂp(ot | s)p(re | st ar)p(see1 | Se,ar)
=0

where s; denotes the latent state at time ¢.

3.2.2  Recurrent State-Space Model (RSSM). The RSSM is a latent
variable model designed to capture both stochastic and determin-
istic components of the environment dynamics. It consists of two
types of latent variables:

® h;: a deterministic hidden state updated via a recurrent neu-
ral network (e.g., GRU or LSTM).

e s;: a stochastic latent state sampled from a learned distribu-
tion conditioned on h; and s;_;.

The RSSM defines the generative process as follows:

hy = f(hs—1,5t-1,a;—1) (deterministic transition)
st ~ p(s¢ | hy)  (stochastic transition)

or ~ p(os | he,st)
re ~ p(re | hy,sy)  (reward model)

(observation model)

During training, an encoder infers the posterior g(s; | h;, 0;)
using observed transitions. The learning objective maximizes the
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evidence lower bound (ELBO) of the sequence likelihood:

T
LE10 :ZEq(st|ht,ot) ogp(os | hs,se) +1ogp(rs | he,se)]

t=0

—KL[q(st | he,or) |l p(se | he)] (1)

where p(s; | h;) is the prior which we aim to align with the posterior
through maximizing the ELBO.

3.2.3 Imagination and Policy Learning. Once trained, the RSSM
serves as a world model to perform imagination-based rollouts
in the latent space. The agent samples sequences of latent states
(st, ht) by applying its policy z(a; | hy, s¢):

a; ~ m(a; | he,st)
his1 :f(ht,sz,at)
Ste1 ~ P(See1 | hes1)

The imagined rollouts are used to optimize the policy via back-
propagation through the differentiable world model. Typically,
actor-critic methods are employed, where the critic estimates the
value function over imagined trajectories, and the actor is updated
to maximize expected returns. DreamerV3 adopts various regular-
ization and normalization strategies to ensure stability and scala-
bility across diverse control domains.

3.3 Notations

Throughout the rest of this paper, we adopt the following notational
conventions: d, and d, are stochastic delays in observation and
action execution respectively; o; is the observation emitted by the
environment at time ¢; a, is the action issued by the agent at time
t (not necessarily executed immediately); d; is the action actually
executed by the environment at time ¢; B, is a fixed-length buffer
storing recently issued actions for tracking delay effects; (h¢, s;) is
the RSSM latent belief state at time ¢.

4 METHOD

In this section, we present our approach to modeling and mitigating
the effects of temporal delays in world models. Our goal is to enable
agents to maintain coherent predictions and decision-making under
randomly delayed observation and action executions.

We begin by analyzing how observation and action delays af-
fect the learning and inference processes of world models, and
formalize the induced temporal inconsistency (Section 4.1). Next,
we introduce the concept of state expectation that explicitly cap-
tures the uncertainty due to the random action execution delay in
Section 4.2. We then describe how to obtain such state expectation
in Section 4.3. Finally, we provide a theoretical analysis of why the
exploitation of such state expectation can improve the learning
process by variance reduction in the posterior and policy gradient.

4.1 Impact of Delays on World Models

In environments with delayed observations and action executions,
world models must be adapted to account for temporal inconsisten-
cies between what the agent perceives and what actually occurs in
the environment. Observation delays introduce a gap between the
actual state of the environment and the observation available to
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Figure 1: Illustration of the effects of observation delay and
action delay at the training stage. Circles represent stochas-
tic variables and squares deterministic variables. Different
colors distinguish different timesteps. Red arrows represent
mismatches between the prior and posterior latent states.

Decided Act.

Executed Act. @\ \ \ \

Deter. States | [ ¥
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Latent States

Delayed Obs. Undetermined Latent States

Figure 2: Effect of randomness in action execution delays. Cir-
cles represent stochastic variables and squares deterministic
variables. Different colors distinguish different timesteps.
Mixed colors represent uncertainty in action execution.
Specifically, there is uncertainty about when an issued action
will be executed.

the agent, while action delays create uncertainty about when an ac-
tion will be executed after it is issued. This consequently produces
uncertainty about the imagined dynamics.

Observation delays primarily affect the training process of the
RSSM, as shown on the left of Figure 1. At time step ¢, a world model
trained to predict the current observation 6; = M(0;_g4,, [ds, dr-1,

.,d¢—4,]) based on a past observation 0,_g, and a sequence of
planned actions may be misaligned with the ground truth, which
corresponds to 0;_g, rather than o,. This mismatch can hinder the
optimization of Lgrpo by falsely attributing prediction errors to
model inaccuracies rather than to delay-induced misalignment.

