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ABSTRACT

The standard formulation of Markov decision processes (MDPs) assumes that the
agent’s decisions are promptly executed. However, in numerous realistic appli-
cations such as robotics or healthcare, actions are performed with a delay which
value can even be stochastic. In this work, we introduce stochastic delayed ex-
ecution MDPs, a new formalism addressing random delays without resorting to
state augmentation. We show that given observed delay values, it is sufficient
to perform a policy search in the class of Markov policies in order to reach op-
timal performance, thus extending the deterministic fixed delay case. Armed
with this insight, we devise Delayed EfficientZero, a model-based algorithm that
optimizes over the class of Markov policies. Delayed EfficientZero leverages
Monte-Carlo tree search similar to its non-delayed variant EfficientZero to ac-
curately infer future states from the action queue. Thus, it handles delayed exe-
cution while preserving the sample efficiency of EfficientZero. Through empir-
ical analysis, we stress that none of the prior benchmarks consistently outper-
forms others across different delays. We demonstrate that our algorithm sur-
passes all benchmark methods in Atari games when dealing with constant or
stochastic delays. We’ve made the code associated with this work available at
https://github.com/davidval/Delayed-EZ.

1 INTRODUCTION

The conventional Markov decision process (MDP) framework commonly assumes that all of the
information necessary for the next decision step is available in real-time: the agent’s current state
is immediately observed, its chosen action instantly actuated, and the corresponding reward feed-
back concurrently perceived (Puterman, 2014). However, these input signals are often delayed in
real-world applications such as robotics (Mahmood et al.,|2018)), healthcare (Politi et al., [2022)), or
autonomous systems, where they can manifest in different ways. Perhaps the most prominent exam-
ple on why delay can be stochastic is in real world systems that rely on transmission of data. Often,
there is interference in transmission that can stem both from internal or external sources. Internal
sources may be due to sensing HW that can be dependent on the temperature and pressure condi-
tions. Whereas external sources can stem in the case of a robot or AV whose policy infers actions
remotely (e.g. in the cloud). A particular case is an autonomous vehicle which may experience a
delay from its perception module in recognizing the environment around it. This initial recognition
delay is known as an observation delay. Then, additional delays can occur in taking action after a
decision is made. This response delay is termed execution delay. As highlighted in (Katsikopoulos
& Engelbrecht, [2003) and despite their distinct manifestations, both types of delays are functionally
equivalent and can be addressed using similar methodologies.

Not only is the existence of delay often overlooked, but also its nature. In complex real-world
systems, delays exhibit stochastic properties that add layers of complexity to the decision-making
process (Dulac-Arnold et al., 2019). This not only mirrors their unpredictability but also warrants
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a novel approach to reinforcement learning (RL) that does not rely on state augmentation. This
popular method consists of augmenting the last observed state with the sequence of actions that have
been selected by the agent, but the result has not yet been observed (Bertsekas},[2012;|Altman & Nain|
1992; [Katsikopoulos & Engelbrecht, [2003). Although it presents the advantage of recovering partial
observability, this approach has two major limitations: (i) its computational complexity inevitably
grows exponentially with the delay value (Derman et al.l 2021); (ii) it structurally depends on that
value, which prevents it from generalizing to random delays. In fact, the augmentation method
introduced in (Bouteiller et al., 2020) to tackle random delays was practically tested on small delay
values and/or small support.

In this work, we tackle the question: How does one effectively engage in an environment where ac-
tion repercussions are subject to random delays? We introduce the paradigm of stochastic-execution-
delay MDPs (SED-MDPs). We then establish a significant finding: To address stochastic delays in
RL, it is sufficient to optimize within the set of Markov policies, which is exponentially smaller than
that of history-dependent policies. Our result improves upon the one in (Derman et al.;, [2021) that
tackled the narrower scope of deterministic delays.

Based on the observation above, we devise Delayed EfficientZero (DEZ). This model-based algo-
rithm builds on the strengths of its predecessor, EfficientZero, by using Monte Carlo tree search
to predict future actions (Ye et al.l 2021). In practice, Delayed EfficientZero keeps track of past
actions and their delays using two separate queues. It utilizes these queues to infer future states and
make decisions accordingly. We also make improvements in how the algorithm stores and uses data
from previous experience, enhancing its overall accuracy. In essence, Delayed EfficientZero offers a
streamlined approach to managing stochastic delays in decision-making. We then modify the Atari
suite to incorporate both deterministic and stochastic delays, where the delay value follows a ran-
dom walk. In both cases, our algorithm surpasses both the ’oblivious’ EfficientZero, which does not
explicitly account for the delay and ‘Delayed-Q’ from |Derman et al.| (2021)).

In summary, our contributions are as follows.

1. We formulate the framework of MDPs with stochastic delay and address the principled
approach of state augmentation.

2. We prove that if realizations of the delay process are observed by the agent, then it suffices
to restrict policy search to the set of Markov policies to attain optimal performance.

3. We devise Delayed EfficientZero, which is a model-based algorithm that builds upon the
prominent EfficientZero. DEZ yields non-stationary Markov policies, as expected by our
theoretical findings. DEZ is agnostic to the delay distribution, such that no assumptions are
made concerning the delay values themselves.

4. We thoroughly test Delayed EfficientZero on the Atari suite under both deterministic and
stochastic delay schemes. In both cases, our method achieves significantly higher reward
than the original EfficientZero and ‘Delayed-Q’ from Derman et al.|(2021).

2 RELATED WORK

Although it is critical for efficient policy deployment, the notion of delayed execution remains scarce
in the RL literature. One way to address this is through state-space augmentation, which consists
of concatenating all pending actions to the original state. This brute-force method presents the
advantage of recovering the Markov property, but its computational cost increases exponentially
with the delay value (Walsh et al., 2009; Derman et al., [2021]).

Previous works that addressed random delay using state-embedding include [Katsikopoulos & En-
gelbrecht| (2003); |[Bouteiller et al.| (2020). The work [Katsikopoulos & Engelbrecht| (2003) simply
augments the MDP with the maximal delay value to recover all missing information. in (Bouteiller
et al.| [2020), such augmented MDP is approximated by a neural network, and trajectories are re-
sampled to compensate for the actual realizations of the delay process during training. The proposed
method is tested on a maximal delay of 6 with a high likelihood near 2. This questions the viability
of their approach to higher delays and also to delay distributions that are more evenly distributed
over the support. Differently, by assuming the delay value to be observed at each step, our method
augments the state space by one dimension only, regardless of the maximal delay. Furthermore,
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it shows efficiency for delays of up to 25, which we believe comes from the agnosticism of our
network structure to the delay.

To avoid augmentation, Walsh et al.|(2009)) alternatively propose to infer the most likely present state
and deterministically transition to it. Their model-based simulation (MBS) algorithm necessitates
the original transition kernel to be almost deterministic for tractability. Additionally, MBS proceeds
offline and requires a finite or discretized state space, which prevents it from scaling to large con-
tinuous domains. (Derman et al.| 2021) address the scalability issue through their Delayed DQN
algorithm, which presents two main features: (i) In the same spirit as MBS, Delayed DQN learns a
forward model to estimate the state induced by the current action queue; (ii) This estimate is stored
as a next-state observation in the replay buffer, thus resulting in a time shift for the Bellman update.
Although (Walsh et al., 2009; Derman et al.,2021) avoid augmentation, these two works focus on a
fixed and constant delay value, whereas in Delayed EfficientZero, we allow it to be random.

