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Abstract

Forward-backward (FB) representations provide a powerful framework for learning
the successor representation (SR) in continuous spaces by enforcing a low-rank
factorization. However, a fundamental spectral mismatch often exists between
the high-rank transition dynamics of continuous environments and the low-rank
bottleneck of the FB architecture, making accurate low-rank representation learn-
ing difficult. In this work, we analyze temporal abstraction as a mechanism to
mitigate this mismatch. By characterizing the spectral properties of the transition
operator, we show that temporal abstraction acts analogously to a low-pass filter
that suppresses high-frequency spectral components. This suppression reduces the
effective rank of the induced SR while preserving a formal bound on the resulting
value function error. Empirically, we show that this alignment is a key factor
for stable FB learning, particularly at high discount factors where bootstrapping
becomes error-prone. Our results identify temporal abstraction as a principled
mechanism for shaping the spectral structure of the underlying MDP and enabling
effective long-horizon representations in continuous control.

1 Introduction

Effective long-horizon control requires representations that map current actions to future outcomes.
The successor representation (SR) achieves this by encoding discounted future state–action occu-
pancies (Dayan, 1993), providing a structured foundation for value computation across diverse
rewards. While SR-based methods have successfully scaled to high-dimensional control (Kulkarni
et al., 2016; Zhang et al., 2017), continuous domains require representations that are both expressive
and computationally tractable. Forward-backward (FB) representations address this by learning a
low-rank factorization of the SR directly from interaction (Blier et al., 2021; Touati & Ollivier, 2021).

However, a fundamental incompatibility exists: while FB assumes a low-rank constraint, the true
SR in continuous environments is often high-rank with slow spectral decay (Dubail et al., 2025).
We identify this spectral mismatch as a primary bottleneck for FB. Empirically, we show that
increasing network capacity does not reliably improve performance; instead, higher capacity can lead
to performance degradation as networks attempt to resolve high-frequency dynamical components
that are inherently difficult to predict. When coupled with bootstrapping, errors in these spectral
components propagate through Bellman updates and destabilize the learning process.

To address this, we leverage temporal abstraction via action repetition to regulate the SR’s spectral
structure. We demonstrate that multi-step transitions accelerate spectral decay, yielding a more
structured, low-rank target for the FB objective. As shown in Figure 1, action repetition—previously
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Figure 1: Q-function via Successor Representation (SR). The SR enables rapid value inference
for arbitrary goals (e.g., star marker). Low-rank structure in SR is desirable for navigation, as it
preserves topological features (e.g., rooms) while suppressing transient dynamics. Top: In discrete
MDPs, the SR can be computed from the transition matrix. Bottom: In continuous domains, forward-
backward (FB) learning approximates the SR, where the embedding dimension controls the rank of
the approximation. Low-rank structure can arise through (1) explicit constraints (Low-Rank column;
e.g., SVD or small embeddings), (2) long horizons (High γ column), or (3) temporal abstraction
(Temp. Abs. column; e.g., action repetition). In continuous settings, temporal abstraction provides the
spectral alignment needed for effective bootstrapping, whereas high γ or overly restrictive bottlenecks
can impair representation learning, leading to Q-functions with many erroneous local maxima.

utilized for exploration and efficiency (Mnih et al., 2015; Biedenkapp et al., 2021)—consistently
improves both representation quality and episodic return across discrete and continuous environments.

Finally, we examine the influence of the discount factor, γ. While increasing γ extends the task
horizon, it also degrades SR conditioning and amplifies sub-dominant spectral components, increasing
sensitivity to noise. We show that temporal abstraction counteracts this by improving spectral
concentration, enabling stable learning at high effective horizons. Together, our results provide a
unified perspective on the spectral requirements of FB learning, shifting the burden of representation
from the function approximator to the design of interaction dynamics.

2 Related Works

Successor representations were introduced as task-agnostic predictive representations that enable
rapid adaptation to new reward functions (Dayan, 1993). Subsequent work has leveraged SR for
transfer and zero-shot reinforcement learning (Barreto et al., 2017). However, exact computation
scales poorly with state dimensionality, motivating low-rank and parametric approximations that
capture dominant long-horizon dynamics.

Forward-backward representation learning methods (Blier et al., 2021; Touati & Ollivier, 2021; Touati
et al., 2023) address this challenge by learning factorizations of the SR that emphasize shared future
occupancies over fine-grained state distinctions. While effective, these approaches implicitly rely on a
low-rank SR structure and offer limited theoretical insight into when such a structure arises. Our work
complements FB by linking the effective rank of the SR to the spectral properties of the transition
dynamics induced by the policy and environment, and by proposing mechanisms that promote this
low-rank structure.

The transition operator of a Markov decision process is central to long-term behavior, mixing, and
value estimation. Classical Markov chain theory relates the spectral gap of the transition matrix
to convergence rates (Meyn & Tweedie, 2012). In reinforcement learning, spectral methods have
informed representation learning and planning, including proto-value functions and Laplacian-based
abstractions (Mahadevan, 2005; Machado et al., 2017a,b; Shehmar et al., 2026). However, prior work
focuses on policy evaluation and transfer, without analyzing how transition spectra influence the rank,
compressibility, or learnability of low-rank SR under function approximation.
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Temporal abstraction has been widely studied through semi-Markov decision processes and options
(Sutton et al., 1999). A simple instance is action repetition (frame skipping), used in Atari benchmarks
(Mnih et al., 2015) and known to significantly affect learning (Machado et al., 2018; Biedenkapp
et al., 2021). From an operator perspective, repeating actions replaces the one-step transition matrix
with its k-step counterpart, smoothing the dynamics. Existing work primarily motivates this via
efficiency or exploration, without examining its impact on spectral structure or low-rank predictive
representations such as the SR.

Although the connection between multi-step transitions and SR spectra is established (Dayan, 1993;
Machado et al., 2017b,a; Dubail et al., 2025), and FB methods are empirically successful (Touati &
Ollivier, 2021; Touati et al., 2023), their interaction remains underexplored. We reinterpret temporal
abstraction not as an exploration heuristic (Lakshminarayanan et al., 2017), but as a spectral alignment
mechanism that bridges high-rank dynamics and the low-rank inductive bias of FB representations.

