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Abstract
This paper studies the problem of action noise in model-based offline reinforcement learning,
i.e., the actions recorded in the transition trajectories are polluted with noise. Though this
is a relatively new problem in the literature, it has become a relevant issue since offline
reinforcement learning has becomemore andmorewidely used. This is particularly important
in applications where an offline dataset collected without the intention to improve the policy
is repurposed for reinforcement learning. This paper presents an error analysis for the value
function due to the action noise and provides numerical studies. This work also prepares for
further developments of novel algorithms for addressing action noise.

Keywords Reinforcement learning · Offline reinforcement learning · Action noise

1 Introduction

Markov decision process (MDP) is the centralmathematicalmodel for reinforcement learning
(RL). In recent years, offline MDP learning algorithms [19, 27], for which the data are
collected by a behavior policy prior to the training stage, have received significant attention.
Many model-based [4, 6, 8, 14, 23, 29, 32, 35, 40, 41] and model-free algorithms [2, 3, 5,
9–11, 16–18, 24, 26, 30, 43] have been proposed. Several convergence results [7, 13, 34,
37] have also been developed. Among them, the model-based offline MDP methods benefit
from the conceptual simplicity since learning the MDP model can be treated as a supervised
learning problem. The model extracted from the offline dataset enjoys generalization ability
if the behavior policy is sufficiently exploratory. In this paper, we consider this model-based
setting.
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For offline model-based algorithms, the statistical errors of the estimated rewards and
transitions due to finite sampling have been well-studied in the literature. In the situation
of partially observed states, the theory of partially observed MDP has also been extensively
investigated. In this paper, we are interested in the relatively unexplored issue of action
noise, i.e., the recorded actions in the offline dataset are contaminated by noises. There are
two common scenarios where this issue can occur. In the first scenario, the actions are not
recorded carefully when the offline trajectories are stored. In the second scenario, the dataset
is originally recorded without the intention of optimizing the policy, and hence, the action
information is simply ignored. For example, the initial goal can be the prediction of the next
state or its distribution while the policy remains fixed as the behavior policy or to classify
the trajectories of states to facilitate other downstream tasks. It is only later that one switches
the goal to the optimization of the policy and uses the dataset for reinforcement learning.
In this scenario, the actions must be inferred from other information, and such an inference
procedure often results in estimation errors. Motivated by these scenarios, it is therefore
highly relevant to study the impact of action noise on offline MDP algorithms.

1.1 RelatedWorks

Offline RL has grown into a large topic. Unlike online or off-policy RL, no further interaction
with the true environment is allowed in the offline RL setting, and knowledge can only be
extracted from a fixed dataset. In this regard, offline RL is similar to supervised learning.
However, there is an essential difference between them. While it is usually reasonable to
assume that the training data and the test data follow the same or a similar distribution for
supervised learning tasks, this is not the case for offline RL.When performing reinforcement
learning tasks from offline datasets, the learned policy must be different from the behavior
policy if one wants to make a nontrivial improvement. Thus, the distribution of the agent’s
trajectories is different from that in the offline dataset when the learned policy is applied. This
phenomenon is usually referred to as distributional shift or covariate shift, which is a major
challenge in the field of offline RL. A variety of algorithms have been proposed to address
this challenge using either a model-based or model-free strategy. A common ingredient in
these algorithms is learning the behavior policy,which is also not accessible.Modernmachine
learning models such as neural networks and variational auto-encoders (VAE) [15] have been
used to this end. This model should not be confused with the model of transition and reward
used in model-based methods.

An early example of a model-free method is [10], where the algorithm is built upon Q-
learning and the learned policy is forced to be a neural network perturbation of the behavior
policy. Several subsequent methods adopt the idea of policy constraint, which means that the
learned policy is restricted in a neighborhood of the behavior policy under certain metrics.
For example, the advantage-weighted regression (AWR) method [26] implicitly adopts the
KL-divergence constraint and a behavior cloning metric is used in [9]. Other metrics, such
as the maximum mean discrepancy (MMD) used in [17], essentially require that the learned
policy and the behavior policy must have equal support, which is shown to allow more
flexibility. Policy constraints can also be enforced through learning the representation of
actions. For example, the authors of [43] utilize the latent action of the CVAE trained to
mimic the behavior policy, and the authors of [5] further improve this idea by updating the
latent representation with the advantage function as weights.