DEZ leverages the promising results obtained from tree-search-based learning and planning algo-
rithms (Schrittwieser et al., [2020; |Ye et al.| [2021). Based on a Monte-Carlo tree search (MCTS),
MuZero (Schrittwieser et al.,[2020) and EfficientZero (Ye et al., 2021)) perform multi-step lookahead
and in-depth exploration of pertinent states. This is performed alongside latent space representations
to effectively reduce the state dimensions. MuZero employs MCTS as a policy improvement opera-
tor by simulating multiple hypothetical trajectories within the latent space of a world model. On the
other hand, EfficientZero builds upon MuZero’s foundation by introducing several enhancements.
These enhancements include a self-supervised consistency loss, the ability to predict returns over
short horizons in a single step, and the capacity to rectify off-policy trajectories using its world
model. Yet, none of these methods account for the delayed execution of prescribed decisions. In
DEZ, we take advantage of the world model to infer future states and adapt decision-making accord-

ingly.

3 PRELIMINARIES

A discounted infinite-horizon MDP is a tuple (S, A, P, r, 1, y) where S, A are finite state and action
spaces, respectively, P is a transition kernel P : S x A — Ag mapping each state-action pair to
a distribution over the state space, r : S X A — R is a reward function, y € Ag an initial state
distribution, and v € [0, 1) a discount factor diminishing the weight of long-term rewards.

At each decision step ¢, an agent observes a state S;, draws an action a, that generates a reward
r(8¢,a¢), and then progresses to 5,41 according to P(:|5;,as). The action a; follows some pre-
scribed decision rule 7, itself having different possible properties. More precisely, a decision rule
can be history dependent (H) or Markovian (M) depending on whether it takes only the current state
or the entire history as input. Furthermore, it can be randomized (R) or deterministic (D) depending
on whether its output distribution supports multiple or a single action. This yields four possible
classes of decision rules: HR, MR, HD, MD. A policy 7 := ()¢ is a sequence of decision
rules. The different classes of policies are denoted by ITHR TIMR T[HDP TIMP and determined by
their decision rules. In the case where 7, = 7, V¢t € N, the resulting policy is said to be stationary,
and we simply denote by II the set of stationary policies.

The value function under a given policy 7 € ITHR is defined as

v™(s) == E7 lz vir(8e, ar)| 5o = s] )
t=0

where the expectation is taken with respect to the process distribution induced by the policy. Ulti-
mately, our objective is to find 7* € argmax cmr v™(s) =: v*(s), Vs € S. It is well-known
that an optimal stationary deterministic policy exists in this standard MDP setting (Puterman, [2014).

4 STOCHASTIC EXECUTION-DELAY MDP

In this section, we introduce stochastic execution-delay MDPs (SED-MDPs), which formalize
stochastic delays and MDP dynamics as two distinct processes. We adopt the ED-MDP formu-
lation of (Derman et al., [2021)) that sidesteps state augmentation, and extend it to the random delay
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Figure 1: Pending queue resolution in a SED-MDP. The policy input §; ., corresponds to the state
inferred at ¢ by a forward model (see Section[5). For clarity, highlighting of effective decision times
is shown for ¢t € {5,6} only.

case. With this perspective, we proceed by steps: (1) we define the SED-MDP and a suitable proba-
bility space, (2) introduce the concept of effective decision time, (3) prove the sufficiency of Markov
policies to achieve optimal reward in a SED-MDP.

An SED-MDP is a tuple (S, A, P,r,~,(, a) such that (S, A, P, r,) is an infinite-horizon MDP and
¢ : [M] — [0, 1] a distribution over possible delay values, where [M] := {0,1,--- , M}. The last
element a € A™ models a default queue of actions to be used in case of null assignment At each
step t, a delay value 2; is generated according to (; the agent observes z; and a state s;, prescribes
an action a;, receives a reward 7 (5, a;) and transits to §;41 according to P(:|5;,a;). Unlike the
constant delay case, the action a; executed at time ¢ is sampled according to a policy that had been
prescribed at a previous random time. This requires us to introduce the notion of effective decision
time, which we shall describe later in Section [#.1]

For any 7w € TIMR, the underlying probability space is Q@ = (S x[M] x A)> which we assume
to be equipped with a o-algebra and a probability measure P™. Its elements are of the form
w = (80, 20, a0, 81,21, 01, - - ). For all t € N, let the random variables §; : Q@ — S, Z; : Q@ — [M]
and a; : Q — A respectively given by §;(w) = s8¢, Zi(w) = 2 and a4(w) = ay. Clearly,
a = (a¢)ren and Z := (Z)en are dependent processes, as the distribution of a; depends on past
realizations of Z.; for all ¢ € N. On the other hand, in this framework, the delay process Z is indepen-
dent of the dynamics of MDP while it is observed in real time by the agent. The latter assumption
is justified in applications such as communication networks, where delay can be effectively man-
aged and controlled through adjustments in transmission power. We finally define history random

variables (ﬁt)teN according to Bo(w) = (8o, 20) and izt(w) = (80,20,00," " ,St,2t), Vt>1.

4.1 EFFECTIVE DECISION TIME

To deal with random delays, we follow (Bouteiller et al., 2020) and assume that the SED-MDP
actuates the most recent action being available at that step. This implies that previously decided
actions can be overwritten or duplicated. Fig.[T|depicts the queue dynamics resulting from successive
realizations of the delay process. Concretely, at each step t, the delayed environment stores two
distinct queues: one queue of M past actions (a¢—ns, d¢—pr+1, - ,a4—1) and one queue of M past

!One may use a sequence of M distributions instead of deterministically prescribed actions, but we restrict
to actions for notation brevity.
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execution delays (z:—ns, 2t—n41, -+ » 2¢—1). Then, we define the effective decision time at t as:

Ti:= max {t'+ zp <t} (D
t'e[t—M:t]

It is a stopping time in the sense that 7; is o (h;)-measurable. Notably, it also determines the distri-

bution that generated each executed action: given a policy m = (7;);>0, for any step ¢, the action at

time ¢ is generated through the decision rule a; ~ m,,. Intuitively, 7, answers the question “What

is the most recent action available for execution, given past and current delays”? Alternatively, we

may define as e; := t + z; the earliest execution time resulting from a decision taken at time ¢.

Example. Let M = 5 and assume that the first realizations of decision rules and delay are given
by the following table:

t 0 1 2 3 4
Zt 5 4 4 4 3
e 5 5 6 7 7
ag g | ap | a2 | a3 | a4

As aresult, the effective decision time at ¢ = 5is givenby 75 = 1- 1., 50} + 5+ 1{,,—¢}. From the
agent’s perspective, the pending queue at time ¢ = 5 depends on the delay value zs.

o If z5 = 5, then the pending queue is [a, az, aq, ag, ay].
o If 25 = 4, then the pending queue is [a1, az, a4, ay].
o If z5 = 3, then the pending queue is [a1, az, a4].
o If z5 = 2, then the pending queue is [a1, as).
o If z5 = 1, then the pending queue is [a1].
[

o If z5 = 0, then the pending queue is [].