3 Background

We represent a finite, reward-free Markov decision process (MDP) as a tuple M = (S,A, P, γ),
where S and A represent the state and action spaces, respectively, P (s′ | s, a) is the transition
probability from state s to s′ given action a, and γ ∈ (0, 1) is the discount factor (Sutton &
Barto, 1998). Given a policy π, the policy-induced transition operator is defined as a matrix Pπ ∈
R|S×A|×|S×A|, where Pπ(s′, a′ | s, a) = P(st+1 = s′, at+1 = a′ | st = s, at = a, π). The
matrix Pπ is row-stochastic, i.e., Pπ1 = 1. The (discounted) SR associated with Pπ is defined as
Mπ = (I − γPπ)−1 =

∑∞
t=0 γ

t(Pπ)t. In the following, we use the matrix Mπ and its functional
form interchangeably. We define Mπ(s, a, s′, a′) as the expected discounted occupancy of (s′, a′)
given an initial state-action pair (s, a). In matrix notation, it corresponds to the entry of Mπ indexed
by row (s, a) and column (s′, a′).

3.1 Forward-Backward Representation

The FB representation is a parametric framework designed to approximate the SR for all optimal
policies in an unsupervised way (Touati & Ollivier, 2021). Let (πz)z∈Rd be a family of policies
parameterized by z ∈ Rd, and define the embedding functions F : S×A×Rd → Rd and B : S×A →
Rd. Learning an FB representation entails finding (F,B, πz) such that:

πz(s) ∈ argmax
a

F (s, a, z)⊤z and F (s, a, z)⊤B(s′, a′) = Mπz (s, a, s′, a′) (1)

for all (s, a), (s′, a′) ∈ S × A and z ∈ Rd. In continuous action spaces, the argmax in Eq. (1)
is intractable. Following standard practice (Touati & Ollivier, 2021), we introduce a learned actor
πθ : S × Rd → A trained jointly with F and B to approximate the maximizer. Architectural details
and learning rates are deferred to Appendix A. Further, Eq. (1) represents a fixed-point condition for
the triplet (F,B, πz) since F and B depend on πz , and πz is defined via F (Touati & Ollivier, 2021).
Given a reward function r : S × A → R, we define zR = B⊤r. If the condition holds exactly, the
optimal action-value function is recovered by Q⋆(s, a) = F (s, a, zR)

⊤zR.

Given a FB representation (F,B), we define the approximate successor representation as
M̂z(s, a, s′, a′) = F (s, a, z)⊤B(s′, a′). The following theorem bounds the approximation error of
the optimal action-value function Q⋆ by the approximation error in successor representation Mπz :
Theorem 3.1 (Optimality Gap for FB Representations). Let r : S × A → R be a reward function
such that zR = B⊤r. The approximation error of the optimal Q-function is bounded by:∥∥F ( · , · , zR)⊤zR −Q⋆

∥∥
∞ ≤ 2Cnorm ∥r∥∞

(1− γ)
∥M̂zR −MπzR ∥2. (2)

Here, Cnorm is a constant arising from the choices of norms, equal to
√
|S||A| in our finite case; see

Appendix B for details. Further, ∥ · ∥∞ denotes the L∞ or Chebyshev norm, which for a function
f : S ×A → R is defined as ∥f∥∞ = sup(s,a) |f(s, a)|. The norm ∥ · ∥2 denotes the L2 or spectral
norm of a matrix, defined as ∥M∥2 = supx̸=0 ∥Mx∥2/∥x∥2, which corresponds to the largest
singular value of M . Note that Theorem 3.1 is a simplified version of the result in (Touati & Ollivier,
2021, Theorem 8) tailored to our spectral analysis setting.
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3.2 Spectral Bound on Approximation Error

To understand the approximation capacity of the FB framework, we derive a lower bound on the
approximation error appearing on the right-hand side of Eq. (2) based on the spectrum of MπzR .
Related to this is the work in Dubail et al. (2025), which performs a similar study with a focus on
finite-sample analysis. In this work, we do not aim to derive the tightest possible bound, but rather
to develop a simple theoretical framework that highlights the effect of temporal abstractions on the
optimal approximation error. We leave a finite-sample analysis to future work.

Due to limited representational capacity when d is small, the FB criterion cannot generally be
fulfilled exactly, even in the finite case. Furthermore, the FB representation must simultaneously
reconstruct the successor representation and define a greedy policy, as shown in Eq. (1). By the
Eckart–Young–Mirsky theorem (Eckart & Young, 1936), the best rank-d approximation of MπzR

is obtained via the truncated singular value decomposition (SVD), denoted by M⋆, which satisfies
∥M⋆−MπzR ∥2 = σd+1(M

πzR ). Intuitively, σd+1(M
πzR ) corresponds to the first discarded singular

value. Motivated by this observation, we define the following:
Definition 3.1 (Forward-backward Realization Error). Given a reward function r : S ×A → R, and
a FB representation (F,B), we define the FB realization error as the difference to the optimal rank d
approximation: ϵreal(r) := ∥M̂zR −MπzR ∥2 − σd+1(M

πzR ) ≥ 0.

Consequently, the optimality gap in Eq. (2) is governed by the decay of the representation’s singular
values, ∥∥F ( · , · , zR)⊤zR −Q⋆

∥∥
∞ ≤ 2Cnorm ∥r∥∞

(1− γ)
(ϵreal(r) + σd+1(M

πzR )) ,

assuming that the error ϵreal(r) stays bounded. This decomposition separates the FB realization error
ϵreal(r) from the spectral truncation error σd+1(M

πzR ) determined by the singular values of the
successor representation.

4 Temporal Abstraction in Forward-Backward Representations

Our goal is to demonstrate that temporal abstraction is beneficial for learning FB representations. To
this end, we introduce a simple temporal abstraction, namely action repetition. Action repetition was
introduced in Mnih et al. (2015) and has been shown to be beneficial for exploration and learning
performance in model-free reinforcement learning (RL) (Biedenkapp et al., 2021).

4.1 Action Repetition for Temporal Abstraction

In the following, we first formally introduce the concept of action-repeat MDPs, provide the necessary
assumptions for this work, and conclude by connecting these concepts to the FB representation.
Definition 4.1 (Action-Repeat MDP). Given a reward-free MDP M = (S,A, P, γ), an action-repeat
MDP M̃ with repeat factor k ∈ N is defined by the tuple (S,A, P̃ , γk). The transition probability
P̃ (s′|s, a) represents the probability of reaching state s′ after executing action a for k consecutive
time steps in M. Mathematically, this is the k-fold composition of the transition operator:

P̃ (s′|s, a) =
∑

(s1,...,sk−1)∈Sk−1

P (s′|sk−1, a) · · ·P (s1|s, a).