In contrast, action delays impact both training and inference.
During training, the executed action sequence following a past
observation o,_g, is unknown due to the stochastic nature of action
delays. This results in ambiguity over which actions produced the
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Figure 3: Underlying rollout process and dynamics loss com-
putation. The left side shows the exhaustive rollout of the
possible action execution trajectories. Circles represent sto-
chastic variables and squares deterministic variables. In this
example, we assume d, = 2, which means there are 2 possi-
ble actions to be executed at each time step. The right side
illustrates the dynamics loss computation. Gray squares and
circles represent expected latent states merged from all pos-
sibilities in the same layer of the rollout tree.

resulting observation o,. When the assumed action sequence devi-
ates from what was actually executed, the resulting latent rollouts
become semantically inconsistent with the ground truth, introduc-
ing variance and hindering model convergence.

At inference time, world models guide decision making by sim-
ulating future trajectories. Uncertainty about which actions have
been executed can cause large divergence between imagined and ac-
tual states, leading to unreliable predictions and suboptimal policy
behavior. This makes handling action delays critical for maintaining
robust decision making in model-based RL.

4.2 State Expectation

Building on the insight that observation and action delays have
different effects, we propose a method tailored to their unique
impacts. We remove observation delays from training by relabeling
the replay buffer to align observations with their correct timesteps.
However, because action execution cannot be rearranged during
inference, it is crucial for the agent to directly model its stochasticity
during both training and rollout.

Instead of sampling a single executed action sequence, we define
the state expectation—the expected latent state over all possible
action execution trajectories. Let 7 denote a trajectory and p(r) its
probability. We define the expected latent features and state as:

h=> p(0h

5 = po(slh) ®)

Here, h; and s; are the latent features and stochastic states along
trajectory 7, and pyg is the stochastic transition model in RSSM.

For an action assumed to be executed at time k, denoted dy, the
trajectory probability is:

@)

T

p(0) = [ | pexe(@), (@)
k=1

which is the product of the action execution probability pexe (@)

at each imagination step. Latent states along 7 can be obtained
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following the original imagination process of DreamerV3, where at
each step k

(©)
(©)

hicer = fy (i, sk, ax)
ka1 ~ Po(Skr1lhrs1)

where f; (+) represents the recurrent network in the RSSM.

Employing state expectation to handle stochastic action delays
yields several notable benefits. First, since state expectation in-
tegrates over all possible action execution trajectories weighted
by their respective probabilities, it provides a smoother and more
stable training signal. This contrasts with using a single sampled
trajectory, which introduces high variance due to the stochasticity
of delays. Moreover, the expected state § can be interpreted as a
weighted summary of all plausible future states under the delay
distribution. This forms a more informative latent representation
compared to individual samples. Such a representation benefits
downstream components of the agent, including value estimation
and policy learning, as it captures the full uncertainty arising from
the action execution process. Finally, in model-based reinforce-
ment learning, decision making heavily relies on the accuracy of
imagined rollouts. State expectation ensures that these imagined
rollouts account for delay-induced uncertainty, which leads to more
reliable value targets and gradient signals for the actor and critic.
Consequently, the agent is less likely to make poor decisions due
to misleading or overly optimistic rollouts.

In summary, state expectation serves as a principled mechanism
to aggregate over delay-induced uncertainty in both training and
inference. This improves the statistical efficiency of learning and
enhances the robustness of the agent’s behavior in stochastic envi-
ronments with action execution delays.

4.3 Estimation of Execution Probability

Trajectory probability p(z) depends on the action execution proba-
bility at each imagination step, according to Equation (4). In this
section, we discuss the estimation of the action execution probabil-
ity in detail. At each imagination step, only actions in the action
buffer B, have the chance to be executed. Thus, rather than defin-
ing pexe(a) as the probability of executing an action, we defining
Pexe (i) as the probability of executing the i-th action in an action
buffer B, of size d***. We denote the i-th action in B, as B, (i).