4.2 SED-MDP PROCESS DISTRIBUTION

We now study the process distribution generated from any policy, which will lead us to establish the

sufficiency of Markov policies for optimality. To begin with, the earliest time at which some action

prescribed by the agent’s policy is executed corresponds to min{zg, 21 +1,..., M — 1+ zp;—1} or

equivalently, to min{eq, €1, ..., ep—1}. From there on, the SED-MDP performs a switch and uses

the agent’s policy instead of the fixed default queue. Denoting ¢, := min{zg, 21 +1,...,M — 1+

2p—1}, for any policy m € TTHR, we have:
o~ ~ 14, (a) ift <min{zg,21 +1,...,2 +t},

P (at = alhe = (ht_l’at_l’st’zt)) B {wn(ht)(a) otherwise.

2

We can now formulate the probability of a sampled trajectory in the following theorem. A proof is
given in Appendix

Theorem 4.1. For any policy © = (m;)ien € IIHR, the probability of observing history hy :=
(S0, 20,00, ** ,at—1, St, 2¢) Is given by:

P (80 = 80,20 = 20,00 = Go, "~ ,At—1 = Qy_1,8¢ = 5¢, 5 = 2t)
-1 -1 ¢
= 1(s0) (H 1a, (ak)P(8k+1|8kaak)> (H sz(hl)(al)P(sl+1|slaal)) (H C(Zm)> :
k=0 =t m=0

Extending the result of (Derman et al.l [2021)), we establish that the process distribution generated
from any history-dependent policy can equivalently be generated from a Markov policy. The proof
is given in Appendix [A.2]

Theorem 4.2. Let 7 € IIMR @ history dependent policy. For all sy € S, there ex-
ists a Markov policy ©' € TIMR that yields the same process distribution as =, i.e.,
P (3,, = §',a; = al§g = $0,2 = 2) = P™(8,, = &', a4y = a|dg = s9, 2 = 2), forall a € A, €
S,t >0, and z := (Z;)1en the whole delay process.

We can now devise policy training in the smaller class ITHR without impairing the agent’s return.
The algorithm we propose next precisely does so, as we describe below.
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5 STOCHASTIC-DELAY EFFICIENTZERO

We introduce a novel algorithm designed to address the challenges posed by stochastic execution
delay, employing a series of key steps. Drawing inspiration from the recent achievements of Effi-
cientZero (Ye et al., [2021) on the Atari 100k benchmark, we leverage its architectural framework
to infer future states with high accuracy. Its notable sample efficiency serves us to quickly train
the forward model. We note that recent advancements in model-based approaches extend beyond
lookahead search methods such as MuZero and EfficientZero. Alternatives such as IRIS (Micheli
et al.| 2022), SimPLE (Kaiser et al.,[2019) or DreamerV3 (Hafner et al., 2023)) exhibit distinct char-
acteristics that can also be considered, depending on the task in hand. Our approach is adaptable
and can be seamlessly integrated with any of these algorithms.

Algorithm description.

Delayed EfficientZero is a variant of EfficientZero (Ye et al.| [2021) with the adaptations required to
act and learn in environments with stochastic delays and is depicted in Figure 2]

We maintain two queues of length A at any time
t. First, the action queue that the agent took in the Fjgure 2: Interaction diagram between

past: [a;—nr,...,a;—1]. The second is the action de- DEZ and the delayed environment
lay queue observed in the past for each previous action:
[2¢—nry -, 2t—1]. At inference time, we observe s; and

Tree-search

the current delay z;. We aim to infer the future state 5;4 ,, .
To do so, we account for the expected pending actions,
denoted by [ay,...,a112,—1]. We successively apply the l
learned forward model: §;11 = G(S¢,Gt), .- St4z, =
G(8t42,—1,Gt42,—1). Finally, we apply the output of the
MCTS search, denoted by a; = m¢(8;+-, ), following the
notation of [Ye et al.|(2021). The tuple (a;, z¢) is added to
the queues.

Policy

%3

The action executed in the delayed environment is a,.

Since no future action can overwrite the first expected ac- Z — Delayed - 8 —

tion a;, we note that a,, = ;. The reward from the system env
is then stored to form the transition (s, ar,, 7).

Pending actions resolution Figure depicts the two
queues, together with the relation between effective de-

St-i—zt

Forward
model

cision times and pending actions. At each time step, the At:tyz,
actual pending actions are calculated using the effective
decision times from definition [1

Future state prediction In order to make accurate predic-

tions about the future state, we embrace the state repre-

sentation network s, = H(0;) and the dynamics network $;1 = G(s¢, a;) from EfficientZero (Ye
et al.| 2021). Note that we do not make a distinction between the observation o, and the state repre-
sentation s; as in (Ye et al., |2021) for simplicity. However, all network parts—forward, dynamics,
value, and policy—operate in the latent space. Moreover, the replay buffer contains transition sam-
ples with states s;, s;41 in that same space. The pseudo-code in[I|depicts how the Self-play samples
episodes in the stochastic delayed environment.

Corrections in the replay buffer In the original version of EfficientZero, episode transitions
(8¢, az, 1) are stored in game histories containing state, actions, and rewards per step. However,
to insert the right transitions into the replay buffer, we post-process the game histories using all ex-
ecution delays {2, }!=F, enabling us to compute effective decision times. The game transitions then
become (s;, ar,,r:). Details about the episode processing can be found in Appendix

Learning a policy in a delayed environment Every action selection is carried out using the same
MCTS approach employed in EfficientZero. The output of this search, denoted by 7 (8¢, ), also
serves as the policy target in the loss function. The primary alteration occurs in the policy loss,
which takes the following form:

Ly, = L(me(8¢42,)sPe(St42,))-
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Although the MCTS input relies on a predicted version of s; .,, this loss remains justified due to
the exceptional precision exhibited by the dynamics model within the latent space. The rest of the
loss components remain unchanged.

6 EXPERIMENTS

The comprehensive framework we construct around EfficientZero accommodates both constant and
stochastic execution delays. We consider the delay values {5, 15, 25} as in (Derman et al., 2021). In
both delay types, we refrain from random initialization of the initial action queue as seen in (Derman
2021). Instead, our model determines the first A/ actions. This is achieved through the iterative
application of the forward network and the policy network. In practice, the agent observes the initial
state so, infers the @g (policy), and predicts subsequent states $1 = G(sg,dp). Similarly, the agent
infers So, ..., 8y, and selects actions as, . .., apr—1 through this iterative process. A summary of
scores and standard deviations for our algorithm and the baseline methods is presented in[C.4]tables

MandPl

RoadRunner RoadRunner
Qbert Qbert
Hero Hero
Asterix Asterix
NameThisGame NameThisGame
TimePilot TimePilot
Gopher Gopher
StarGunner StarGunner
WizardOfWor WizardOfWor
MsPacman MsPacman
Assault Assault
Alien Alien
BankHeist BankHeist
Amidar Amidar

Boxingr [ Oblivious-EZ Boxingr [ Oblivious-EZ

IEEl Delayed DQN HEl Delayed DQN

-15 0 50 200 500 2000 10000 25000 -15°0 50 200 500 2000 10000 25000
Scores Scores
(@) (b)

Figure 3: Average score on 15 Atari games and delays M € {5, 15,25} over 32 test episodes per
trained seed. The delays appear from low to high values for each game. (a) Constant delay value;
(b) Stochastic delay value within {0, --- , M}.