Note that for k = 1 we define P̃ (s′|s, a) = P (s′|s, a).

Given this definition, and following Section 3, we define the successor representation M̃π and the
optimal state-action function Q̃⋆ accordingly. To measure the error that is introduced by the action
repetition, we introduce the following definition:
Definition 4.2 (Action-Repeat Value Error). For a given repeat factor k, we define the action-repeat
value error as the worst-case discrepancy between the optimal Q-value function of the original MDP
M and that of the action-repeat MDP M̃ as ϵrepeat(k) := ∥Q⋆ − Q̃⋆∥∞.

For the remainder of this paper, we assume the existence of a repeat factor k such that the resulting
action-repeat value error ϵrepeat(k) is negligibly small. Furthermore, all representations (F,B) and
successor measures M̂ are hereafter assumed to be trained on the action-repeat MDP M̃.
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4.2 Action Repetition Reduces the Optimality Gap

In the following, we will highlight that repeating each action for k steps introduces a trade-off between
the action-repeat error ϵrepeat(k) and an accelerated spectral decay. We denote the action-repeat
policy-induced transition matrix by P̃π ∈ R|S×A|×|S×A| with entries P̃π((s, a), (s′, a′)) = P̃ (s′ |
s, a)π(a′ | s′), and write Pa ∈ R|S|×|S| with entries Pa(s, s

′) = P (s′ | s, a) for the single-step
state-transition matrix under a fixed action a. We first combine our prior definitions to bound the
overall approximation error. To derive this specific bound, we require the joint transition dynamics
P̃π to be diagonalizable, as stated in Assumption B.1.
Lemma 4.1 (Spectral Bound of Optimality Gap for k-repeat FB Representations). Given a reward
function r : S × A → R, let r̃(s, a) := EP [

∑k−1
t=0 γtr(st, a) | s0 = s] be the corresponding k-step

expected reward function, and define zr̃ := B⊤r̃. Under Assumption B.1, let (F,B) be an FB
representation with dimension d. Then the error in approximating the original optimal action-value
function Q⋆ is bounded by:∥∥F ( · , · , zr̃)⊤zr̃ −Q⋆

∥∥
∞ ≤ ϵrepeat(k) +

2Cnorm ∥r∥∞
1− γ

(
ϵ̃real(r̃) +

CSF

1− γk|λd+1(P̃π)|

)
.

Here |λd+1(P̃
π)| denotes the (d+1)-th largest absolute eigenvalue of P̃π , and CSF > 0 is a constant

from the spectral truncation of the successor representation; since P̃π is row-stochastic and γk < 1,
the denominator is automatically positive. Lemma 4.1 captures the trade-off between repetition error
ϵrepeat, the FB realization error ϵ̃real, and the spectral truncation controlled by |λd+1(P̃

π)|.

As a next step, we examine how |λd+1(P̃
π)| changes depending on the number of repeats k. Specifi-

cally, we relate the spectrum of P̃π to that of the per-action transition matrices Pa collected into a
single block-diagonal matrix PA := diag(Pa1

, . . . , Pa|A|). As stated in Assumption B.2, we require
the individual action blocks Pa to be diagonalizable to cleanly bound the spectrum of matrix powers.
Lemma 4.2 (Eigenvalue Contraction under Action Repetition). Under Assumption B.2, the (d+1)-th
largest absolute eigenvalue of P̃π contracts exponentially in k:

|λd+1(P̃
π)| ≤ Crep |λd+1(PA)|k.

This establishes that the spectral term in Lemma 4.1 contracts at exponential rate |λd+1(PA)|k
whenever |λd+1(PA)| < 1, which requires d ≥ |A| since PA has |A| unit eigenvalues. The constant
Crep > 0 is a worst-case bound that grows with |S| and |A|. The constants could potentially be
tightened to Crep =

√
|A| and CSF = 1 under significantly stronger structural assumptions such as

orthogonality. Proofs as well as details on the constants and assumptions are provided in Appendix B.

In practice, we believe the spectral decay of P̃π to be significantly faster than suggested by the
worst-case bound derived here.

5 Temporal Abstraction in Practice

We empirically validate the spectral insights from previous sections by examining how temporal
abstraction shapes the structure and learnability of FB representations. We introduce spectral metrics
for the effective rank of the SR, describe the experimental setup, and analyze how temporal abstraction
reshapes the SR spectrum and affects performance. Finally, we study its interaction with embedding
dimension and discount factor, highlighting their joint role in the stability and effectiveness of FB
representation learning.

5.1 Spectral Metrics for Representation Complexity

To quantify the structure of the SR and the effect of temporal abstraction, we use two complementary
spectral metrics.

Stable Rank. Stable rank captures how much spectral energy is concentrated in dominant directions.
It decreases when a few leading components dominate, making it a direct proxy for low-rank
approximability.
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Figure 2: Effect of temporal abstraction and discount factor on effective rank. Effective rank
decreases by increasing k or γ in both discrete (top) and continuous (bottom). Entropy decreases
more smoothly as k increases, suggesting a more stable reduction in effective rank as compared to
increasing γ.

Normalized Spectral Entropy. Normalized spectral entropy measures how evenly spectral energy
is distributed. High values indicate a diffused spectrum, while low values reflect concentration in a
few components. Unlike stable rank, which emphasizes dominant modes, spectral entropy captures
the overall spread of energy.

Together, these metrics characterize effective rank, distinguishing near rank-one collapse (low stable
rank and entropy) from structured concentration, where few dominant components capture most
energy while multiple modes remain active. Definitions of these metrics and details regarding their
calculations for discrete and continuous settings are presented in Appendix C.

5.2 Experimental Setup

Notation. Throughout Sections 5 and 6 we follow practitioner usage: γ refers to the nominal
discount used in training, i.e., the discount of the action-repeat MDP (corresponding to γk in the
notation of Definition 4.1). The original-environment discount is then γeff := γ1/k. We refer to γeff in
Section 6 when this distinction matters for analyzing horizon trade-offs.

We evaluate temporal abstraction via action repetition in three continuous maze navigation tasks of
increasing difficulty: Four-Rooms, Maze, and Large-Maze (Figure 3), implemented in OGBench
(Park et al., 2025) with random start and goal positions.

Unless stated otherwise, experiments use Four-Rooms with discount factor γ = 0.95, embedding
dimension d = 100, and action repetition k = 10. Following Touati & Ollivier (2021), states
are encoded from (x, y) coordinates using an RBF kernel; similar results hold with learned CNN
encoders (Figure 6a). We report the mean episodic return and the 95 percent confidence interval over
five seeds. Each model is trained for one million gradient update steps. Key hyperparameters and
implementation details are presented in Appendix A.