In general, the idea of pessimism or conservatism is widely used to avoid being over-
optimistic or exploiting the error caused by distributional shift, which often appears as a
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conservative adjustment to the model, value function, or Q function according to the uncer-
tainty in the information of the offline dataset. For example, a random convex combination of
Q functions, instead of a single Q function, is used to perform policy updates in [2]. In [11],
the standard deviation of an ensemble of independently trainedQ functions is subtracted from
the Q function. In [18, 30], a mini-max formulation is used for the Q function to penalize
large Q values without sufficient data coverage. In [24], a conservative Bellman operator is
used where out-of-distribution (OOD) actions are treated differently. Another way to follow
the conservatism principle is to update the policy only once, which was proposed by Brand-
fonbrener et al. in [3] and dubbed the one-step method. No off-policy evaluation (OPE) is
needed for one-step methods, which alleviate the iterative exploitation of errors. In light of
this, Kostrikov et al. proposed implicit Q-learning (IQL) [16] where the expectile regression
is used to modify the Bellman maximal operator, and an approximated optimal Q function is
learned. The policy is then extracted from the approximate optimal Q function with an AWR
routine.

In spite of the huge success brought by model-free offline RL algorithms, one often
needs to tune the hyperparameters carefully to achieve ideal performance. The model-based
methods, on the other hand, take advantage of the more established and reliable supervised
learning methods to extract a model from the offline data and then obtain an improved policy
by planning with the learned model. Commonly used models include the discrete model,
kernel nonlinear regulator (KNR), Gaussian process (GP), and neural network (NN).

Early examples ofmodel-basedRL studies include [14, 41]. In [41], the reward is penalized
by an estimation of uncertainty, quantified by the Frobenius norm of the covariance matrix
of the Gaussian transition model. In [14], the transition dynamic is halted, and the reward is
set as a negative constant if the uncertainty is larger than a threshold, where the uncertainty
is measured by the maximal distance between independently trained models. Eysenbach et
al. [8] augment the reward with a log-likelihood ratio term computed from a classifier that
distinguishes the real transitions from fake ones. Besidesmodifying the reward, conservatism
can also be integrated into model-based methods through the transition model. One common
strategy is to learn a policy that optimizes the worst case for an ensemble of transitionmodels,
which is adopted by a line of work including [6, 29, 34]. Another way to use the model is
to generate imaginary trajectories and feed them to a model-free method. For example, the
COMBOmethod in [40] sends the imaginary trajectories generated from a learned transition
model to the CQL method [18]. An additional time-reversed transition model is learned in
[35] to generate reverse imaginations, and a double-check procedure of the imagination is
added in [23] to further enhance conservatism.

Another line of work addressing uncertainty in MDPs is the field of robust MDPs, which
investigates the complexity and tractability of MDP problems with adversarially chosen
dynamics.Anearlier example of robustMDPresearch is [36],which explores various assump-
tions about the structure of the uncertainty set, such as the (s, a)-rectangular assumption and
the s-rectangular assumption. It was also shown that, without specific structural constraints
on the uncertainty set, the corresponding problem becomesNP-hard.More recently, [38] pro-
vided non-asymptotic performance analysis under the (s, a)-rectangular and s-rectangular
assumptions with different f-divergence type uncertainty sets. In the RL context, this field
is often referred to as robust RL. For instance, [33] combines robust MDP concepts with
deep reinforcement learning and conducts experiments on MuJoCo problems. The authors
of [33] also consider a setting where actions are subject to adversarial perturbations, which
bears some similarity to the setting studied in our paper. However, the algorithm proposed
in [33] relies on a known model or an online setting. This is fundamentally different from
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the problem addressed in our work, where perturbations (not necessarily adversarial) are
introduced in the offline dataset. One can also refer to [25] for a more detailed review.

1.2 Comparison and Contributions

At a high level, the suboptimality of an RL policy learned from an offline dataset can be
owed to two main sources, the first being the distributional shift and the second being the
finite sample size (or statistical error). The statistical error should not be confused with
the distributional shift since it exists even with a generative model, i.e., even when new
data points can be collected from interacting directly with the environment, though the idea
of conservatism can also be applied to the setting with a generative model. For example,
[21] proposes to perturb the empirical reward by a uniform noise or intentionally select
suboptimal actions with a random suboptimality in order to avoid the excessive exploitation
of the empirical model.

