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Summary
Repetition is a central mechanism in biological learning, where revisiting successful expe-

riences strengthens memory and stabilizes skill acquisition. Inspired by this principle, we pro-
pose Instant Episode Repetition (IER), a simple mechanism that improves sample efficiency
in reinforcement learning by actively re-executing action sequences from high-reward episodes
during environment interaction. Unlike replay-buffer methods, which passively reuse stored
transitions during policy updates, IER directly modifies the data collection process: when an
episode achieves a higher cumulative reward than previously observed, the agent immediately
re-executes the same action sequence under different initial conditions for a fixed number of
repetitions. IER integrates seamlessly with off-policy continuous-control algorithms, including
SAC and TD3, without architectural modifications. Experiments on MuJoCo, the DeepMind
Control Suite, and a real-world robotic manipulation task show that IER improves learning effi-
ciency and accelerates policy refinement compared with standard off-policy and SIL-enhanced
baselines, suggesting that structured action-sequence repetition provides a simple yet effective
mechanism for enhancing reinforcement learning.

Contribution(s)
1. We introduce IER, a biologically inspired mechanism that modifies the RL interaction loop

by immediately re-executing the action sequence from a prior high-reward episode.
Context: Unlike replay-buffer methods that reuse experience only after storage, IER in-
tervenes during data collection by replacing policy-selected actions with actions from a
successful prior episode.

2. IER introduces episode-level behavioural consolidation by repeating complete action se-
quences from high-reward episodes during environment interaction, rather than treating ex-
perience as independent transition samples.
Context: This shifts experience reuse from passive replay-buffer sampling toward active
episode-level action replay, enabling successful behaviours to be revisited while new tran-
sitions are still being collected.

3. We provide a simple and general integration of IER into off-policy continuous-control algo-
rithms, demonstrating compatibility with SAC and TD3 without architectural modifications.
Context: The method operates at the interaction level and does not require changes to net-
work structures or loss functions.

4. Through evaluation on MuJoCo, the DeepMind Control Suite, and a real-world robotic
manipulation task, we demonstrate that immediate episode repetition improves sample effi-
ciency and accelerates convergence under consistent training settings.
Context: The empirical analysis compares IER against standard off-policy baselines and
self-imitation methods under consistent training settings.
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Abstract

Repetition is a fundamental mechanism in human learning, where revisiting success-
ful experiences strengthens memory, consolidates skills, and improves future perfor-
mance. Motivated by this biological principle, we introduce Instant Episode Repetition
(IER), a simple and novel mechanism that improves sample efficiency by immediately
repeating action sequences from successful episodes during environment interaction.
Unlike conventional approaches such as Experience Replay and Self-Imitation Learn-
ing (SIL), which passively reuse past experience during training updates, IER directly
influences the data collection process. Upon identifying a high-reward episode, the
agent repeats its action sequence for a fixed number of subsequent episodes, reinforc-
ing valuable behaviours through renewed interaction with the environment. We inte-
grate IER into state-of-the-art SAC and TD3 algorithms and evaluate its effectiveness
on continuous-control benchmarks, including MuJoCo, the DeepMind Control Suite,
and a real-world dynamic object translation task with a robotic manipulator. Experi-
mental results demonstrate that this simple mechanism improves learning performance
over standard and self-imitation-based baselines.

1 Introduction

Reinforcement Learning (RL) offers a powerful framework for training agents to make sequential
decisions by interacting with their environment and learning from feedback Sutton et al. (1998). RL
has achieved notable success in various domains, from robotic manipulation and autonomous driving
to game playing Han et al. (2023); Silver et al. (2016); Kiran et al. (2021). However, one of the key
challenges that continues to limit its broader applicability is sample efficiency, the ability to learn
effective policies from a limited number of interactions Ding & Dong (2020). In contrast to bio-
logical agents, which can often learn complex behaviors from relatively few experiences, RL agents
typically require millions of interactions to achieve comparable performance Lake et al. (2017);
Bellemare et al. (2016). This inefficiency presents a significant barrier, especially in real-world
environments where interactions are expensive and time-consuming Dulac-Arnold et al. (2021).