Figure 3: Continuous Navigation Environments: Four-Rooms, Maze, and Large-Maze
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Figure 4: Effect of temporal abstraction on performance. Ablation over temporal abstraction
(k), embedding dimension (d), and discount factor (γ) using a continuous four-rooms environment.
Addition of temporal abstraction (k > 1) boosts performance, whereas increasing d or γ alone does
not.

5.3 Temporal Abstraction and Effective Rank

Figure 2 shows how increasing the temporal abstraction step k reshapes the SR’s singular value
spectrum and reduces its effective rank. Across both discrete and continuous settings, larger k
accelerates the decay of tail singular values, concentrating energy in dominant components relevant
for long-horizon control. This aligns the SR with the low-rank inductive bias of FB, improving
representation quality.

However, excessive abstraction is detrimental. As stable rank and spectral entropy approach their
minima, task-relevant dynamics are lost. This reflects the theoretical trade-off between spectral
compression and bias from action repetition. Empirically, Figure 4a shows performance degrading
beyond an optimal k.

5.4 Temporal Abstraction and Embedding Dimension of FB

In principle, increasing the embedding dimension d should improve SR approximation (Blier et al.,
2021; Touati & Ollivier, 2021). In continuous settings, however, this does not translate into better
performance. Figure 5a shows that larger d increases Bellman error, while Figure 4b shows no
performance gain without temporal abstraction (k = 1), even when scaling d from 25 to 400.

This behavior is consistent with our spectral analysis: higher capacity encourages fitting high-
frequency components of a high-rank SR, which are hard to predict and amplify errors under
bootstrapping. In contrast, temporal abstraction improves performance by reducing the effective rank
of the target, simplifying the learning problem. Additional gains can be obtained by tuning d once k
is fixed.

5.5 Spectral Dynamics: Discounting vs. Temporal Abstraction

A low-rank SR concentrates spectral energy in a small set of dominant components associated with
long-horizon dynamics. As γ → 1, these components are increasingly amplified, yielding stronger
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Figure 5: Ablations: Bellman error. Increasing the embedding dimension (a) or discount factor (b)
without using temporal abstraction (k = 1) leads to an increase in the Bellman error. Increasing k (c)
does not increase the Bellman error.
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Figure 6: Ablations: Input type and effective discount factor (a): Image and State inputs use CNN
and RBF encodings, respectively. (b): A higher return (larger radius) for a similar task horizon can be
achieved by combining a lower nominal γ with a higher k. The effective horizon (y-axis) is computed
as 1

(1−γ1/k)
, expressing the repeat-MDP horizon in environment-frame units.

spectral concentration but also reduced training stability. This effect is reflected in Figure 5b, where
the absolute Bellman error grows with γ.

While normalizing the Bellman residual by the magnitude of the Q-values reverses this trend by
compensating for the scaling of SR values, the optimization dynamics are governed by the absolute
residual. Consequently, the increase in absolute Bellman error at large γ leads to higher gradient
variance and a weaker effective contraction, which in turn degrades training stability. A more detailed
comparison between relative and absolute Bellman errors is provided in Appendix D.4.

Discounting and temporal abstraction modify the spectrum in fundamentally different ways. Increas-
ing γ amplifies existing components, including high-frequency ones, and degrades conditioning. In
contrast, increasing k smooths the dynamics by attenuating sub-dominant, high-frequency compo-
nents while preserving the steady-state structure.

Although both reduce effective rank, their behavior differs sharply. Discount-driven compression is
abrupt and unstable, often causing collapse in stable rank and entropy. Temporal abstraction instead
induces a controlled spectral decay: the effective rank drops quickly for small k and then stabilizes,
maintaining higher spectral entropy. This enables a structured simplification of the predictive manifold
without the instability of near-unity discounting.

6 A Recipe for Effective Forward-Backward Representations

Our results show that optimal performance arises from combining moderate discounting with temporal
abstraction, rather than simply maximizing γ. Lower γ improves stability but shortens the effective
horizon; this can be compensated by increasing the action-repeat factor k.

We distinguish between the nominal discount γ in the k-repeat MDP and the effective discount γeff in
the original environment, related by γeff = γ1/k. For a fixed task horizon, combining lower γ with
larger k consistently outperforms standard high-discount settings (Figure 6b).

Figure 7 further shows that moderate temporal abstraction (k ∈ [5, 10]) acts as a robust regularizer
across embedding dimensions and discount factors. Although the optimal k is environment-dependent,
its inclusion yields consistent performance gains.

7 Conclusion

We identify a key mismatch between the low-rank inductive bias of FB and the inherently high-rank
structure of the SR in continuous domains. The SR exhibits a heavy spectral tail of high-frequency
components that are difficult to approximate and amplify errors under bootstrapping.

We address this mismatch by introducing temporal abstraction as a spectral regulator. Action repetition
acts analogously to a low-pass filter, attenuating high-frequency components while preserving steady-
state dynamics, thereby reducing the effective rank of the SR. This yields a simpler and more learnable
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Figure 7: Ablation: Temporal Abstraction vs. Embedding Dimension vs. Discount Factor
Temporal abstraction offers a considerable boost in performance even with a moderate number of
steps k. Performance is highest in the magenta region around k ∈ [5, 10] across moderate γ and d.
After the introduction of temporal abstraction, the performance is less sensitive to variations in the
embedding dimension (a) than to changes in the discount factor (b), especially as γ → 1.

target for FB representations. Empirically, this spectral smoothing stabilizes learning and improves
performance, even in high-discount regimes where standard FB struggles.

More broadly, our results suggest shifting focus from increasing model capacity to shaping the
spectral structure of the underlying dynamics. Temporal abstraction serves as a practical tool for this
purpose, enabling more stable and scalable predictive representations.

8 Limitations and Future Work

While our study uses continuous maze navigation to isolate the spectral effects of temporal abstraction,
several research avenues remain. First, while these environments provide a controlled testbed for
analyzing effective rank, generalizing our findings to domains with complex contact dynamics—such
as locomotion or dexterous manipulation—is a primary direction for future work.

Second, we focus on action repetition as a fundamental form of temporal abstraction. More sophisti-
cated frameworks, such as options or learned skills, may induce complex spectral transformations
beyond the uniform attenuation studied here. Extending our analysis to adaptive abstractions could
further clarify how hierarchical structures regularize representation learning.