We stress that the baseline scores are not consistent regarding the types of delays we simulate.
Indeed, on constant delays, the previous state-of-the-art method Delayed-Q (Derman et al., 2021
tends to achieve higher scores than the oblivious version of EfficientZero. In the stochastic delay
case, we find that EfficientZero achieves better results than Delayed-Q which suffers from delay
stochasticity. As explicited in the next sections, Delayed EfficientZero achieves consistent higher
scores in both types of delays.

6.1 SMALL DATA FOR DELAYED ENVIRONMENTS

The original EfficientZero sampled 100,000 transitions, aligning with the Atari 100K benchmark.
Our approach significantly benefits from EfficientZero’s sample efficiency. However, the presence
of delays adds complexity to the learning process, requiring mildly more interactions—130,000 in
our case. Successfully tackling delays with such limited data is a non-trivial task.
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In order to evaluate our theoretical findings, we subject Delayed EfficientZero to testing across 15
Atari games, each both under constant and stochastic delays. Accumulating enough samples in
realistic environments can either be costly or present logistical challenges. For the purposes of this
study, we operate under the assumption of an exact observation of the delay once they are revealed.

6.2 CONSTANT DELAYS

In this section, we analyze the scores produced by Delayed EfficientZero on constant delays. Figure
[3[(a) shows that our method achieves the best average score in 39 of the 45 experiments.

We begin our comparison with an oblivious version of EfficientZero, confirming the previously
established theoretical findings in (Derman et al., 2021, Prop. 5.2.): stationary policies alone are
insufficient to achieve the optimal value. Given that Oblivious EfficientZero lacks adaptability and
exclusively generates stationary policies, it is not surprising that it struggles to learn effectively in
most games.

Our second baseline reference is Delayed-Q (Derman et al., [2021), acknowledged as a state-of-the-
art algorithm to address constant delays in Atari games. However, it is worth noting that Delayed-
Q is a DQN-based algorithm, and its original implementation entailed training with one million
samples. Our observations reveal that within the constraints of the allotted number of samples,
Delayed-Q struggles to achieve efficient learning. On the other hand, Delayed-Q benefits from
its perfect forward model, provided by the environment itself. We observe that in 21 out of 45
experiments, Delayed-Q achieves an average score that is at least 85% of our method’s result, even
from the initial training iterations.

Importance of the learned forward model Despite the reliance of Delayed-Q on the Atari environ-
ment as its forward model, this baseline exhibits significant vulnerabilities when faced with limited
data. To address this challenge, we harness representation learning capabilities of EfficientZero, al-
lowing us to acquire state representations and dynamics through the utilization of its self-supervised
rich reward signal, among other features. Our findings illustrate that when we effectively learn a
precise prediction model, the management of delays becomes more feasible. It is worth noting that
an increase in environmental randomness can result in larger compounding errors in the subsequent
forward models. We delve into the delay randomness subject in the following section. We provide
the convergence plots for all tested games with constant delay in Appendix

6.3 STOCHASTIC DELAYS

For a more realistic scenario, we test our method on stochastic delays as well. We report the average
scores of Delayed EfficientZero and baselines for 15 Atari games in Figure 3(b). Similarly to the
constant case, we observe an impressive achievement, even slightly better, highlighting the added
resilience of our method to stochastic delays. In 42 of 45 experiments, our method prevails with the
highest average score.

For each Atari game, we also use three stochastic delay set-
tings. For each value M € {5, 15,25}, we use the following
formulation of the delay z; at time ¢:

zo=M ‘ m’ )d ’ W ! m
min(z +1,M)  with probability 0.2, 2 W | ’
zt>0 = < max(z; — 1,0)  with probability 0.2, § ‘
Zt otherwise. ! W ‘
1 h
Note that the delay is never reinitialized to M when the BB BB B 6 &

episode terminates. Instead, the delays remain the same for Episodes

the beginning of the next episode. By doing that, we do not
assume an initial delay value and cover a broader range of ap-
plications.

Figure 4: Random walk behavior
of the stochastic delay across mul-
tiple episodes. No initial delay
We opt to avoid the augmentation approach in the baselines Vvalue is set at episode start. Here,
due to its inherent complexity. Incorporating the pending ac- the maximal delay is 15.

tion queue into the state space was deemed infeasible due to
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its exponential growth, even in simple environments such as Maze (Derman et al.,|2021)). In our sce-
nario, the length of the pending queue ranges from zero to M in cases involving stochastic delays.
Consequently, the size of the augmented state space is denoted as |Q2] = |[(S x [M] x A)*°|. As the
value of M increases, the order of magnitude of this quantity becomes overwhelming. Convergence
plots with stochastic delay appear in Appendix

Delayed EfficientZero is additionally trained, under stochastic delays, incorporating very large de-
lay values for evaluation in extreme scenarios. The performance in such cases is predominantly
influenced by the specific characteristics of the environment. For instance, in Asterix, we observe
that Delayed EfficientZero struggles to learn efficiently with delays of M = 35 and M = 45. Con-
versely, in Hero, our algorithm demonstrates comparable learning performance even with the largest
delay value. Convergence plots appear in Appendix Table

7 DISCUSSION

In this work, we formalized stochastic execution delay in MDPs without resorting to state aug-
mentation. Although its analysis is more engaged, this setting leads to an intriguing insight: as
in the constant delay case, also in the stochastic case we can restrict the policy search to the class
of Markov policies and still reach optimal performance. We introduced Delayed EfficientZero, a
model-based approach that achieves state-of-the-art performance for delayed environments, thanks
to an accurate learned world-model. A natural extension of our approach would consider predicting
next-state distribution instead of point prediction 5,41, so as to train a more robust world model and
mitigate uncertainty in more stochastic environments.

Delayed EfficientZero heavily relies on a learned world model to infer future states. Devising a
model-free method that addresses delayed execution while avoiding embedding remains an open
question. Moreover, in this study, we assumed that delay values are observed in real-time, which
enabled us to backpropagate the forward model the corresponding number of times. Ridding of
this constraint would add another layer of difficulty, because then the decision time that generated
each action would be ignored. In the case of deterministic execution delay, we may predict the
delay values, whereas, in stochastic delays, we could adopt a robust approach to rollout multiple
realizations of delays and act according to some worst-case criterion. Useful improvement may be
made to support continuous delays, and getting rid of drop and duplication of actions. In such a
case, we may plan and derive continuous actions. Another modeling assumption we made was that
the delay process is independent of the MDP environment. Alternatively, one may study dependent
delay processes, e.g., delay values that depend on the agent’s current state or decision rule. Such
extension is particularly meaningful in autonomous driving where the agent state must be interpreted
from pictures of various information complexities.