In this paper, we propose to analyze yet another source of error that is ubiquitous in real-
life offline RL applications, namely the misclassification of the action (or the action noise).
Unlike distributional shift and statistical error, the pollution in the action information has
been severely underexplored. We summarize our contributions below.

• We propose a methodology for studying a ubiquitous problem in offline RL where the
action information in the offline dataset is polluted. This has not been fully investigated
by the RL community.

• We provide error analyses of both the infinite-horizon and finite-horizon MDP models
for both the infinite-sample limit and the finite-sample cases.

• We include a verification of the theoretical result with numerical examples.

1.3 Contents

The paper is organized as follows. Section2 covers the basic material of MDP in both dis-
counted infinite-horizon settings and undiscounted finite-horizon settings. Section3 derives
the error estimates solely due to action noise, assuming that the rewards and transition proba-
bilities can be accessed without error. The work in Sect. 4 considers a more realistic scenario
where the rewards and transition probabilities need to be estimated from a finite number of
samples. Here, an additional statistical error is introduced due to the estimation. Numerical
results are provided in both sections to verify the error bounds. Finally, Sect. 5 discusses
some future directions, including the extension to continuous actions and the derivation of
novel pessimism algorithms based on action noise.

2 Preliminaries

We consider both the discounted infinite-horizon MDP and the undiscounted finite-horizon
MDP. This section covers some preliminaries ofMDPs for completeness.We refer the readers
to the existing literature [1, 28, 31, 39] for more details.
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2.1 Infinite-Horizon

A discounted infinite-horizon MDP model is a tuple (S, A, P, r , γ ), where S is the state
space, A is the action space, P is a transition probability tensor such that the entry Psas′ is the
probability of transitioning from the state s to the state s′ when action a is taken, and r is a
reward matrix where rsa is the reward obtained when action a is taken at state s. We assume
that the reward is bounded and without loss of generality rsa ∈ [0, 1]. Finally, 0 < γ < 1 is
a discount factor.

A policy π is a collection of probability distributions over A indexed by the states in S,
where πsa is the probability of choosing action a at state s with

∑
a∈A πsa = 1. For a given

policy π , let (s0, a0, s1, a1, . . .) be a stochastic trajectory generated by following π . The
value function vπ associated with π is the expected discounted accumulative reward

vπ
s :=Eπ

[ ∞∑

k=0

γ krskak | s0 = s

]

.

Associated with π , we define the transition matrix Pπ and the reward vector rπ by

Pπ
ss′ :=

∑

a

πsa Psas′ , rπ
s :=

∑

a

πsarsa .

The vector vπ then satisfies the Bellman equation

vπ = rπ + γ Pπvπ .

Since 0 < γ < 1 and Pπ is a transition probability kernel, (I − γ Pπ ) is invertible and

vπ = (I − γ Pπ )−1rπ . (1)

The goal ofMDP is to find the policy that maximizes e�vπ for some positive weight vector e.
In fact, the optimal policy is independent of e (see [22, 28]). Using (1), the problem becomes
finding the optimal policy π� such that

π�:=argmax
π

e�(I − γ Pπ )−1rπ .

According to the theory of MDP, there is a deterministic optimal policy π� such that

vπ�

s = max
a

[rsa + γ Psa·vπ� ].
Another related function is the state-action value function, defined for a fixed policy π as

qπ
sa :=E

[ ∞∑

k=0

γ krskak | s0 = s, a0 = a

]

.

It is related to the value function vπ via

qπ
sa = rsa + γ Psa·vπ .

At the optimal policy π�,

qπ�

sa = rsa + γ Psa·vπ� = rsa + γ Psa·
[

max
a′∈A

qπ�

·a′

]

.

Since the rewards are assumed to be bounded in [0, 1], 0 ≤ vπ
s , qπ

sa ≤ 1
1−γ

.
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2.2 Finite-Horizon

An undiscounted finite-horizon MDP is similarly described by a tuple (S, A, {Ph}, {rh}, H),
where H is the horizon, i.e., the number of steps of each episode. Ph and rh are, respectively,
the transition probability tensor and the reward tensor at time step h. For a fixed triple (h, s, a),∑

s′ Phsas′ = 1. Again, we assume that the reward rhsa is bounded without loss of generality
in [0, 1].