Third, our results highlight an inherent trade-off between spectral stability and temporal resolution.
As formalized in Definition 4.2, the smoothing that facilitates tractable learning also introduces a bias
that limits resolution of high-frequency dynamics. This approach may therefore be less suitable for
tasks requiring near-instantaneous reactive control.

Finally, while we consider online interaction in moderate dimensions, scaling to high-dimensional
observations or offline settings (Sikchi et al., 2025; Tirinzoni et al., 2025) presents a compelling
challenge. Investigating how temporal abstraction improves spectral conditioning in fixed datasets
could significantly enhance the robustness of zero-shot generalization in offline reinforcement
learning.
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A Hyperparameters and Implementation Details

We summarize the key hyperparameters used for training the forward-backward (FB) representation
in Table 1. These settings were kept fixed across experiments unless stated otherwise. The k-step
action repetition is implemented via a wrapper over the environment. In other words, the agent will
only interact with the k-repeat MDP and will not have access to the intermediate observations among
the k steps. We use episodic return as a measure of performance for the agents. All environments
provide a sparse (zero or one) reward. To get the final performance or on each validation step, each
model is evaluated on 50 episodes with random start and goal resets. The latent vector z describing
the task or goal is sampled during training using a 50-50 mix of sampling from a normal distribution
or from a random visited state in the replay buffer projected to the latent space using the backward
network, similarly to Tirinzoni et al. (2025).

Table 1: Relevant hyperparameters used for training FB representation.

Training steps (gradient update) 1e6
Reward type Sparse
Hidden Layers (Forward, Backward, Actor) [256, 256]
Ensemble (Forward) 2
Learning Rate (Backward, Actor) 1e-6
Learning Rate (Forward) 1e-5
Batch size (state) 512
Batch size (image) 128
Replay Buffer size 1e6
FB Orthogonal Loss Coef. 1.0
z-latent: buffer data vs. random sampling ratio 0.5
z-latent: hold steps before resampling 10
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B Proofs

In the following, we provide the proofs of this work. Note, that in Touati & Ollivier (2021), the reward
embedding zR := B⊤rν is weighted by a data distribution ν. For this work, we assume a uniform
distribution and implicitly absorb its normalization constant into the scaling of B, simplifying the
embedding to the matrix-vector product zR = B⊤r.

B.1 Optimality Gap for FB Representations

The following theorem is a simplified refinement (Touati & Ollivier, 2021, Theorem 8) for our
spectral analysis setting.
Theorem 3.1 (Optimality Gap for FB Representations). Let r : S × A → R be a reward function
such that zR = B⊤r. The approximation error of the optimal Q-function is bounded by:∥∥F ( · , · , zR)⊤zR −Q⋆

∥∥
∞ ≤ 2Cnorm ∥r∥∞

(1− γ)
∥M̂zR −MπzR ∥2. (2)

Proof. Applying (Touati & Ollivier, 2021, Theorem 8) to our setting we have∥∥F ( · , · , zR)⊤zR −Q⋆
∥∥
∞ ≤ 2∥r∥A

(1− γ)
sup
s,a

∥M̂zR(s, a, · , · )−MπzR (s, a, · , · )∥B ,

where the norms ∥ · ∥A on functions and ∥ · ∥B on (signed) measures must satisfy the duality
compatibility |⟨f, µ⟩| ≤ ∥f∥A∥µ∥B for all f, µ. Choosing ∥·∥A = ∥·∥∞ and ∥·∥B = ∥·∥2, Hölder’s
inequality combined with ∥µ∥1 ≤

√
|S||A| ∥µ∥2 yields |⟨f, µ⟩| ≤ ∥f∥∞∥µ∥1 ≤ Cnorm ∥f∥∞ ∥µ∥2

with Cnorm =
√

|S||A|. Given this, we have∥∥F ( · , · , zR)⊤zR −Q⋆
∥∥
∞ ≤ 2Cnorm ∥r∥∞

(1− γ)
sup
s,a

∥M̂zR(s, a, · , · )−MπzR (s, a, · , · )∥2

≤ 2Cnorm ∥r∥∞
(1− γ)

∥M̂zR −MπzR ∥2.

This ends the proof.

B.2 Spectral Bound for Optimality Gap of k-repeat FB Representations

We first derive the matrix form of the action-repeat policy-induced transition matrix used by both
Lemma 4.1 and Lemma 4.2.

For a fixed action aq , let Paq
∈ R|S|×|S| denote the state-transition dynamics under that action, and

let πsp ∈ R1×|A| represent the row vector of policy probabilities for a given state sp, i.e.,

Paq
=

 P (s1 | s1, aq) . . . P (s|S| | s1, aq)
...

. . .
...

P (s1 | s|S|, aq) . . . P (s|S| | s|S|, aq)

 , πsp =
[
π(a1 | sp) . . . π(a|A| | sp)

]
.

Stacking the per-action matrices into a block-diagonal matrix PA, we can express the transition
matrix P̃π ∈ R|S×A|×|S×A| as a product of action-repetition and policy-mapping components:

P̃π = K Pk
A E π̃, (A1)

where

Pk
A =

P
k
a1

0
. . .

0 P k
a|A|

 ∈ R|S×A|×|S×A| and π̃ =

πs1 0
. . .

0 πs|S|

 ∈ R|S|×|S×A|.

The matrix K ∈ R|S×A|×|S×A| is a commutation matrix that reorders the state-action product space
from a state-major to an action-major indexing scheme, and E ∈ R|S×A|×|S| is a broadcasting
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matrix that lifts a vector from R|S| to R|S×A| by replicating each state coordinate |A| times. In the
decomposition (A1), Pk

A captures the k-step transitions under action repetition, while π̃ maps the
policy within the state-action space. Intuitively, the system first evolves for k steps under the same
action, after which the next action is selected according to the policy without execution.

Before stating the lemma we introduce a diagonalizability assumption on the joint chain.

Assumption B.1 (Diagonalizability of joint dynamics). The policy-induced transition matrix P̃π of
the action-repeat MDP is diagonalizable over C, i.e. P̃π = SΛS−1 for some invertible matrix S.