8 REPRODUCIBILITY

To further advance the cause of reproducibility in the field of Reinforcement Learning (RL), we
are committed to transparency and rigor throughout our research process. We outline the steps un-
dertaken to facilitate reproducibility: (1) Detailed Methodology: Our commitment to transparency
begins with a description of our methodology. We provide clear explanations of the experimental
setup, algorithmic choices, and the concepts introduced to ensure that fellow researchers can repli-
cate our work. (2) Formal proofs are presented in the Appendix. (3) Open Implementation: To foster
exploration and research into delay-related challenges in RL, we include the code as part of the sup-
plementary material. We include a README file with instructions on how to run both training and
evaluation. Our repository is a fork of EfficientZero (Ye et al., 2021) with the default parameters
taken from the original paper. (4) Acknowledging Distributed Complexity: It is important to note
that while we strive for reproducibility, the inherent complexity of distributed architectures, such
as EfficientZero, presents certain challenges. Controlling the order of execution through code can
be intricate, and we acknowledge that achieving exact-result replication in these systems may pose
difficulties. In summary, our dedication to reproducibility is manifested through transparent method-
ologies, rigorous formal proofs, and an openly accessible implementation. While we recognize the
complexities of distributed systems, we believe that our contributions provide valuable insight into
delay-related issues in RL, inviting further collaboration within the research community.
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APPENDIX

A A FORMULATION FOR STOCHASTIC DELAYS

A.1 PROOF OF THEOREM [T

Proof. By definition of conditional probability, for all measurable sets Ay, -, A, € B(Q), we
have
n—1
P™ (NP A;) = <H P™ (A N—iyy Aj)> P™(A,,). (4)
i=0

Applying Eq. @) to n = 2t + 1 on the following events:

Agiyr = {50 = s0}
A2t = {

Ag =

{1 = 21,001 = ag—1}
Al = {gt = St},
AO = {2,5 = Zt}
we obtain that
e - ~ - . -
P™ (30 = s0, Z0 = 20,80 = G0, ,0r—1 = Qy_1,5¢ = 8¢, 5t = 2t)
-1
T T3 ~ = s ~ z
=P (SOZSO)H]P’ (Zi = 21,05 = a;3|30 = S0, 20 = 20,00 = o, ,8; = ;)
i=0
P™ (3141 = Siz1|30 = S0, 5o = 20,0 = a0, - , 5 = 2z, @i = )
Si4+1 —31+1|30—80aZ0 = 20,00 = Ao, y Ri = Ry A = Gy
o ~ - _ - _ _
P (2t = 2|30 = 50, 20 = 20,80 = G0, ,Zt—1 = Z4—1,0t—1 = Qy_1, 5 = 5¢)
W -1
VI e (= -~ = = -~ o
= P (30 = SO)HP (Zi = 2i, 45 = a;i]30 = S0, 20 = 20,00 = g, ,8; = ;)
=0
T x z ~ 5 ~ Tz
P (87;4_1 = $i+1|80 = 80,20 = 20,00 = QQ," " , 2 = Z3,0; = ai)IF’ (Zt = Zt)
t—1
T (% (s ~ = z ~ ~
=P (50 = s0) [ [ P" (i = 2, @i = ailS0 = s0, 20 = 20,d0 = ag, -+ , 5 = 1)
1=0

P™ (3501 = siq1lhi = (hio1, i1, 2, 8i), @i = a;)P™ (3 = z;)

t—1
=P" (30 = s0) H]P’Tr(fi = 2;,0; = ;|89 = 50,20 = 20,00 = Gg, -+ , 8 = 8;)P(si1]si,0:)((2)
=0
t—1 )
= PW(EO = So) HPW(EI@ = ai\hi = hL)IP’“(EZ = Zi|§O = SO,ZO = ZQ,ELQ = ap," - 7§i = Si)P(si-ﬁ-l‘Sivai)C(Zt)
i=0

t—1
=P (50 = s0) [ [ P™ (@ = ailhi = hi)C(2:) P(siga s, ai)( (1)
=0

t,—1 t—1
= p1(s0) (H ﬂak(ak)P(8k+1|Sk7ak)> (H Wrz(hl)(al)P(Sl+1|Sl»al)> ()
k=0

I=t,

11
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where equality (1) comes from the fact that the delay distribution at 7 + 1 is independent of the state
si+1 observed then. By Eq. (2)),

T — ot — ~ _ ~ _ ~ o
P (80 = 50,20 = 20,00 = A0, " ,At—1 = At—1,St = St, 2t = Zt)
t.—1

¢
=P"(S0 = s0) <HC(2z)> [T P (@ = ailhs = hi)P™ (5141 = sigalhi = (hi1, 051, i, 2), G = a;)
i=0 i=0

z

= 11(s0) (1:[ ﬂak(ak)P(8k+1|8kvak)> (H 7Tn(hl)(al)P(Sl+1|Sl,al)> (H C(Zm)> ;
k=0 I=t. m=0

where the first product is empty if and only if z9 = 0, i.e., the decision taken at time ¢ = 0 is
immediately executed. O

A.2 PROOF OF THEOREM [4.2]

We first establish the following lemma, which will be used in the theorem’s proof.
Lemma A.1. Forallt > 0 and z; > 0,

]P)Tr(gt = S/|C~Lt = a'7§t,1 = 875,,5,1 = a) = Pw(gt = 8/|§t,1 = S,at,1 = a) (5)

Proof. Since z; > 0 by assumption, the state variable §; is independent of a;, so that: P™(5;, =
slay =a' 81 = s,a4—1 = a) = P(s'|s,a) = P™(5; = §'|$t—1 = s,a1—1 = a).

O

Theorem. Let 7 € TTHR be a history dependent policy. For all sq € S, there exists a Markov policy
7€ TIMR fhay yields the same process distribution as T, i.e.,

’ ~ ~ ~ ~ ~ ~ ~ ~
P™ (3, =& ,ar = also = 50,2 = 2) = P"(5,, = &', a1 = a|5g = 0,2 = 2), (6)

foralla € A,s' € S,t >0, and Z := (Z)ien the whole delay process.

Proof. If M = 0, the result holds true by standard RL theory (Puterman, [2014)[Thm 5.5.1]. Assume
now that M > 0, fix s € S and z = (2;)ten. The variable z is exogenous, and we shall consider
the corresponding sequence of effective decision times (7¢);cn. We construct a Markov policy 7’
for these times only while for other times, 7’ can be anything else. Let thus 7’ := (77, );en With
m. : {s} = A4 defined as ’

P™(a; = al|5,, = 8,80 =s,Z2=12) ift>t,,

!/
. 7
15, (a) otherwise, Vs €Saed M

()l = {

Recall the definition of the time the SED-MDP performs a switch and uses the agent’s policy ¢, :=
min{zo,z1 +1,..., M — 1+ zp—1 }. For the policy ' defined in Eq. (7), we prove the theorem by
induction on ¢ > t,, since for ¢ < t,, the decision rule being applied is 15, regardless of the policy.
For t = t,, by Thm. 4.1} we have:

P™(3;,, =5 a:, = a,50 = so)

P™(3;,, = s',a:, = al30 = s9) =

]Pm(g() = 80)
1
= — P (s =5 a4 = aQy 1 = gL
P (39 = s0) 51’.-~,Zstzf1’ Bris = 8080, = 0,1 = b,
ag, G, —1
t,—1
= > 11 te(an) P(skralse, ar)
815738t —15 k=0
ag, At —1

12

t—1
H P™(ar = arlhi = he)P™ (Sk41 = Skr1lhe = (hi—1, k-1, Sk, 2k), Gk = Qi)
=t

, o = ag, 80 = So)
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We observe that the expression does not depend on the prescribed policy, so it equals P™ (5r,, =
§',a;, = al8p = sp) and the induction base holds.