Also, we define the probability that the executor has already
received B, (i) as prec(i). Because the executor always executes the
newest action received, we can draw the relationship that at any
time step as

Pexe()) = prec(i) - | [ (1= prec(i)) %)
i'>i
Intuitively, an action can only be executed when it is received by
the executor and all newer actions have not yet been received.
According to Equation (7), we can concretely get the estimation
of pexe (i) once we have the estimation of prec(i). prec(i) is closely

related to the action delay distribution D,, where
Prec(i) = p(da = 1) ®

For example, if the probability of d, = 3 is 0.5, it means the proba-
bility of the action being received after three timesteps is 0.5, while
the action should be the third action in B, after three timesteps.
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Exhausted Efficienct Balanced

Figure 4: Merging strategies during the underlying rollout
process. Blue lines indicate merging all possible latent states
into an expected latent state and setting it as a new starting
point of the underlying rollout process. Gray nodes represent
the expected latent states.

With all the above analysis in mind, we find that we only have
to estimate a statistic of d, to get a certain estimation of p(r).
DreamerV3 starts by pre-filling the replay buffer with a random
policy. The statistic of d, can then be easily obtained from the replay
buffer by
N(k)

Pl =k) = ©)
where N (k) is the count of occurrences where d, = k and N is

the total number of samples. This statistic can be updated in an
incremental manner during both training and inference stages.

4.4 Dynamic Learning with State Expectation

We here describe the dynamic learning process with our proposed
state expectation. As shown on the left side in Figure 3, we roll out
all possible action execution trajectories, where k steps of imagina-
tion result in dgla"k possible latent states. At each step of imagina-
tion, we compute the state expectation at each step of the rollout
latent states and regard the state expectation as the prior in the
KL divergence loss in RSSM. The posterior given the undelayed
observation o, is obtained in the same manner as in the original
RSSM. Finally, we optimize the RSSM with Equation (1).

It is clear that with the growth of the imagination length, the
number of possible trajectories grows exponentially. A simple ap-
proach alleviating such computation and memory inefficiency is to
take the state expectation as a re-initial state of the imagination at
each step, reducing the complexity to O(T) with T steps of imagi-
nation. However, this excessively loses multi-modal information
of the dynamics and may result in poor performance in the down-
stream tasks. We propose a balanced method where we take the
state expectation every K < T steps, as shown in the “Balanced”
approach in Figure 4. This allows a performance-efficiency balance.

4.5 Theoretical Analysis

In this section, we provide theoretical justification for using ex-
pected latent states to handle stochastic action delays in world-
model-based reinforcement learning.

Variance Reduction during Training. Let L4y, (7) denote
the dynamics reconstruction loss under a specific action execution
trajectory 7. World models optimize the expectation of this loss
using Monte Carlo (MC) sampling

N
1
Er~p(r) [Ldyn('[)] ~ ﬁ § -Ldyn(fi)
i=1
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where N sampled trajectories 7; are used for training. However,
because Lgyn (1) is highly nonlinear with respect to 7, the variance
of this estimator is proportional to Var[ Lgyn(7)], which increases
rapidly when delay-induced stochasticity grows.

By using the expected latent state 3, we instead train the world
model with

‘Eexp = -Ldyn(g)

According to the law of total variance, this effectively replaces the
stochastic latent variable s; by its expectation § = E;[s;], removing
the within-trajectory variance term:

Var(s;) = E;[Var(s;|7)] + Var; [E(s;|7)]

Thus, § removes the first term, yielding a lower-variance estima-
tor for the same expected loss. This stabilizes the training of the
transition model and allows faster convergence, especially under
high-delay uncertainty.

Connection to Bayesian and Ensemble Inference. From a
probabilistic viewpoint, the expected latent state

(T)]

St = Brp(rlo,gy larriomir-g, ) [ St
is simply the posterior mean of the latent-state distribution marginal-
ized over action-execution uncertainty. The posterior mean has two
immediately useful properties:

1) Minimum mean-square error. For the quadratic loss the Bayes-
optimal point estimator is the posterior mean [5]. Concretely, for
any estimator § measurable,

§ = argmin E[|Is{” —§)] = & =E[s\"]=5. (10
S

2)Variance reduction by conditioning (Rao—Blackwell type argu-
ment). Let s = st(T) be the single-trajectory latent (the “raw” MC
estimator), and let G be the o-algebra corresponding to the infor-
mation we condition on (the most recent observation and the action
sequence since then). The law of total variance gives