A policy π is a collection of probabilities over A for each s and h: πhsa is the probability
of choosing action a at state s at time h with

∑
a πhsa = 1. For a given policy π , let

the sequence (s0, a0, s1, a1, . . . , sH−1, aH−1, sH ) be a stochastic trajectory generated by
following the policy π . The value function vπ of the policy π is the expected accumulative
reward

vπ
hs :=Eπ

[

rHsH +
H−1∑

t=h

rtst at | sh = s

]

, h = 0, 1, . . . , H − 1,

with the terminal condition vHs = rHs . By defining the transition matrix Pπ and reward
vector rπ

Pπ
hss′ :=

∑

a

πhsa Phsas′ , rπ
hs :=

∑

a

πhsarhsa,

we notice that the value function satisfies the finite-horizon Bellman equation:

vπ
h = rπ

h + Pπ
h vπ

h+1, h = 0, 1, . . . , H − 1.

The goal is to seek an optimal deterministic policy that is guaranteed to exist byMDP theory.
At the optimal policy π�,

vπ�

hs = max
a

[rhsa + Phsa·vπ�

h+1], h = 0, 1, . . . , H − 1.

The associated state-value function is defined as

qπ
hsa :=Eπ

[
H−1∑

t=h

rtst at | sh = s, ah = a

]

.

At the optimal policy π�, it satisfies the following Bellman optimality condition

qπ�

hsa = rhsa + Phsa·vπ�

h+1 = rhsa + Es′∼Phsa·

[

max
a′∈A

qπ�

h+1,s′a′

]

.

The reason for choosing the discounted infinite-horizonMDP and the undiscounted finite-
horizon MDP is as follows. In the finite-horizon case, a discounted model can be converted
to an undiscounted model by letting r̃hsa = γ hrhsa and r̃Hs = γ Hrhs . Thus, we can focus
our study on the undiscounted setting without loss of generality. In the infinite-horizon case,
the discount factor is needed for both theoretical and computational reasons: otherwise, the
accumulative reward would be unbounded even if the reward function r is bounded, and the
Bellman equation would be singular because (I − Pπ ) is not invertible. From a practical
perspective, the discount factor is also natural because 1 − γ corresponds to the risk-free
interest rate in economics. In other fields, the discount factor is also useful for representing
a trade-off between short-term and long-term rewards. One can adjust the discount factor
closer to 1 if one wants to learn a policy that values the short-term and long-term rewards
almost equally while moving it away from 1 if one attaches more importance to short-term
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rewards. For a more comprehensive presentation of MDPmodels, we refer interested readers
to [28].

3 Infinite-Sample Analysis of Action Noise

In this section, we give an infinite-sample analysis of error due to action noise for both finite-
horizon MDPs and discounted infinite-horizon MDPs. Here infinite-sample means that the
reward r and the transition P can be obtained with zero error. Therefore, the only sources of
error are the action noise and the distributional shift.

3.1 Infinite-Horizon

Wemodel the action noise by a tensorη = (ηsa j )s∈S,a, j∈A,whereηsa j is the rate of classifying
action a as action j at state s. In particular,

∑
j ηsa j = 1.

Let π̄ be the behavior policy from which the offline data was collected. Due to the action
noise, instead of the true behavior policy π̄sa , we are faced with the polluted behavior policy

π̄saηsaa +
∑

j �=a

π̄s jηs ja

at state s and action a. As a consequence, the reward tensor r̆ and the probability tensor P̆
polluted by the action noise are given by

r̆sa :=
π̄saηsaarsa + ∑

j �=a π̄s jηs jars j

π̄saηsaa + ∑
j �=a π̄s jηs ja

, (2)

P̆sa·:=
π̄saηsaa Psa· + ∑

j �=a π̄s jηs ja Ps j ·
π̄saηsaa + ∑

j �=a π̄s jηs ja
, (3)

respectively. The following lemma characterizes the error between (P, r) and (P̆, r̆).