Assume that Eq. @ holds up until £ = n — 1, with ¢ > ¢,. Let denote ' = n, we aim to prove that

P (5 = §'|39g = 8) = P™ (5p = |59 = 3). (8)

Then, we can write

P (5 = §'|50 = s)

(X /o= ~ ~
= E P™(5p = s',5, = s¢, a4 = at|50 = s)
st€S,
at€A

= E Pﬂ<§t/ = S/|dt = at,ét = St,go = 8)
s5t€S,
a;€A

]Pm—(dt = at\ét = St,g() = S)]P)ﬂ—(gt = st|§0 = S)
= Z P(8/|St,at)PW(dt = at|§t = St,go = S)Pﬂ—(gt = St‘go = S).
stE€S,
at€A
By Eq.[2] @; only depends on state-action sequences up to 7. Let’s differentiate on the value of z;.

If z; = 0, then 7, = t and by construction of 7’ we can write:

~ ~ ~ ~ ~ ~ ’ ~ ~ ~
P™(a: = a¢|8¢ = 8¢, 80 = ) = P™(ar = a¢|Sr, = 81,50 = 8) = P™ (ar = a¢|8r, = s, S0 = 3).

= P (3¢ = §'|30 = 5) = Z P(s'|s¢,a0)P™ (g = ag|3r, = 51,50 = )P™ (5 = 54|50 = ).

st€S,
at€A

If z; > 0, then 73 < t and we can write: P™(a; = a¢|8; = s¢, 80 = s) = P™ (@ = a¢|So = s)

=P (5y = 5|50 =5) = Y P('|st,a0)P™ (s = as|30 = 5)P" (3¢ = 5[50 = 5).

stES,
a€A

Since t = n — 1, by the induction hypothesis we can rewrite

P™(a = arlso = s) = Y P™(a = ar, 57, = 57,/50 = 3)
s, €S

= Z Pw,(dt = at’g‘f't = STt|§O = S)
STtGS
=P (a = ay|30 = s)
=P 5y =550 =5) = Y P(s/|s1,a)P" (ar = ar|5o = 8)P" (5 = 5|50 = ).

s5t€S,
a€A

13
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In the two cases, we now study the last term in the above equations, P™(5; = s¢|50). We have

P™ (5 = s¢|50 = )

o . ~ - . -
= g P"(3y = 8¢,8¢—1 = 8¢—1,8t—1 = Qg—1," " , 8¢, = St,,0¢, = Ay, |30 = 8)
St_1,,5t, €S
ap_1,,aq, €A
o . ~ . - -
= E P (St:St St—1 = St—1,At—1 = Qt—1," " ; Sty = St,, 0t :at,wso:s)
St—1:",5t, €S
ag_1,,ap, €A
. - - . ~
P (8¢—1 = 8St—1,0¢—1 = Qt_1, " ,8¢, = St ,0r, = a¢, |50 = )
= E P(st|st—1,at—1)
Sg_1,0 5L, €S
ap_1, 0, €A
o - - ~ .
P"(8¢—1 =8t—1,0¢—1 =at_1, " ,8¢, = St,,0r, = a¢, |50 = 8)
= E P(s¢|st—1,a¢-1)
Sg_1,,5t, €S
ay_q1,,ap, €A
g . - - . ~ -
P (St—l = St—l\at—l =QAt—1,St—2 = St—2,At—2 = At—2," " ,St, = St,,At, = Qt,,S0 = S)
o . - - . -
P (at—l =0t—1,8t—-2 = St—2,Q¢t—2 = Qt—2," " ,St, = St,,0t, = At |S0 = 5)
Lemmam
= Z P(stlst—1,at—1)P(st—1]st—2,at—2)
Sg_1: 154, €S
ap_1,,ar, €A
Eap . ~ - . ~
P™ (a1 =at—1,8¢—2 = 8¢—2,0t-2 = Qg_2, " , 8¢, = St,,0¢, = Ay, |80 = 8)
= E P(st|st—1,at—1)P(st—1]st—2,at—2)

Sg_1, 5, €S
ay_q1,,ap, €A

. - ~ ~ _ _
P"(a¢—1 = at—1|8¢—2 = 8¢—2,a4—2 = ar—2-- , 8, = St,, 04, = ay, |50 = 5)

P™(3y_2 = Go_o = =1, d1, = as, |30 =
(8¢—2 =8¢-2,a1-2 =ar_2--,8, = St,,0, = as, |50 = s)

= Z ("ﬁz P(sf,,,y|st7i71,af,7¢71)>

Sg—1,,5t, €S~ i=0
ag_1,,0¢, €A

t—ty—1
o - ~ . - -
( I | P"(G4—j = at—jl8t—j—1 = St—j—1,8t—j—1 = Qt—j—1, " ,8t, = St,,0t, = Qt,,50 = S))
j=1

P™ (51, = s¢, |G, = ar,, 80 = s)P™ (G, = ar, |50 = )

o t—t, t—t,—1
p ~
= E ( H P(St—ilst—i—l,at—i—l)>< H P™(a¢—j = at—j Srp ;= S"'t—j))
Sp_1.0 .85, €S i=0 j=1

ap_1,sap, €A

P™ (8¢, = s¢, |G, = ar,, 80 = s)P™ (A, = ar, |50 = s)

‘We continue and write

t—t, t—t,—1
(2)
= Z ( H P(St—ilst—i—laat—i—l)>( H qd;t—j(srt*j)(atij)>

Sp_1," ,stZES i=0 j=1
ap_1,,ap, €A

P (3¢, = s¢,lae, = ar,, 850 = s)P" (G, = a¢, |50 = s)

t—t, t—ty—1
® Pls 150 _ .
= Z H (St—z|5t—1—1,at—1—1) H qd;f,fj(sTt—]‘)(atij)

Sp_1,r 28t €S N i=0 j=1
ay_q,,ap, €A
P™ (5, = ai, = So =
(8¢, = st,|aw, = ar,,80 =) qd[’_t (sry )(fltz
’ z #
oh, €8
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In (2) and (3) we used equation 2| We now analyze the last term implying on 7 and show that it is
not policy dependant:
P™ (8¢, = s¢, |1, = at,,80 = s) = P"(8;, = 51,50 = )

_ P™(5, — ~ _ ~ _ .
= (Stz7Stz,Stz—17Stz—1,atz—1fatz—1,"',51

Sty—1s"" ,51 €S

=51,a1 = a1, a0 = apl30 = s)

A, 1, ,ap €A

1 Pﬂ' ~ ~ ~
E 7]1}”(50 —5) (Stz = Sty Sty—1 = Sty —1,0t,—1 = Aty —1," "

Sty—1"" ,81 €S
ag, 1, ,a0€A

4) Z

. s es (9
Sty—1>""»51€
at271,"',d0€A

where (4) results from Th.