Var(s) = ]E[Var(s | g)] + Var(E[s | G]). (11)
Thus the Rao-Blackwellized estimator E[s | G| = §; satisfies
Var(5;) = Var(E[s | G]) < Var(s), (12)

indicating that conditioning (marginalizing over 7) cannot increase
variance and typically reduces it. This formalizes why $; gives a
more stable training target than a single-sampled st(T) and draws the
same conclusion as we analyzed from an optimization perspective.
If the downstream predictor/decoder g(-) (for example, the ob-
servation decoder, reward model, or critic) is linear then

9(5t) =g(E[s]) =E[g(s)]. (13)
so §; reproduces the ensemble average exactly — there is no bias
introduced by replacing the ensemble by the mean. For nonlinear
g(+),Jensen’s inequality implies a gap, but this gap can be quantified.
Using a second-order Taylor expansion of g around §;,

El[g(s)] = g(5:) + 3 E[(s = 5,) THy(&) (s = 51)],
for some & on the segment between s and 5;, where H, is the Hessian
of g. If |[Hy(+)|l2 < M on the domain of interest, then

IE[g()] =gG) Il < Y E[lls = 5:11]. (15)
Therefore the bias introduced by using ¢(3;) instead of E[g(s)]
scales with the latent variance and the curvature of g(-). Practically,

(14)
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when 1) the decoder/critic is locally nearly linear, or 2) Var(s) is
small, the approximation error is negligible. Thus §; is a princi-
pled, low-variance surrogate for the ensemble mean; any remaining
bias is controllable and vanishes as the latent variance or decoder
curvature decreases.

Improved Policy-Gradient Estimation. Finally, we make ex-
plicit how reducing latent variance via §; propagates to lower-
variance policy-gradient updates and thus more stable training and
faster convergence. For clarity, we show the argument on a single-
step policy-gradient estimator; the multi-step case follows by the
same reasoning with extra indices.

Let the per-timestep stochastic gradient estimator be

9(0) =Vologmg(als)-A A=G-V(s),
where G is a MC estimate of the return and V (s) the baseline/critic.

For a scalar random variable A with E[A] = 0 and a vector X =
Volog mp(a | s), by the Cauchy-Schwarz inequality,

Var(XA) < E[|IX|] - Var(A). (17)

Thus, reducing the variance of advantage estimation Var(A) directly

reduces an upper bound on the variance of gradient estimation
Var(g(0)) [18]. The advantage A satisfies

Var(A) = Var(G—V(s)) < 2Var(G) + 2 Var(V(s)). (18)

If the critic V'(+) is Ly-Lipschitz in the latent s (i.e. |V (s1) —V(s2)| <
Lyllsy = sz|l), then

(16)

<

Var(V(s)) < L‘Z/ Var(s). (19)
Combining the inequalities we obtain the upper bound
Var(g(8)) < E[HV@ log 7r||2] (2Var(G) + 2L‘2,Var(s)), (20)

Hence any reduction in Var(s) yields a proportional reduction in
this upper bound on the gradient variance.
Because §; is the Rao-Blackwellized latent as we discussed previ-

ously, it satisfies Var(s;) < Var(st(r)). Substituting §; into the critic

reduces the second term in the bound above:
Var(V(5;)) < LY Var(s;) < L Var(sif)). (21)
Consequently, the upper bound on the gradient variance drops by
A< 2E[||V9 log 71'||2] L‘Z/ (Var(s}r)) - Var(s;)),

which is nonnegative. Thus §; provably reduces the upper bound
on gradient variance under the stated regularity conditions.

(22)

5 EXPERIMENT

In this section, we compare DreamerV3 augmented by our proposed
state expectation with a wide range of baselines in terms of 1) the
overall performance; 2) the dynamic loss which directly reflects
how the state expectation improves the dynamic learning; and 3)
the gradient variance during the learning process, demonstrating
our method successfully stabilizes the training.

5.1 Evaluation Protocol

We evaluate our method on six tasks from the Vision DMC [19],
using the stochastic delay wrapper from [4] to inject random obser-
vation and action delays. For each episode, observation and action
delays are independently sampled from predefined distributions,
and the environment delivers the most recent available signal at
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Table 1: Episodic return across the DMC environments and varies action delays. D-TRPO is trained for 5 x 10° timesteps and

other methods are trained for 1 x 10° timesteps.