Lemma 1 Define cπ :=minsa π̄sa > 0 and cη:=maxsa
∑

j �=a ηsa j < 1. Then

max
s,a

|rsa − r̆sa | ≤ cη

cπ (1 − cη)
, (4)

max
s,a

‖Psa· − P̆sa·‖1 ≤ 2cη

cπ (1 − cη)
. (5)

Proof Since max
j �=a

ηs ja ≤ ∑
a �= j ηs ja ≤ cη, we have

∑

j �=a

π̄s jηs ja ≤
( ∑

j �=a

π̄s j

) (

max
j �=a

ηs ja

)

≤ 1 · cη = cη. (6)

On the other hand, we have

π̄saηsaa +
∑

j �=a

π̄s jηs ja = π̄sa(1 −
∑

j �=a

ηsa j )

+
∑

j �=a

π̄s jηs ja ≥ (min
sa

π̄sa)(1 − max
sa

∑

j �=a

ηsa j ) = cπ (1 − cη).
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Combing with (6) and (2), we have

|rsa − r̆sa | =
∣
∣
∣
∣
∣
rsa − π̄saηsaarsa + ∑

j �=a π̄s jηs jars j

π̄saηsaa + ∑
j �=a π̄s jηs ja

∣
∣
∣
∣
∣

=
∣
∣
∣
∣
∣

∑
j �=a π̄s jηs ja(rsa − rs j )

π̄saηsaa + ∑
j �=a π̄s jηs ja

∣
∣
∣
∣
∣

≤ 1

cπ (1 − cη)

⎛

⎝
∑

j �=a

π̄s jηs ja

⎞

⎠max
s,a, j

|rsa − rs j | ≤ cη

cπ (1 − cη)
.

Similarly, from (6) and (3),

‖Psa· − P̆sa·‖1 =
∥
∥
∥
∥
∥
∥

∑

j �=a

π̄s jηs ja
Psa· − Psj ·

π̄saηsaa + ∑
j �=a π̄s jηs ja

∥
∥
∥
∥
∥
∥
1

≤ 1

cπ (1 − cη)

⎛

⎝
∑

j �=a

π̄s jηs ja

⎞

⎠max
s,a, j

‖Psa· − Psj ·‖1 ≤ 2cη

cπ (1 − cη)
.

��

Given r̆ and P̆ , the MDP model polluted by the action noise is (S, A, P̆, r̆ , γ ). Let us
define

• π̆ � to be the optimal policy for (S, A, P̆, r̆ , γ ),
• v̆π̆�

to be the value function at π̆ � for (S, A, P̆, r̆ , γ ), i.e.,

v̆π̆�

s :=max
a

[
r̆sa + γEs′∼P̆sa· v̆

π̆�

s′
]
. (7)

Based on Lemma 1, one has the following error bounds on the value function.

Theorem 2 With the notations of Lemma 1,

‖vπ� − v̆π̆�‖∞ ≤ cη

(1 − γ )2cπ (1 − cη)
, (8)

‖vπ� − vπ̆�‖∞ ≤ 2cη

(1 − γ )2cπ (1 − cη)
. (9)

Remark 1 The first error bound is between the optimal policy π� of the true model (P, r)
applied to (P, r) and the optimal policy π̆ � of the polluted model (P̆, r̆) applied to (P̆, r̆).
On the other hand, the second error bound is between the optimal policy π� of (P, r) applied
to (P, r) and the optimal policy π̆ � of (P̆, r̆) also applied to (P, r). Both are under control
when the misclassification rate cη is small and cπ is bounded from below.

Proof To prove (8), from the solution of two MDPs (S, A, P, r , γ ) and (S, A, P̆, r̆ , γ ) we
have

vπ�

s = max
a

[rsa + γ Psa·vπ� ],
v̆π̆�

s = max
a

[r̆sa + γ P̆sa·v̆π̆� ].
(10)
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Denote the optimal actions of (10) by a and ă, respectively. By dropping the superscripts in
both for notational simplicity, we obtain

vs = rsa + γ Psa·v,

v̆s = r̆să + γ P̆să·v̆.

By the optimality of ă, we have

vs − v̆s = rsa + γ Psa·v − (r̆să + γ P̆să·) ≤ rsa + γ Psa·v − (r̆sa + γ P̆sa·v̆).

