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ABSTRACT

Although the concept of machine unlearning has been widely ex-
plored in the past few years, unlearning in reinforcement learning
(RL) models remains underdeveloped. In this paper, we undertake
an in-depth exploration of reinforcement unlearning (RUL), a novel
and challenging concept within the field of RL and machine un-
learning. We investigate the inherent difficulties associated with
RUL, pinpointing two critical factors that contribute to its com-
plexity: agent-environment interactions and the sequential nature
of decision-making. To tackle these challenges, we propose an un-
learning algorithm that addresses the fundamentals of RUL from
the perspective of environment observations, enabling observation-
level unlearning for both tabular and deep Q-learning. By quanti-
tatively assessing the effects of observations through state-action
values and modifying and retracing the policy trajectories estab-
lished by the original model, we demonstrate that, under reasonable
assumptions, RUL can effectively eliminate both the immediate and
subsequent impacts of the targeted unlearning observation. Empiri-
cal evaluations also validate the effectiveness of our RUL approach.
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1 INTRODUCTION

Reinforcement learning (RL) has driven major Al advances, from
fine-tuning large language models [8] to recommender systems [1].
As RL deployment grows, reinforcement unlearning—removing un-
safe or undesired knowledge from trained agents (e.g., faulty sensor-
induced driving behaviours or leaked confidential visuals) [2, 4, 5]—
becomes increasingly important, yet systematic methods remain
limited [7, 9]. Although one might frame unlearning by modifying
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MDP components (state, reward, transitions), doing so effectively
alters the environment (e.g., suppressing rewards for specific state—
action pairs), contradicting the goal of unlearning the policy while
keeping the environment intact. This paper explores an unlearn-
ing approach at the observation level, where specific observations
serve as the unlearning targets. We introduce RUL to denote rein-
forcement unlearning. We begin by focusing on unlearning models
trained through Q-learning. To be specific, we first pinpoint the Q-
value affected by the observation targeted for unlearning and then
eradicate its influence across the entire action policy landscape. By
quantifying the contributions of the targeted observation through
Q-values using an overwriting method (termed Q-Cover) and back-
tracking all policy trajectories of the original model (termed Twin
0O-Backward), we demonstrate that, under mild assumptions, our
proposed RUL approach can comprehensively eliminate both the
direct and lingering impacts of the observation while preserving
the contributions from the remaining environment in tabular Q-
learning. Our thorough experimental evaluations confirm the effec-
tiveness of our RUL.

2 REINFORCEMENT UNLEARNING

Let o; denote the targeted observation and o_; be the aggregation
of remaining observations. We aim to unlearn o; such that for any
given initial value of an unlearned observation, in the original
MDP, expressed as V o;; € o,|t:0€ O: o = o?ef,whereofefis the
initial value of o;provided by the environment. Here, we provide
the definition of our RUL in the context of unlearning o; from
the RL model trained by Q-learning. The model can be expressed
in terms of observation as 7*(0) = argmax,. 5 Q*(0,a), where
0 =0; Uo_; € O. The action policy after applying RUL is denoted
as 7% (o_; U 0;). As the influence of the targeted observation o;
has been fully removed, its value no longer affects the outcomes of
the revised action policy, which can then be rewritten as 77*(0_;),
where o_; € O™, The Q-value after RUL is denoted as QU".

DEFINITION 1 (REINFORCEMENT UNLEARNING). Our RUL has two
essential properties: 1) the Q-value after RUL complies with the fol-
lowing Bellman equation: Yo_; € OF°:

Q% (0-i, 7% (0-1)) =E[r +yQ" (oL, 7" (0))] 1)

and 2) the action outcomes of the revised action policy should be
identical to the action policy trained from scratch without the removed
observation. The latter action policy is denoted as mR*. The second
property can be formulated as

7% (o_;) =8 (0_;), Vo_; € OF°.
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We aim to unlearn the influence of the targeted observation o;.
Since o; starts with a initial given value of O?Ef. When the value of
o; changes on a specific trajectory generated by the Q-table, we
can then identify that the targeted observation may influence the
agent’s decision-making. Assume the value of 0; changes at time

. def
step t,ie., 0;; # 0;.

Q-Cover: To remove such influence, we first perform the CV
step, using the Q-value of Q*(0_;; U O?e‘, " (0-i U o?ef)) to replace
the current Q-value of Q*(o_;; U 0;4, 7" (0_;; U 0;+)). The revised
Q-value is then denoted as QY. The CV step can be summarized
as: V()_i’[ € 0y, (0[, a,) €ET,a; = 7[*(0_,’,[ U Oi,t), TE L :

QY (0-is Uois,a) = Q" (0-i; Uois,a;) = Q" (0_;, U0, a,).