This is a standard assumption in spectral analyses of Markov chains and matrix perturbation theory
(Horn & Johnson, 2013; Stewart & Sun, 1990) and is generic: matrices with distinct eigenvalues
are dense in Rn×n (Horn & Johnson, 2013, Theorem 2.4.7.1). We therefore expect it to hold
in essentially most discrete environments of practical interest, since diagonalizability fails only
when two or more eigenvalues coincide and their eigenvectors fail to span the corresponding joint
eigenspace, an exact algebraic degeneracy broken by any stochasticity or asymmetry in the transition
dynamics. The tightness of the bound is controlled by κ(S) = ∥S∥2∥S−1∥2, which equals 1 when
P̃π is normal and grows as P̃π approaches a defective matrix.

Lemma 4.1 (Spectral Bound of Optimality Gap for k-repeat FB Representations). Given a reward
function r : S × A → R, let r̃(s, a) := EP [

∑k−1
t=0 γtr(st, a) | s0 = s] be the corresponding k-step

expected reward function, and define zr̃ := B⊤r̃. Under Assumption B.1, let (F,B) be an FB
representation with dimension d. Then the error in approximating the original optimal action-value
function Q⋆ is bounded by:

∥∥F ( · , · , zr̃)⊤zr̃ −Q⋆
∥∥
∞ ≤ ϵrepeat(k) +

2Cnorm ∥r∥∞
1− γ

(
ϵ̃real(r̃) +

CSF

1− γk|λd+1(P̃π)|

)
.

Proof. The proof bounds the spectral truncation error of the action-repeat successor representation
M̃π in terms of |λd+1(P̃

π)| (Step 1), the k-step reward magnitude (Step 2), and combines these into
the final bound (Step 3).

Step 1: Spectral bound of the discounted infinite horizon. The successor representation M̃π for
the action-repeat MDP is defined by the discounted sum of future transitions M̃π :=

∑∞
t=0(γ

kP̃π)t.
Since P̃π is a row-stochastic matrix, its spectral radius satisfies ρ(P̃π) = 1 and thus with discounting
we have ρ(γkP̃π) = γk < 1. Thus, the Neumann series converges to the matrix inverse:

M̃π = (I − γkP̃π)−1.

Since P̃π = SΛS−1 (Assumption B.1), the successor representation of the action-repeat MDP
(Definition 4.1, with discount γk) is

M̃π = (I − γkP̃π)−1 = S (I − γkΛ)−1 S−1 = S diag

(
1

1− γkλi

)
S−1.

Let Φ = (I − γkΛ)−1 = diag(1/(1 − γkλi)). By submultiplicativity of singular values (Horn &
Johnson, 2013):

σd+1(M̃
π) = σd+1(SΦS

−1) ≤ ∥S∥2 · σd+1(Φ) · ∥S−1∥2 = κ(S) · σd+1(Φ).

Let λi = λi(P̃
π) be the i-th eigenvalue of P̃π, ordered by nonincreasing modulus. Since Φ is

diagonal, its singular values are the moduli of its diagonal entries, which we denote ϕi := 1/|1−γkλi|
for i = 1, . . . , n. Note that, as λi may be complex the sequence of ϕi is not sorted by modulus and
we have in general σi(Φ) ̸= ϕi but σj(Φ) = [(j-th largest{ϕi}]. Since P̃π is row-stochastic we have
|λi| ≤ 1, so γk|λi| < 1. Applying the reverse triangle inequality to each denominator gives the
pointwise bound

ϕi =
1

|1− γkλi|
≤ 1

1− γk|λi|
=: ϕ̃i,
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where the dominating sequence ϕ̃i is monotone increasing in |λi|. Since |λi| is sorted nonincreasingly,
the (d+1)-th largest element of {ϕ̃i}ni=1 is exactly ϕ̃d+1 = 1/(1− γk|λd+1|).

Combining the pointwise bound ϕi ≤ ϕ̃i with the monotonicity of ϕ̃i in |λi|, we obtain

σd+1(Φ) =
[
(d+1)-th largest of {ϕi}

]
≤
[
(d+1)-th largest of {ϕ̃i}

]
= ϕ̃d+1 =

1

1− γk|λd+1|
.

Combining with the submultiplicativity bound, the SVD truncation error can be bounded by

σd+1(M̃
π) ≤ κ(S) · σd+1(Φ) ≤

κ(S)

1− γk|λd+1(P̃π)|
.

Step 2: Bound reward r̃. By definition, the expected k-step reward is given by r̃(s, a) =

EP

[∑k−1
t=0 γtr(st, a) | s0 = s

]
. Bounding the reward at each step with ∥r∥∞, we get:

∥r̃∥∞ ≤
k−1∑
t=0

γt∥r∥∞ =
1− γk

1− γ
∥r∥∞.

Step 3: Complete the proof. Using the triangle inequality and Definition 4.2, we first separate the
action-repeat approximation error:∥∥F ( · , · , zr̃)⊤zr̃ −Q⋆

∥∥
∞ ≤

∥∥∥F ( · , · , zr̃)⊤zr̃ − Q̃⋆
∥∥∥
∞

+ ∥Q̃⋆ −Q⋆∥∞

=
∥∥∥F ( · , · , zr̃)⊤zr̃ − Q̃⋆

∥∥∥
∞

+ ϵrepeat(k).

Next, applying Theorem 3.1 to the first term and substituting our reward bound from Step 2:

≤ ϵrepeat(k) +
2Cnorm ∥r̃∥∞

1− γk
∥M̂zr̃ − M̃πzr̃ ∥2

≤ ϵrepeat(k) +
2Cnorm ∥r∥∞

1− γ
∥M̂zr̃ − M̃πzr̃ ∥2.

Finally, bounding the model error by the realizability error (Definition 3.1) and the spectral truncation
properties established in Step 1:

≤ ϵrepeat(k) +
2Cnorm ∥r∥∞

1− γ

(
ϵ̃real(r̃) + σd+1(M̃

πzr̃ )
)

≤ ϵrepeat(k) +
2Cnorm ∥r∥∞

1− γ

(
ϵ̃real(r̃) +

κ(S)

1− γk|λd+1(P̃π)|

)
.

Defining CSF := κ(S) completes the proof.

B.3 Eigenvalue Contraction under Action Repetition

Lemma 4.1 bounds the truncation error in terms of |λd+1(P̃
π)|, but does not say how this eigenvalue

depends on the action-repeat horizon k. We now show that, under a structural condition on the
per-action transition matrices, |λd+1(P̃

π)| contracts when increasing k, exposing the explicit role
of action repetition. The argument works from the block-diagonal factorization (A1) and requires
diagonalizability of each block.
Assumption B.2 (Diagonalizability of action blocks). For all actions a ∈ A the corresponding state
transition matrix Pa is diagonalizable over C, i.e. Pa = UaΛaU

−1
a .