Neuro-scientific research highlights reward-driven repetition as a fundamental mechanism underly-
ing efficient learning Schultz (2006); Doya (2008). When humans or animals experience a rewarding
outcome, they are more likely to reengage in the same sequence of actions that led to that reward
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Figure 1: Illustration of the Instant Episode Repetition Algorithm: At the end of each episode (when
done is true), if the agent identifies an episode with a high reward, it immediately initiates repeti-
tion by executing the actions from that episode sequentially, from start to end, for RN repetitions
within the environment.

Kahana et al. (2024). This action repetition reinforces the link between actions and outcomes and
supports the development of procedural memory and motor skills Hartley (2008); Graybiel (2008).
For example, when learning to ride a bike, a person may initially struggle, trying different ways
to balance, steer, and pedal. However, once they successfully ride a short distance, they instinc-
tively repeat the same coordination of movements Ericsson et al. (1993); Kahana et al. (2024). Each
repetition improves their competence, and the successful action pattern becomes more stable and ef-
ficient. At the neural level, this process strengthens synaptic connections through mechanisms such
as synaptic plasticity and dopaminergic modulation, which support the consolidation and refinement
of effective strategies over time Hebb (2005); Schultz et al. (1997).

Inspired by this, we investigate how repetition can be explicitly incorporated into RL frameworks
to reinforce high-value experiences and improve learning. While existing techniques such as ex-
perience replay Lin (1992) and PER Schaul et al. (2015) enhance training efficiency by reusing
stored transitions, they do so passively during policy updates and do not directly influence how the
agent behaves during interaction. Consequently, even successful behaviors are rarely repeated in the
environment, delaying their reinforcement.

Recent methods, such as Self-Imitation Learning (SIL) Oh et al. (2018), build on this idea by encour-
aging agents to imitate past experiences with high cumulative rewards obtained within an episode.
SIL samples episodes from the replay buffer and prioritizes high returns, to guide learning. However,
these approaches remain passive and do not directly alter the agent’s interaction with the environ-
ment Dai et al. (2020).

We present Instant Episode Repetition (IER), a novel and conceptually simple mechanism de-
signed to improve sample efficiency in RL by reinforcing successful behaviors immediately upon
discovery. In contrast to conventional off-policy approaches, which execute policy-generated ac-
tions during interaction and rely primarily on passive reuse of stored transitions in replay buffers,
IER modifies the data collection process through repetition of action sequences from newly discov-
ered high-reward episodes. When the agent identifies an episode achieving a new highest-reward
episode, it stores the corresponding action sequence and repeats it immediately after the current
episode for a fixed number of subsequent episodes, instead of sampling actions from the current
policy. By generating additional samples around behaviours that have already demonstrated high
value, IER increases the density of informative experience in promising regions of the state–action
space. Importantly, this intervention affects only the interaction strategy and does not alter the un-
derlying network architectures, objective functions, or optimization procedures.

We integrate IER into standard off-policy frameworks and evaluate its effectiveness across
continuous-control benchmarks in both simulated and real-world robotic environments. The exper-
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imental results demonstrate that IER outperforms the baseline algorithms, highlighting its potential
to improve learning efficiency and performance.

2 Background and Related Work

2.1 Behavioral and Neural Foundations of Repetition

Repetition and reinforcement are fundamental mechanisms of adaptive learning in biological sys-
tems Haleem et al. (2015). Reinforcement increases the likelihood of repeating actions associ-
ated with rewarding outcomes, a principle formalized in operant conditioning and supported by
dopaminergic reward prediction signaling Thorndike (2017); Schultz et al. (1997). Repetition, in
turn, stabilizes and refines reinforced behaviors through repeated activation of neural circuits and
structured practice, strengthening synaptic efficacy and supporting long-term memory consolida-
tion Hebb (2005); Bliss & Lømo (1973).