Thus, if we decompose P’ (8¢ = §'|30 = s) according to the exact same derivation as we did for
P™ (8 = s'|39 = s), we obtain that at ' = n:

31 = s1,G1 = a1,dp = aog, 30 = 8)

ty—1 ty—1
n(s) <H P(siy1lsi; ai)la, (ai)> = > (H P(S'H»llsi,ai)]lai(lli)) ,
i1=0 ,81E€S

Sty—10" 1=0
A, —1, ,ag€A

P™(5p = §'|50 = s) = P™ (5p = §'|50 = ). 9)
As a preceding step in the induction process, this results holds at 7, < ¢ = n:

P™(3,, = 5|50 = s) = P™ (3, = |50 = s). (10)

As aresult, at ' = n we have
P™ (3, = &', ap = aldy = 8)=P" (ay = al3,, = &', 30 = 5)P" (3, = s'|5p = s)
@ ]P’”/(dt/ =als,, = 5,5 = s)P"(5,, = 5|50 =)
© pr(ay = als,, = ¢/, 50 = 5)P" (55, = '|50 = 5)
=P"(5,, =, ay = also = s),

where (a) follows from Eq. (b) by construction of 7/_(s")(a) in Eq. 7| Finally, assuming it is
satisfied at ¢ = n — 1, the induction step is proved for ¢ = n, which ends the proof.
O
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B ALGORITHM

We briefly describe the EfficientZero algorithm from (Ye et al.,[2021) and highlight the places where
novelties are introduced in Delayed EfficientZero. In EfficientZero, there are several actors running
in parallel:

» The Self-play actor fetches the current networks of the model (representation, dynamics,
value, policy prediction and reward networks: H, G, V, P, R). It samples episodes accord-
ing to these networks, following the algorithm |1} Although the algorithm relies on episode
sampling, the differences from the original version of EfficientZero, Ye et al.|(2021) reside
also in the episode post processing. After generating the trajectory, each episode is edited,
associating each state s; with the executed action at time ¢ rather than the decided action at
that time. This modification ensures that the replay buffer contains an episode that is effec-
tively free of delays, allowing the utilization of existing learning procedures for effective
learning. In addition, for the learner’s sake, the self-play actors store statistics and outputs
of the consecutive MCTS searches to the replay buffer.

» The CPU rollout workers (Ye et al.,|2021) are responsible for preparing the batch contexts
(selecting indexes of trajectories, and defining boundaries of valid episodes).

* GPU batch workers (Ye et al.| 2021)) effectively place batches on the GPUs and trigger the
learner with an available batch signal.

» The Learner itself updates weights of the different networks using the several costs func-
tions: the innovative similarity cost (for efficient dynamics learning), the reward cost, the
policy cost, and the value cost.

As previously highlighted, it is important to note that, aside from modifications to the Self-Play
actor and the testing procedure, our approach does not necessitate changes to the architecture. It is
adaptable and can be integrated into any model-based algorithm.

Technically, the challenges were to incorporate the parallel forward of the four environments for
effectiveness; to plan for the initial action queue based on the initial observation as described in
Section[6} and to manipulate episodes according to the delay values in a complex structure of obser-
vations, actions, reward, and statistics of MCTS searches.
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Algorithm 1 Delayed EfficientZero: acting in environments with stochastic delays. PQR stands for
Pending Queue Resolver (see Fig.

n<+0
while n < STEPS do
H7 ga V? Pa R+ H@a g@a V97 P97 R@
Sample new episode (s, 20, ag, - - - ST, 2T, AT)
Initialize queues:
Default action queue: [a_py, . ..,a_1] = @. Delay queue: [z_ps,...,2-1] = [M, ..., M].
t<0
while episode not terminated do
Observe s¢, z;
Query from the delayed environment the estimated pending queue:
[dh s 5dt+2t—1] = PQR(at—Mv sy Q=15 Rt—My - - Zt—l)
Sty1 = Q(St, &t)

Stz = 9(Bt42,-1,0tq2,-1)
T = MCTS(§t+Zt)
Qg ~ Tt
Shift the action and delay queues and insert a; and z;.
t—1t+1
end while
Post process the episode (sg, 20, G, - - - ST, 27, ar) and compute effective decision times
TOsy -« TT
Add (sg, 70, ao, - - - ST, 7T, ar) to the Replay Buffer.
n<n+T
end while

C EXPERIMENTS

C.1 CONVERGENCE PLOTS FOR CONSTANT DELAY

Figure [5] gives the learning curves of Delayed EfficientZero together with the baselines for constant
delay.
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Figure 5: Convergence plots for 15 Atari games on constant delays in {5, 15, 25}.

Figure[f] gives the learning curves of Delayed EfficientZero together with the baselines for stochastic
delay.
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Figure 6: Convergence plots for 15 Atari games on stochastic delays with maximal delay M €
{5,15,25} and probability p = 0.2.

C.3 DELAYED EFFICIENTZERO ON LARGE DELAYS

Here, we add results for very large delays in Asterix and Hero Atari games. As expected, the scores
decrease as the delay increases, due to the complexity and error in planning.
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Figure 7: Scores on two Atari games with stochastic delays up to M = 45. Left: Asterix. Right:

Hero.

C.4 SUMMARY OF SCORES ON ATARI GAMES

We summarize the scores and standard deviations obtained for Delayed EfficientZero (ours) and
baselines Oblivious EfficientZero of (Ye et al.,2021)) and Delayed DQN of (Derman et al.,[2021) on
15 Atari games. The following table shows scores on constant delays.

Game m =5 m =15 m =25

Obl. EZ Delayed Delayed EZ | Obl. EZ Delayed Delayed EZ | Obl. EZ Delayed Delayed EZ
DQN DQN DQN

Alien 3355 484.33 993.25 287.86 421.33 512.0 278.8 454.0 497.25
+24.88 +73.67 +311.5 +30.57 +58.0 +109.75 +29.0 +120.5 +185.75

Amidar 50.8 £5.2 64.0 £20.0 111.8 12.43 61.67 72.0 £18.2 32+£14 59.5£15.5 | 68.0 £15.2

+16.4 +2.86 +22.0

Assault 234.5 369.0 1056.5 208.6 371.0 674.75 179.75 389.5 636.6
+21.25 +91.0 +281.25 +33.2 +93.67 +59.75 +20.0 +107.5 +92.4

Asterix 348.43 486.25 10758.2 2444 304.75 1160.71 186.4 248.33 6734
+56.43 +242.75 £5809.0 +25.4 +160.0 +447.86 +15.4 +136.33 +314.8

BankHeist 13.25 17.0 £13.5 180.2 114 +£2.2 13.67 35.6 £17.4 12.5+3.0 14.17 29.4 +14.6
+4.25 +33.2 +12.67 +10.83

Boxing -4.5 +£1.25 2.33 £9.33 2.0 £4.75 -52+1.8 1.5+£5.5 -3.25 £4.25 | -11.75 2.0 £8.0 -1.25 £5.0