As with Assumption B.1, this is generic: matrices with distinct eigenvalues are dense in Mn(R)
(Horn & Johnson, 2013, Thm. 2.4.7.1). Note that diagonalizing the per-action blocks Pa is a stronger
requirement than diagonalizing the joint matrix P̃π, since the proof relies on the block-diagonal
eigendecomposition of PA being matched with π̃.
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Lemma 4.2 (Eigenvalue Contraction under Action Repetition). Under Assumption B.2, the (d+1)-th
largest absolute eigenvalue of P̃π contracts exponentially in k:

|λd+1(P̃
π)| ≤ Crep |λd+1(PA)|k.

Proof. We work from the factorization (A1). Per Assumption B.2, each transition matrix Pa is
diagonalizable as Pa = UaΛaU

−1
a , so PA = UΛAU

−1 with the block-diagonal eigenvector and
eigenvalue matrices

U = diag(Ua1
, . . . , Ua|A|), ΛA = diag(Λa1

, . . . ,Λa|A|).

Substituting into (A1) and raising to the k-th power gives

P̃π = KUΛk
AU

−1Eπ̃.

To extract the (d+1)-th eigenvalue, we partition the 1-step spectrum ΛA into the d largest eigenvalues
(Λslow) and the remaining fast-mixing eigenvalues (Λfast):

ΛA =

(
Λslow 0
0 Λfast

)
.

By definition, the largest absolute value in Λfast is exactly |λd+1(PA)|. We now decompose the full
system into a rank-d matrix (Md) and a fast-mixing error matrix (Ek):

P̃π = KU

(
Λk
slow 0
0 0

)
U−1Eπ̃︸ ︷︷ ︸

=:Md

+KU

(
0 0
0 Λk

fast

)
U−1Eπ̃︸ ︷︷ ︸

=:Ek

.

Let S be the eigenvector matrix of P̃π (Assumption B.1 is invoked here only to make κ(S) well-
defined; the contraction itself relies only on Assumption B.2). To bound the (d+ 1)-th eigenvalue
of the system, we rely on global eigenvalue matching bounds for diagonalizable matrices. Let
N = |S||A| be the dimension of the space. Theorem 3.3 in Stewart & Sun (1990) establishes the
existence of an optimal permutation τ⋆ matching the spectra of P̃π and Md that minimizes the
maximum deviation between paired eigenvalues:

min
τ

max
i

|λi(P̃
π)− λτ(i)(Md)| ≤ (2N − 1)κ(S)∥Ek∥2.

Because Md has rank at most d, it possesses at least N − d zero eigenvalues, so Md has at most
d nonzero eigenvalues. By the pigeonhole principle applied to the top d+1 eigenvalues of P̃π

(those with modulus nonsmaller than |λd+1(P̃
π)|), at least one index i⋆ ∈ {1, . . . , d+1} must satisfy

λτ⋆(i⋆)(Md) = 0. Combining the matching bound at i⋆ with the modulus ordering:

|λd+1(P̃
π)| ≤ |λi⋆(P̃

π)| = |λi⋆(P̃
π)− λτ⋆(i⋆)(Md)| ≤ (2N − 1)κ(S)∥Ek∥2,

where the first inequality holds because i⋆ ≤ d+1 and the eigenvalues are ordered by nonincreasing
modulus.

Using the submultiplicativity of the spectral norm, we bound ∥Ek∥2:

∥Ek∥2 ≤ ∥K∥2 · ∥U∥2 · ∥Λk
fast∥2 · ∥U−1∥2 · ∥Eπ̃∥2

≤ 1 · κ(U) · |λd+1(PA)|k ·
√
|A|,

where we use the fact that K is a permutation matrix (∥K∥2 = 1), κ(U) = ∥U∥2∥U−1∥2, and we
bound ∥Eπ̃∥2 ≤ ∥E∥2 ≤

√
|A|. Substituting this back yields the explicit bound on the (d+ 1)-th

eigenvalue of the system:

|λd+1(P̃
π)| ≤ (2|S||A| − 1)κ(S)κ(U)

√
|A|︸ ︷︷ ︸

=:Crep

· |λd+1(PA)|k,

which is the claim of the lemma.
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A structural artifact of the block-diagonal factorization (A1) is that each block Pa is row-stochastic,
so PA has at least |A| unit eigenvalues. Consequently, |λd+1(PA)| < 1 requires d ≥ |A|; otherwise
Lemma 4.2 is vacuous because |λd+1(PA)|k = 1 for all k. This constraint is specific to the block
diagonal proof strategy used here.

Combining this with Lemma 4.1 via direct substitution yields the explicit form of the spectral error
term as

CSF

1− γkCrep|λd+1(PA)|k
,

which is meaningful whenever Crep|λd+1(PA)|k < γ−k. Under stronger structural assumptions
such as orthogonality of the action block matrices Pa the same proof strategy would potentially
tighten Crep to

√
|A|.
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C Spectral Metrics

We define two spectral metrics to quantify the effective rank of the SR.

Stable Rank. The stable rank captures the concentration of spectral energy relative to the dominant
singular direction. For a matrix M , it is defined as:

SRank(M) =
∥M∥2F
∥M∥22

=

∑
i σ

2
i

σ2
1

,

where {σi} are the singular values of M . Lower values indicate stronger concentration in leading
components and thus greater low-rank structure.

Normalized Spectral Entropy. Normalized spectral entropy (NSE) measures how evenly spectral
energy is distributed:

NSE(M) =
−
∑

i pi log pi
log(β)

, pi =
σ2
i∑
j σ

2
j

,

where β denotes the number of singular values. This normalization ensures NSE(M) ∈ [0, 1]. Higher
values correspond to a more diffuse spectrum, while lower values indicate concentration in a few
modes.

Discrete Setting. In discrete environments, we compute both metrics directly on the exact SR
matrix Mπ by performing singular value decomposition (SVD) to obtain {σi}.

Continuous Setting. In continuous domains, where the exact SR is unavailable, we evaluate the
metrics on an empirical approximation M̂π = FB⊤, constructed from transitions collected under
the same exploration protocol used during training. In contrast to training—where a batch of latent
embeddings is sampled—we use a single randomly sampled latent embedding shared across all
transitions, yielding an estimate of M̂π for a fixed (random) goal.