Rearranging the terms, we have

vs − v̆s ≤ (rsa − r̆sa) + γ (Psa·v − P̆sa·v̆)

= (rsa − r̆sa) + γ Psa·(v − v̆) + γ (Psa· − P̆sa·)v̆

= (rsa − r̆sa) + γ Psa·(v − v̆) + γ (Psa· − P̆sa·)
(

v̆ − 1

2(1 − γ )
1
)

,

where the last equality results from the fact that Psa·1 = P̆sa·1 = 1. Then by Lemma 1,

vs − v̆s ≤ max
s,a

|rsa − r̆sa | + γ ‖Psa·‖1‖v − v̆‖∞ + γ ‖Psa· − P̆sa·‖1
∥
∥
∥
∥v̆ − 1

2(1 − γ )
1

∥
∥
∥
∥∞

≤ cη

cπ (1 − cη)
+ γ ‖v − v̆‖∞ + γ

2cη

cπ (1 − cη)
· 1

2(1 − γ )

= cη

cπ (1 − cη)
+ γ ‖v − v̆‖∞ + γ cη

(1 − γ )cπ (1 − cη)

= γ ‖v − v̆‖∞ + cη

(1 − γ )cπ (1 − cη)
.

Similarly, with the optimality of a and the result of Lemma 1 we have,

v̆s − vs ≤ r̆să + γ P̆să·v̆ − (rsă + γ Psă·v)

= (r̆să − rsă) + γ (P̆să·v̆ − Psă·v)

= (r̆să − rsă) + γ P̆să·(v̆ − v) + γ (P̆să· − Psă·)v

= (r̆să − rsă) + γ P̆să·(v̆ − v) + γ (P̆să· − Psă·)
(

v − 1

2(1 − γ )
1
)

≤ max
s,a

|r̆sa − rsa | + γ ‖P̆să·‖1‖v̆ − v‖∞ + γ ‖P̆să· − Psă·‖1‖v‖∞

≤ cη

cπ (1 − cη)
+ γ ‖v̆ − v‖∞ + γ cη

(1 − γ )cπ (1 − cη)

= γ ‖v − v̆‖∞ + cη

(1 − γ )cπ (1 − cη)
.

As a result, ‖v−v̆‖∞ ≤ γ ‖v−v̆‖∞+ cη
(1−γ )cπ (1−cη)

. This leads to ‖v−v̆‖∞ ≤ cη
(1−γ )2cπ (1−cη)

,

which finishes the proof.
To prove (9), from (8) we have

‖vπ� − vπ̆�‖ ≤ ‖vπ� − v̆π̆�‖ + ‖v̆π̆� − vπ̆�‖ ≤ cη

(1 − γ )2cπ (1 − cη)
+ ‖v̆π̆� − vπ̆�‖.

(11)
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Dropping the superscripts for simplicity, we have

|v̆s − vs | = |r̆să + γ P̆să·v̆ − (rsă + γ Psă·v)|
= |(r̆să − rsă) + γ (P̆să·v̆ − Psă·v)|
= |(r̆să − rsă) + γ P̆să·(v̆ − v) + γ (P̆să· − Psă·)v|
≤ |r̆să − rsă | + γ |P̆să·(v̆ − v)| + γ

∣
∣
∣
∣(P̆să· − Psă·)

(

v − 1

2(1 − γ )
1
)∣

∣
∣
∣

≤ max
s,ă

|r̆să − rsă | + γ ‖P̆să·‖1‖v̆ − v‖∞ + γ ‖P̆să· − Psă·‖1
∥
∥
∥
∥v − 1

2(1 − γ )
1

∥
∥
∥
∥∞

≤ cη

cπ (1 − cη)
+ γ ‖v̆ − v‖∞ + γ

2cη

cπ (1 − cη)
· 1

2(1 − γ )

= cη

cπ (1 − cη)
+ γ ‖v̆ − v‖∞ + γ cη

(1 − γ )cπ (1 − cη)

= γ ‖v − v̆‖∞ + cη

(1 − γ )cπ (1 − cη)
.

Maximizing over s and rearranging the terms gives

‖v̆ − v‖∞ ≤ cη

(1 − γ )2cπ (1 − cη)
.

Combining this inequality with (11) yields (9). ��

3.2 Finite-Horizon

The above analysis can be readily extended to finite-horizon MDPs. With π̄ denoting the
behavior policy, we first define the polluted rewards and transition matrices in the finite-
horizon setting

r̆hsa :=
π̄hsaηsaarhsa + ∑

j �=a π̄hs jηs jarhs j

π̄hsaηsaa + ∑
j �=a π̄hs jηs ja

,

P̆hsa·:=
π̄hsaηsaa Phsa· + ∑

j �=a π̄hs jηs ja Phs j ·
π̄hsaηsaa + ∑

j �=a π̄hs jηs ja
.