©)
Note that only conducting the CV step does not suffice the re-
quirement of RUL, as the Q-value of the current observation-action
pair also influences all preceding trajectories that have led to the
current state. Consequently, we develop a backward update process
along the recorded trajectory, referred to as the BS step.
Q-Backward Substitution: Starting from the same observation-
action pair in the CV step, we iteratively update the Q-values using
the Bellman equation and move backward toward the start of the tra-
jectory. The updated Q-value is denoted as QBS. For the most recent
observation-action pair (0;_1,a;-1), the BS step can be formulated
as V(0;-1,ar-1), (0r,ar) € T,ar-1 =" (0_j4—1 U o?ef), rel:

Q% (0r-1,ar-1) = Q" (0r-1,8r1) = -1 + Q< (05 U 0ir 7).

©)
We repeat the above operation till the observation-action pair at
the first (or initial) time step of the trajectory z. After processing
all trajectories in the trajectory set £, we can conclude that for any
time step ¢ and Yo_;; € 0;,0_;441 € 0441,0, 0441 € O, we have
QBS(O—i,b a;) =1+ )/QBS(O—i,t+1> A1)

Q-Backward Optimization: After the elimination of all the
effects of the observation we intended to remove, we now apply
the Bellman optimal equation to the same trajectory set £, aiming
to derive the final action policy. Subsequently, the action policy af-
ter RUL can be formulated as 7% (o_;) = argmax, . 4 OV (o_;, a).
Finally, the revised Q-table after RUL aligns with the first property
of our RUL definition defined in Eq. (1). The corresponding algo-
rithmic procedure is detailed in Algorithm 1. In the experiments
presented in Section 3, we validate the second property of RUL
using the revised Q-table, which is compared to the Q-table trained
from scratch without the removed observation.

3 EXPERIMENTS AND EVALUATION

We evaluate observation-space RL unlearning by defining Unlearn-
ing Accuracy (UAcc) as the action agreement between the un-
learned policy and a scratch-trained policy that never saw the re-
moved observation, measured under the same observationdJAcc =
w:m ZLZQIW’” Iz (0_ix) = 7%T (0_ix) ], where Oeyal is a set of
observations for unlearning evaluation and I(-) is an indicator
which is equal to 1 only when the two models output the same
action. Otherwise, this indicator is equal to zero.

The tabular Q-unlearning experiments are conducted on two
standard testbeds: the LINKT Chain environment [6] and Cliff Walk-
ing from OpenAI Gym [3]. In LINKT Chain, the agent starts at a
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Figure 1: g Q-table unlearning under two task settings

fixed position on a 1D chain and chooses actions {left, right}. To
complete the task, it must first move to the left end to obtain a key,
then travel to the right end to unlock a door. The observation is a 2-
tuple (position, has_key), where position € {1, ..., 6} indexes the
chain from left to right. If the position information is deemed sensi-
tive and must be unlearned, applying our RUL to the Q-table yields
an unlearned policy that is identical to a policy trained from scratch
without the sensitive observation (move left before obtaining the
key, and right afterwards), achieving unlearning accuracy = 1.0. In
Cliff Walking, the agent navigates a grid from a start to a goal while
avoiding the “cliff” along one edge, which incurs large penalties;
the objective is to reach the goal efficiently while minimising the
risk of falling. The observation is the agent’s location, and actions
are {up, right, down, left}. To create an observation-level unlearning
target, we augment the observation with an additional indicator
that records whether the agent has visited a designated waypoint,
incentivising the agent to pass through that point before reaching
the goal. After unlearning this auxiliary observation with our RUL,
the mean unlearning accuracy across ten independently trained
policies is 85.76% with standard deviation 4.56%. Beyond these two
environments, we study a 3 X 3 gridworld to further evaluate RUL
for tabular Q-unlearning. In the original setting, the agent observes
its current position and a Boolean flag indicating whether it has
collected a token. When the token has not yet been collected, the
agent may either detour to collect it or proceed directly to the exit.
We consider two unlearning tasks. In Task 1, we remove the agent’s
ability to observe the token status (while the token reward of 2
remains), so the agent no longer knows whether the token has been
collected. In Task 2, we additionally remove the token-collection re-
ward, making the optimal policy to head directly to the exit via the
shortest path from any location. The unlearned and scratch-trained
Q-tables match, again yielding 100% unlearning accuracy.

4 CONCLUSION

In this paper, we study state-level reinforcement unlearning, for-
malise the problem setting, and propose RUL for Q-learning, which
provably and empirically removes targeted information by retracing
and editing the original policy trajectory, while largely preserving
non-targeted behaviours and previously learned knowledge.
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