Method Finger-Spin Finger-Turn(Easy) Finger-Turn(Hard)
2 4 8 2 4 8 2 4 8
DreamerV3 121+ 14 82+ 16 55+ 14 678 + 22 483 + 26 239 + 43 637 + 24 489 + 25 244 + 32
Extended 133+ 13 99 + 17 67 =13 746 + 23 581 £ 28 287 + 40 701 £+ 26 587 + 27 293 £ 30
Latent 146 + 15 95+ 14 64 + 15 813 + 24 556 + 24 275 + 46 765 + 22 563 + 23 281 + 35
DCAC 128 + 13 87 + 18 58 + 16 712 £ 20 509 £+ 29 252 + 41 670 £+ 21 514 + 27 257 £ 34
Memoryless 126 £ 12 85+ 15 50+13 714 + 25 504 + 27 250 + 45 672 + 26 516 + 22 256 + 29
D-TRPO 129 + 16 88 + 14 57+ 15 709 £ 21 511 £ 24 249 + 39 668 + 23 519 £ 28 258 £ 31
Ours (K =1) 134 £ 15 99 + 15 67 £ 16 747 + 25 580 + 24 288 + 45 702 + 26 588 + 23 295 + 35
Ours (K = 2) 140 + 13 104 + 17 70 + 13 782 £ 20 606 + 29 300 + 41 735 £ 22 613 £+ 27 307 + 30
Ours (K = 4) 152 £ 16 108 £+ 15 73 £ 15 850 + 23 630 + 28 313 + 46 798 + 25 638 + 22 319 + 35
Ours (K = 6) 154 + 14 109 + 16 74 + 14 860 + 24 637 + 25 316 + 40 807 £+ 23 645 + 26 323 + 31
Method Walker-Run Walker-Stand Walker-Walk
2 4 8 2 4 8 2 4 8

DreamerV3 112 + 44 89 + 34 57 + 37 651 £ 32 402 + 27 298 + 25 418 + 32 259 £ 12 120 + 45
Extended 135 + 40 107 £ 36 69 + 41 782 + 29 483 + 30 359 + 28 502 + 35 311+ 11 145 + 49
Latent 129 + 48 103 + 31 66 + 34 750 £ 35 463 + 25 343 + 23 481 + 30 299 + 13 139 + 41
DCAC 118 + 41 94 + 37 61 + 33 683 + 30 423 + 29 314 + 27 440 + 29 273 £ 11 127 + 44
Memoryless 115 + 47 92 + 32 59 + 39 689 + 34 417 £ 25 309 + 22 437 + 34 270 £ 13 125 + 47
D-TRPO 120 + 43 95 + 36 60 + 40 678 = 29 428 + 24 316 + 26 434 + 33 269 + 14 126 + 43
Ours (K =1) 135 + 46 108 + 37 69 + 40 782 + 35 483 + 25 358 + 27 504 + 28 312+ 13 145 + 42
Ours (K = 2) 141 + 41 112 + 30 72 + 34 815 + 31 503 £+ 29 374 + 24 524 + 35 325 £ 11 151 + 44
Ours (K = 4) 146 + 48 116 + 36 75 £ 41 847 + 29 523 + 24 388 + 26 544 + 30 338 + 13 157 + 49
Ours (K = 6) 148 + 43 117 + 38 76 + 35 856 + 34 529 + 26 392 + 23 550 + 33 342 + 14 159 + 47

—— Oracle | e 8 8 %
2 Extended B 16

— Dreameiiy s 7 P 12 . 2
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Figure 5: Comparison of the dynamic loss across different tasks during training. Oracle denotes an idealized setting with no
delays, which can be seen as the lower bound of the dynamic loss. Across all tasks, our approach consistently achieves lower

dynamic loss than other baselines.

each timestep. We use a uniform distribution U[0, d,] for all evalu-
ations. To isolate the impact of action delays, we fix the maximum
observation delay to d, = 8 and vary the maximum action delay
d, € {2,4,8}. Our method incorporates expected latent states with
varying merge frequencies K € {1,2,4,6}.

Baselines include both model-based and model-free approaches.
Model-based baselines are: (1) Extended, which augments the ob-
servation with d, + d, past actions but does not use sequential
imagination; and (2) Latent, which maintains the original obser-
vation space but uses imagined rollouts for inference. Model-free
baselines include DCAC [4], D-TPRO [15], and Memoryless [17],
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where the former two methods are trained using action-augmented
observations and the Memoryless uses unaugmented observations.
For our proposed method, we integrate it with DreamerV3 and
also leverage the augmented observation space. The merging fre-
quency K can also impact the performance of our method. We
evaluated the performance with K € {1, 2,4, 6} for a comprehen-
sive analysis. Each configuration is run with five random seeds.