At the neural level, repeated activation of task-relevant circuits strengthens synaptic connections, a
process captured by Hebbian learning Hebb (2005). Long-term potentiation provides physiological
evidence that sustained co-activation enhances synaptic efficacy and supports memory consolida-
tion Bliss & Lømo (1973). Through these mechanisms, repetition transforms transient successes
into stable behavioral patterns and progressively increases execution efficiency Graybiel (2008).

Importantly, repetition is not mechanical duplication. Behavioral and motor learning research em-
phasizes “repetition without repetition,” where each execution occurs under slightly varying con-
ditions, promoting robustness and generalization Bernstein (1967); Latash (2012). Neuroimaging
studies further demonstrate repetition suppression, reflecting increased processing efficiency as fa-
miliar patterns are re-engaged Henson (2003). Together, these findings indicate that effective learn-
ing arises from repeatedly re-engaging successful behaviors under natural variability.

These principles suggest that repetition consolidates success by stabilizing effective behaviors while
preserving adaptability. Translating this insight to RL motivates the deliberate re-execution of high-
reward episodes as a means of reinforcing valuable strategies during interaction. Motivated by this
biological perspective, we introduce IER as an interaction-level repetition mechanism for policy
learning.

2.2 Self-Imitation Learning (SIL)

SIL is a value-based RL technique that improves policy learning by leveraging past experiences with
high discounted return Oh et al. (2018). It performs off-policy updates by increasing the likelihood of
actions whose discounted returns exceed the current value estimate. However, SIL remains a passive
method: although it updates the policy based on successful past episodes, the agent still samples
actions from its current policy, and high-reward trajectories do not directly shape new experience.
This separation between learning and behavior limits SIL’s ability to reinforce successful strategies
during interaction.

Recent extensions of SIL improve learning efficiency by integrating additional learning signals or
auxiliary mechanisms. For example, Li et al. Li et al. (2023) present A-SILfD, which incorporates
expert demonstrations and constrains updates using ensemble Q-functions to mitigate overestima-
tion. However, their approach relies on expert data emphasizing key behaviors, limiting its applica-
bility where such data is unavailable or difficult to obtain.

Andres et al. Andres et al. (2022) combine SIL with intrinsic motivation to guide exploration toward
previously successful behaviors, with intrinsic signals further emphasizing the prioritization of high-
reward episodes. Dai et al. Dai et al. (2020) introduce an episodic-level replay strategy combined
with hindsight to improve policy learning. While useful in goal-conditioned settings, relying on
Hindsight Experience Replay (HER) limits its use in unstructured or general-purpose environments.
Kuang et al. Kuang et al. (2025) incorporate adversarial training to improve robustness within the
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SIL framework. However, their method operates primarily through of�ine replay and does not
in�uence action selection during interaction, reducing its effectiveness for real-time adaptation and
behavior shaping.

In contrast, the proposed IER approach moves beyond purely policy-driven sampling by allowing
the agent to re-execute entire successful trajectories, thereby embedding the recall of past successes
directly into the interaction process. By reinforcing temporally coherent action sequences rather
than isolated transitions, IER strengthens valuable behavioral patterns while enabling on-policy
evaluation under dynamically evolving conditions. To our knowledge, this is a novel direction in
self-imitation that can be integrated into a wide range of algorithms including both value-based and
actor-critic methods, without requiring structural modi�cations or external demonstrations.

3 Methodology

In this section, we introduce IER and describe how it integrates into standard off-policy actor–critic
RL. IER operates at episode boundaries and alters the interaction dynamics while preserving the
underlying learning objective and optimization procedure.

3.1 Preliminaries

RL is formulated as a Markov Decision Process (MDP)

M = (S; A; P; R; 
); (1)

where S and A denote the state and action spaces, P (s0 j s; a) is the transition kernel, R(s; a) the
reward function, and 
 2 [0; 1) the discount factor.