The following lemma gives the error of the MDP model.

Lemma 3 Define cπ :=minhsa π̄hsa > 0 and cη:=maxsa
∑

j �=a ηsa j < 1. Then

max
h,s,a

|rhsa − r̆hsa | ≤ cη

cπ (1 − cη)
, (12)

max
h,s,a

‖Phsa· − P̆hsa·‖1 ≤ 2cη

cπ (1 − cη)
. (13)

The proof is omitted since for each fixed h it is the same as the one for Lemma 1. We
define

• π̆ � to be the optimal policy for the polluted MDP (S, A, {P̆h}, {r̆h}, H),
• v̆π̆�

to be the value function of π̆ � on (S, A, {P̆h}, {r̆h}, H), i.e.,

v̆π̆�

hs :=max
a

[
r̆hsa + γ P̆hsa·v̆π̆�

h+1

]
, h = 0, 1, . . . , H − 1. (14)
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Based on Lemma 3, we have the following value function error bound for finite-horizon
MDPs.

Theorem 4 With the notations of Lemma 3,

‖vπ�

h − v̆π̆�

h ‖∞ ≤ (H − h)(H − h + 3)cη

2cπ (1 − cη)
, (15)

‖vπ�

h − vπ̆�

h ‖∞ ≤ (H − h)(H − h + 3)cη

cπ (1 − cη)
. (16)

Proof To prove (15), we have from the optimality conditions of (S, A, {Ph}, {rh}, H) and
(S, A, {P̆h}, {r̆h}, H)

vπ�

hs = max
a

[rhsa + γ Phsa·vπ�

h+1],
v̆π̆�

hs = max
a

[r̆hsa + γ P̆hsa·v̆π̆�

h+1].

Let the optimal action of the true model and estimated model be a and ă, respectively. Again,
dropping the superscripts for simplicity leads to

vhs = rhsa + Phsa·vh+1,

v̆hs = r̆hsă + P̆hsă·v̆h+1.

The derivation of the key inequalities is similar to the ones in Theorem 2. We first use the
optimality of ă to rearrange the terms and arrive at

vhs − v̆hs ≤ rhsa + Phsa·vh+1 − (r̆hsa + P̆hsa·v̆h+1)

= (rhsa − r̆hsa) + (Phsa·vh+1 − P̆hsa·v̆h+1)

= (rhsa − r̆hsa) + Phsa·(vh+1 − v̆h+1) + (Phsa· − P̆hsa·)v̆h+1

= (rhsa − r̆hsa) + Phsa·(vh+1 − v̆h+1) + (Phsa· − P̆hsa·)
(

v̆h+1 − H − h

2
1
)

.

Then we apply Lemma 3 to get

≤ max
h,s,a

|rhsa − r̆hsa | + ‖Phsa·‖1‖vh+1 − v̆h+1‖∞ + ‖Phsa·

− P̆hsa·‖1
∥
∥
∥
∥v̆h+1 − H − h

2
1

∥
∥
∥
∥∞

≤ cη

cπ (1 − cη)
+ ‖vh+1 − v̆h+1‖∞ + 2cη

cπ (1 − cη)
· H − h

2

≤ ‖vh+1 − v̆h+1‖∞ + cη

cπ (1 − cη)
(H − h + 1),

where we have used the direct upper bound vh ≤ (H + 1 − h). By symmetry,

v̆hs − vhs ≤ max
s,a

|r̆hsa − rhsa | + ‖P̆hsă·‖1‖v̆h+1 − vh+1‖∞ + ‖P̆hsă·

− Phsă·‖1
∥
∥
∥
∥vh+1 − H − h

2
1

∥
∥
∥
∥∞

≤ ‖v̆h+1 − vh+1‖∞ + cη

cπ (1 − cη)
(H − h + 1).
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As a result, ‖vh − v̆h‖∞ ≤ ‖vh+1 − v̆h+1‖∞ + cη
cπ (1−cη)

(H − h + 1).