To mitigate scale drift arising from variations in embedding norms, we apply a row-wise softmax
normalization such that each row sums to 1

1−γ . We then compute the singular values of the normalized
matrix via SVD and evaluate the spectral metrics as in the discrete case. All reported results
correspond to averages of the metrics over all trained models using random seeds (see Figure 2).
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D Extra Plots and Ablations

D.1 Overall effects of k, γ, and d

Figure 8 provides an overview of the effect of the three main hyperparameters of FB on final episodic
return of the Four-Rooms continuous environment. Two values are of particular importance, action-
repetition (k=1) and nominal discount factor (γ=0.999). In both cases, the performance suffers
significantly regardless of the values of other hyperparameters. In the case of k=1 or no temporal
abstraction, FB networks find it challenging to learn a good representation due to the presence of
unpredictable high-frequency dynamical modes. In the case high discount factor, γ=0.999, a good
representation cannot be achieved as the representation rank approaches singularity. The learning is
less sensitive overall to the value of the embedding dimension d.

d k Return
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1.0

1

50

0

1

Figure 8: Relationship between the main hyperparameters and episodic return. This plot gives
an overview of the effect of different combinations of embedding dimension (d), discount factor
(γ), and temporal abstraction k over all experiments. Noticeably, k = 1 or γ = 0.999 leads to poor
performance in most combinations.
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D.2 Training plots: Ablation of k, γ, and d

Figure 9, shows the performance of different combination of the main hyperparameters during training
with the focus on the effect of introducing temporal abstraction. Figures 9a and 9b highlight that
without temporal abstraction (k=1) varying the embedding dimension d or the discount factor γ
yields no significant improvement. Figure 9c, on the other hand shows that even a small level of
temporal abstraction (k=3) can lead to a significant boost in performance. The figure also shows the
limitation of the temporal abstraction where a large temporal abstraction (k=50) can start to have
negative impact on the performance, by oversimplification of the SR representation and removing
dynamical modes that are useful for the navigation task.
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(a) γ=0.95, k=1
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Figure 9: Ablation: Training plots. Increasing embedding dimension d or discount factor γ without
increasing the temporal abstraction does not yield a meaningful increase in performance.
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D.3 SR and its Q-function for discrete and continuous Four-Rooms environment

Figure 10 shows a more complete picture of SR and its associated Q function (mean over cardinal
action directions). The Baseline shows the SR and Q using no temporal abstraction (k=1), and mod-
erate discount factor (γ=0.95). For the continuous settings SR is calculated via FB with embedding
dimension (d=100).

In discrete settings (top two rows), a low-rank structure can be achieved in three ways: 1) SVD with a
small rank (rank = 4), 2) high discount factor (γ=0.999), or 3) using temporal abstraction via action
repetition (k=10). In the absence of function approximation and bootstrapping all three paths lead to
an overall similar result where a low-rank structure can remove the high frequency dynamical modes
and create shared future topology (rooms, corridors,...) where states with similar reachability are
grouped together and have similar values.

In continuous settings (bottom two rows), where SR and its associated Q are learned via FB using
function approximation and bootstrapping, the results differ. To enforce a low-rank structure via
the FB algorithm we reduce the embedding dimension from 100 to 25. The figure shows a small
smoothing (grouping of states), but this is not nearly close to the effect of enforcing low-rank structure
using SVD in the discrete setting. Increasing the discount factor (γ=0.999) and introducing temporal
abstraction via action repetition (k=10) show more promise as they both help spread the SR and Q
values to the neighboring rooms. However, a closer look at the Q values shows that only temporal
abstraction can smoothly distribute the Q values as the states move away from the goal (start marker).
The policy based on increased γ will be stuck in local maxima while the policy based on increased k
can follow the Q gradients to the goal.
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Low-Rank High Temp. Abs.
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Q
SR

Low-Rank High Temp. Abs.
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FB

Low-Rank High Temp. Abs.
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Q
FB

Low-Rank High Temp. Abs.

Figure 10: Successor Representation (SR) and its Q-Function - Discrete and Continuous This is
a more complete picture of Figure 1. The Q-functions are derived from the same SR that is presented
here. The star marker marks the starting state for SR and the goal state for the Q-function.
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D.4 Absolute vs Relative Bellman Error

Figure 11 presents the normalized Bellman error corresponding to Figure 5, where the residuals are
scaled by the magnitude of the Q-values. We observe that increasing the embedding dimension has a
negligible effect on the relative Bellman error, whereas increasing the degree of temporal abstraction
consistently reduces it.

This reduction becomes more pronounced as the discount factor γ increases, in contrast to the trend
observed for the absolute Bellman error. Overall, the results reveal a clear divergence between these
metrics at large γ: the relative Bellman error decreases, while the episodic return simultaneously
deteriorates (Figure 4c).

We hypothesize that this discrepancy is driven by the growth of the absolute Bellman error. As γ → 1,
the scale of the successor representation increases proportionally to the effective horizon, (1− γ)−1,
which artificially attenuates the normalized error. However, optimization is governed by the absolute
Bellman residual. Thus, larger absolute errors at high γ lead to increased gradient variance and a
weaker contraction effect, resulting in training instability.

These findings suggest that the absolute Bellman error is a more reliable indicator of policy degrada-
tion than its normalized counterpart, as it more faithfully captures the intrinsic difficulty of function
approximation in long-horizon regimes.
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Figure 11: Ablations: Normalized Bellman error. Bellman errors are normalized by the Q values.
The relative Bellman error decreases sharply as the discount factor is increased (b). However, this
decrease in relative Bellman error does not translate to better performance (episodic return) as
discussed in Section 5.
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E Exploration Coverage

In order to verify that increasing action repetition did not significantly influence the exploration
coverage of the state space, we plot the states visited during the training of agents with varying action
repetition values for the LargeMaze environment. We use one interaction in the k-repeat environment
per training step, hence each agent visits one million states during its training.

(a) k = 1 (b) k = 3 (c) k = 5

(d) k = 10 (e) k = 20 (f) k = 50

Figure 12: Scatter plot of visited states during training. Increasing the action repetition does not
significantly affect the coverage of the space in the LargeMaze environment. Similar coverage pattern
holds Four-Rooms and Maze environments. (omitted for brevity)
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F Compute Resources

Each experiment (1M training steps) was conducted using a single GPU (NVIDIA GeForce RTX
2080 Ti), taking an average of 12 hours per experiment when training with state observations and an
average of 18 hours when using image observations. Each experiment used 1.5GB of RAM when
trained using state observations and 13GB of RAM when trained with image observations of size
(64×64×3) pixels.
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