An episode (trajectory) is de�ned as

� = f(s 0; a0; r 0); : : : ; (sT ; aT ; rT )g; (2)

representing a complete interaction sequence from an initial state to termination.

In off-policy actor–critic methods such as TD3 and SAC, transitions (st ; at ; r t ; st+1 ) are stored in
a replay buffer M and sampled to update the actor �� and critic Q networks through temporal-
difference learning.

For episode-level selection in IER, we de�ne the episode reward as the sum of rewards accumulated
over an episode,

Rep(� ) =
TX

t=0

r t : (3)

IER uses this Rep(� ) as the criterion for determining whether an episode should be repeated.

3.2 Instant Episode Repetition

IER modi�es the data collection phase of off-policy RL by temporarily reinforcing high-reward
episodes. It does not alter the reward function, loss formulation, network architecture, or optimiza-
tion procedure. Instead, it modi�es how episodes are generated.

At the end of each episode (when the done �ag is true), the agent computes the episode reward Rep

and updates the best observed value:

r max  max(r max ; Rep): (4)

For the subsequent episode, the agent operates in one of two modes, as illustrated in Figure 1:
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• Repetition: If the current episode achieves a new maximum episode reward, the full action se-
quence

a? = (a ?
0; : : : ; a?

T ) (5)

is stored. The agent then enters a repetition phase lasting RN consecutive episodes, where RN is
a hyperparameter controlling repetition strength. During this phase, the stored action sequence a?

is executed sequentially instead of sampling from the policy.

• Exploitation: If no new maximum-reward episode is detected, or once repetition ends, the agent
resumes standard behavior by sampling actions from its current policy:

at � � � (� j s t ): (6)

All transitions collected during both repetition and exploitation are inserted into the replay buffer M
and used for standard off-policy updates. Consequently, IER modi�es only the visitation distribu-
tion of newly collected episodes while preserving the underlying learning dynamics. The complete
training procedure is summarized in pseudo-code in the supplementary material.

3.3 Re-execution Under New Initial Conditions

A key property of IER is that repetition does not duplicate identical episodes. Although several
benchmark environments are deterministic in their transition dynamics, each episode starts from an
initial state sampled from a reset distribution p0. As a result, re-executing the same stored action
sequence a? does not reproduce the original episode exactly. Instead, it generates a family of locally
related episodes in the neighborhood of the previously observed high-reward behavior.

Rather than cloning past experience, IER replays successful action sequences under perturbed initial
conditions. While the action sequence remains �xed, the resulting trajectories differ at the state
level due to variations in the starting state and subsequent state evolution. Consequently, repetition
increases sampling density in regions of the state space that have empirically yielded high rewards,
without duplicating identical transitions. This concentrates visitation around informative regions
while avoiding collapse to a single deterministic trajectory.

In stochastic environments or real-world robotic systems, additional variability from sensor noise,
contact dynamics, and actuation uncertainty further broadens this local sampling distribution. Thus,
IER preserves replay diversity while reinforcing behaviorally salient regions, supporting stable and
generalizable learning.

4 Experiments

We evaluate the proposed IER method on a diverse set of high-dimensional continuous control tasks
in both simulated and real-world environments. The goal is to examine how episodic repetition
affects learning performance when combined with state-of-the-art RL algorithms. The following
subsections introduce the baseline algorithms used for comparison and describe the simulated and
real-world tasks employed in the experiments.

4.1 Baseline Algorithms and Variants

We integrate IER into two widely used off-policy RL algorithms: TD3 Fujimoto et al. (2018) and
SAC Haarnoja et al. (2018), yielding the variants IER-TD3 and IER-SAC. To isolate the effect of
IER, we compare these agents with:

• TD3 and SAC: Standard implementations with no episode repetition.

• SIL-TD3 and SIL-SAC: We integrate SIL Oh et al. (2018) with TD3 following the implementa-
tion in Hu et al. (2021), and extend the same formulation to SAC for a fair comparison. We delib-
erately use the standard SIL formulation rather than newer variants to avoid introducing additional