+2.25

Gopher 373.5 294.67 1882.0 306.6 287.0 932.0 307.25 239.0 812.2
+43.0 +190.33 +978.75 +44.4 +196.5 +365.0 +36.0 +157.0 +372.4

Hero 4867.6 948.67 11233.2 1949.4 717.0 9630.4 1364.5 843.5 5908.8
+497.4 +1157.33 +1478.2 +156.0 +1107.5 +1874.4 +273.5 +1124.5 +1707.4

MsPacman 520.0 849.6 1091.4 386.0 665.2 934.5 367.5 616.67 716.2
+43.83 +293.6 +338.8 +40.2 +178.2 +360.5 +35.0 +91.67 +377.6

NameThisGame | 1707.17 2171.0 50214 1725.4 2099.67 3926.17 1863.0 2083.0 3591.2
+151.67 +658.75 +1007.2 +149.0 +577.0 +697.17 +202.0 +568.25 +1033.4

Qbert 323.29 358.5 13085.5 214.2 343.0 3241.6 227.0 320.33 622.0
+51.29 +141.5 +2510.5 +27.4 +52.67 +1009.6 +50.6 +83.67 +285.6

RoadRunner 1540.29 816.0 18485.25 89.8 £62.0 | 970.25 4636.0 106.0 1066.5 2642.2
£293.57 +912.33 +4068.75 +535.5 +948.4 +71.5 +521.0 +846.2

StarGunner 631.0 992.0 1841.2 596.71 883.5 937.83 557.17 944.25 874.4
+64.14 +232.33 +462.6 +63.43 +211.5 +137.17 +61.5 +135.0 +175.2

TimePilot 1876.71 2809.75 2048.5 2264.4 1981.25 2584.0 2659.0 2871.67 2615.4
+340.29 +1265.5 +1564.75 +432.6 +908.75 +1277.25 +323.5 +1090.0 +1595.0

WizardOfWor 43425 545.25 1150.8 348.8 525.67 1066.0 368.25 608.33 8454
£71.5 +312.5 +664.6 +60.8 +226.67 +569.8 +60.75 +304.67 +472.4

Table 1: Summary of mean scores on 15 Atari games with constant execution delay M € {5, 15,25}
on 32 episodes for each of the four trained seeds.

The following table shows scores on stochastic delays.
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Game m=2>5 m =15 m = 25
Obl. EZ Delayed Delayed EZ Obl. EZ Delayed Delayed EZ | Obl. EZ Delayed Delayed EZ
DQN DQN DQN
Alien 348.43 366.0 796.6 318.0 333.0 820.33 257.71 324.5 607.8
+52.14 +231.67 +205.4 +29.71 +118.5 +325.67 +20.86 +100.5 +288.8
Amidar 41.5 +£6.17 37.0 220.25 234 4+5.8 48.5 £27.0 145.67 7.33 £2.83 40.0 £17.5 | 95.8 £32.4
+21.67 +43.0 +30.67
Assault 376.0 267.0 1068.25 293.0 242.5 1132.0 203.4 251.5 790.6
+20.14 +140.67 +299.0 +23.0 +110.5 +286.33 +30.0 +98.5 +191.8
Asterix 507.3 268.33 6535.5 256.67 239.5 1225.0 233.17 234.5 636.0
+35.9 +148.0 +4392.75 +33.5 +133.0 +934.33 +16.33 +168.5 +396.6
BankHeist 15.0 +3.33 13.0 140.0 16.17 6.5+7.5 91.67 14.0 £2.5 9.0 £12.0 27.33
+12.67 +30.6 +2.33 +26.67 +16.0
Boxing -2.6 £4.0 -3.0 £6.0 20.2 £9.0 -4.43 £1.71 | -4.0 £9.0 2.5 +6.0 -5.5 £1.75 -3.0 £6.5 3.33 £6.33
Gopher 424.38 145.0 1855.4 364.33 198.0 1633.0 347.4 130.0 1378.25
+35.62 +127.33 +828.4 +67.5 +168.0 +709.0 +31.8 +118.5 +676.25
Hero 4813.88 492.0 11798.8 2466.67 669.5 11890.33 1887.83 619.0 8127.25
+475.75 +856.0 +1539.6 +345.0 +1006.0 +1372.0 +303.17 +1027.5 +2681.25
MsPacman 530.0 444.0 1443.6 452.4 439.0 1173.0 397.17 399.0 940.6
+64.62 +276.0 +498.4 +55.0 +192.0 +612.33 +66.17 +162.5 +455.8
NameThisGame | 1933.33 1673.0 5395.0 1991.0 1760.0 5029.33 1513.44 1761.0 5027.4
+127.33 +912.33 +1244.4 +160.0 +780.5 +1085.33 +243.0 +769.0 +1099.8
Qbert 548.8 208.67 3747.6 154.0 296.5 4121.67 176.75 303.0 1553.0
+207.0 +113.33 +2603.8 +26.0 +88.5 +1829.0 +30.5 +78.5 +1275.5
RoadRunner 1254.0 668.0 9978.6 876.4 227.0 12906.33 488.75 260.5 2173.0
+161.33 +649.5 +2914.6 +166.8 +515.5 +3311.0 +113.62 +352.0 +1103.0
StarGunner 700.2 378.5 1931.8 656.33 604.0 1235.33 666.14 621.5 939.33
+71.6 +234.0 +607.4 +59.5 +321.5 +249.67 +59.86 +356.0 +199.33
TimePilot 2304.75 1529.67 1425.6 1997.17 1905.25 2128.0 2405.5 2523.5 1931.33
+309.5 +972.67 +1347.8 +326.33 +1307.5 +1308.0 +379.83 +1488.0 +1778.0
WizardOfWor 541.8 288.5 1270.0 383.8 336.0 1175.0 409.5 294.5 1038.67
+125.8 +247.0 +985.4 +53.2 +304.0 +900.0 +59.67 +233.5 +721.67

Table 2: Summary of mean scores on 15 Atari games with stochastic execution delay with maximal
delay M € {5, 15,25} on 32 episodes for each of the four trained seeds.

D COMPUTATIONAL RESSOURCES

The computational costs associated with training Delayed EfficientZero in environments with delays
increase in proportion to the delay values. This escalation arises from the multiple applications of
the forward network during inference.

EfficientZero’s architectural design harnesses the efficiency of C++/Cython for its Monte Carlo Tree
Search (MCTS) implementation, intelligently distributes computation across CPU and GPU threads,
thereby enabling parallel processing. Our experimental setup included two RTX 2080 TI GPUs. In
the context of Delayed EfficientZero, each training run comprised 130,000 environment interactions
and 150,000 training steps. We provide training duration statistics for the three delay configurations
we employed:

For M = 5, the training duration exhibited fluctuations over a period of 20 hours. For M = 15, the
training duration exhibited fluctuations over a period of 22 hours. For M = 25, the training duration
exhibited fluctuations over a period of 25 hours.

The training duration of Oblivious EfficientZero is lightly shorter due to the omission of multi-step
forward processing. For any delay value we tested, the training duration exhibited fluctuations over
a period of 20 hours.
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