5.2 Main Results

Table 1 demonstrates the performance comparison in terms of re-
turns, in where DreamerV3 is the direct appliance to the random
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Figure 6: Comparison of the gradient variance across different tasks during training. Our method consistently achieves lower
and more stable gradient variance throughout training, indicating improved optimization stability.

delayed scenario (i.e., elimination of observation delays, no exten-
sion of observation space, and no extra imagination at inference
stage) and Oracle stands for the performance of DreamerV3 in
undelayed settings. We first observed a significant advantage of
the model-based methods compared to the model-free methods.
This is because model-free methods are trained end-to-end and are
unaware of the dynamics and uncertainty of the environment. Our
approach outperforms other model-based methods across all six
tasks when K > 2. Performance improves as K increases from 1 to 4,
with only marginal gains beyond K = 4, indicating diminishing in-
cremental returns relative to the additional computation. This opens
avenues for more sophisticated adaptive merging strategies that
allocate more resources to harder cases and less to easier cases. The
development of such adaptive strategies, which allocate resources
commensurate with task difficulty, is left for future investigation.

5.3 Dynamic Loss

Since our approach mainly focuses on enhancing the ability of han-
dling random delays of the world model, we compare the dynamic
loss learning curve against other model-based methods. As shown
in Figure 5, dynamic loss of the vanilla DreamerV3 increases as
training progresses in all of the six environments. This is because as
the training progresses, the agent’s policy improves and explores a
larger portion of the observation space. This increases the difficulty
of the dynamics learning. As discussed in the Section 4.1, stochasti-
cally delayed environments confuse the vanilla DreamerV3 due to
the mismatch between the prior and posterior.

Extended approach reduced the dynamic loss by providing his-
torical actions within the total delay window. This requires the
model to learn the action execution probability from the noisy data.
Moreover, since the distribution of the delay is independent of the
observation and issued actions, the extended observation does not
carry information about the execution distributions, making the
learning procedure even harder.

The dynamic loss curve for our method is shown for the case
where K = 4. Although there is still a gap comparing with the
Oracle, our method achieves the lowest error compared to the
baselines. Our method continually optimizes the dynamics error
along with the training process, while the baselines exhibit an
increase in the dynamic loss in most environments. This implies
that the expected latent state successfully fuses the possible future
and thus serves as a more informative representation.
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5.4 Variance Reduction

To further assess the effectiveness of our approach, we evaluate
the variance of the gradients during the learning of the dynamics
model. Gradient variance serves as a direct indicator of training
stability, reflecting how consistently the model updates its param-
eters over time. In delayed environments, uncertainty in action
execution propagates through the temporal dependencies of the
model, amplifying stochasticity in gradient estimates and often
leading to unstable convergence. Oracle results are excluded from
this analysis since, by definition, the Oracle model operates under
fully deterministic execution and thus exhibits negligible variance.

As illustrated in Figure 6, our method achieves a remarkably
lower gradient variance throughout training compared with all
baselines. This empirical result substantiates our theoretical claim
in Section 4.2. By replacing random single-trajectory sampling with
the expected latent state, the dynamics model effectively performs
a MC marginalization over all possible action execution paths. This
process yields an unbiased estimator of the latent dynamics while
significantly reducing variance in the gradient updates. Conse-
quently, the learning process becomes smoother and more robust
to stochastic delays, leading to faster convergence.

6 CONCLUSION

We studied reinforcement learning under random observation and
action delays, revealing that these two types of delays affect world
models in fundamentally different ways. Observation delays can
be fully mitigated by transition relabeling, while stochastic action
delays introduce uncertainty that persists during inference. To ad-
dress this, we proposed the expected latent state, which marginal-
izes over all possible action execution trajectories to provide a
variance-reduced, unbiased representation of the latent dynamics.
Theoretically, the expected latent state corresponds to the posterior
mean estimator that minimizes uncertainty under quadratic loss.
Empirical evaluations on the Vision DMC benchmark demonstrated
that incorporating expected latent states consistently improves both
prediction accuracy and policy performance across diverse stochas-
tic delay settings. Our method stabilizes training, achieves lower
dynamics prediction errors, and approaches the performance of the
undelayed oracle even under severe random delays. These results
highlight the importance of treating delays asymmetrically and
pave the way for more robust world model applications in realistic
delayed environments.
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