Summing this estimate over h and using the fact that v̆H · = vH ·, we obtain

‖vh − v̆h‖∞ ≤
H−1∑

i=h

cη

cπ (1 − cη)
(H − h + 1) + ‖vH − v̆H‖∞

= (H − h)((H − h + 1) + 2)cη

2cπ (1 − cη)
+ 0

= (H − h)(H − h + 3)cη

2cπ (1 − cη)

which is (15).
To prove (16), notice from (15) that

‖vπ�

h − vπ̆�

h ‖ ≤ ‖vπ�

h − v̆π̆�

h ‖ + ‖v̆π̆�

h − vπ̆�

h ‖ ≤ (H − h)(H − h + 3)cη

2cπ (1 − cη)
+ ‖vπ̆�

h − v̆π̆�

h ‖.
(17)

Dropping the superscript π̆ � for simplicity gives

|vhs − v̆hs | = |rhsă + Phsă·vh+1 − (r̆hsă + P̆hsă·v̆h+1)|
= |(rhsă − r̆hsă) + (Phsă·vh+1 − P̆hsă·v̆h+1)|
= |(rhsă − r̆hsă) + Phsă·(vh+1 − v̆h+1) + (Phsă· − P̆hsă·)v̆h+1|
≤ |rhsă − r̆hsă | + |Phsă·(vh+1 − v̆h+1)| +

∣
∣
∣
∣(Phsă· − P̆hsă·)

(

v̆h+1 − H − h

2
1
)∣

∣
∣
∣

≤ max
h,s,ă

|rhsă − r̆hsă | + ‖Phsă·‖1‖vh+1 − v̆h+1‖∞

+ ‖Phsă· − P̆hsă·‖1
∥
∥
∥
∥v̆h+1 − H − h

2
1

∥
∥
∥
∥∞

≤ cη

cπ (1 − cη)
+ ‖vh+1 − v̆h+1‖∞ + 2cη

cπ (1 − cη)
· H − h

2

≤ ‖vh+1 − v̆h+1‖∞ + cη

cπ (1 − cη)
(H − h + 1).

Maximizing over s and combining with (17) gives (16). ��

3.3 Numerical Results

In the first example, we consider the infinite-horizon case, where the model (P̆, r̆) is given in
(3). The true MDP used in this experiment is adapted from [42], where |S| = 200, |A| = 50,
and the transition probabilities and rewards are randomly generated in the followingway. The
transition probabilities are defined as Psas′ = 1/20 for 20 states s′ chosen uniformly randomly
from S and zero for other states. The true reward rsa is defined as UsaUs , where Usa and Us

are independently uniformly sampled from [0, 1]. The behavior policy is assumed to be the
uniform policy, thus cπ = 1/50. The discount rate γ is set as 0.9. Figure1a plots the relative
errors of the value function as a function of the action noise measure cη (defined in Lemma
1), where the reference solution is calculated with a policy gradient method starting from the
uniform policy. The shaded area around the two curves gives the standard deviation calculated
from 10 randomly generated η. The action noise tensor η is generated as follows. For each
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Fig. 1 The relative errors of the value functions caused by action noise. The blue and orange curves show how
the errors change as a function of cη . The shaded area around the curves indicates the standard deviation. The

logarithmic scale is used for both axes. Here Err1 = ‖v̆π̆� − vπ�‖/‖vπ�‖ and Err2 = ‖vπ̆� − vπ�‖/‖vπ�‖,
where ‖ · ‖ is the infinity norm. Both errors decrease when cη goes to zero, where the trend coincides with the
theoretical predictions in Theorem 2 and Theorem 4 (Color figure online)

(s, a), ηsaa is uniformly sampled from [1− cη, 1], and then each ηsa j is first generated from
a uniform random variable on [0, 1] and then normalized so that

∑
j ηsa j = 1.We generate η

in the same way for all examples in this paper. The two curves match the theoretical estimates
(8) and (9), respectively. When the action noise goes to zero, the value function errors vanish.

In the second example, we consider the finite-horizon case. Similar to the first example, we
define the transition probabilities as Phsas′ = 1/20 for s′ belonging to a uniformly randomly
chosen subset with 20 elements and zero everywhere else. The reward rhsa is defined as the
product UhsaUsUh where Uhsa , Us and Uh are independent samples of the uniform random
variable on [0, 1], and the terminal reward rHs is also independently uniformly sampled
from [0, 1]. The horizon H is chosen as 10. Figure1b shows the relative errors of the value
function, with the standard deviation obtained from a collection of 10 random η. Here the
reference solution is calculated with a linear programming method. Both types of errors
decrease monotonically when cη decreases, compatible with the result of Theorem 4.

4 Finite-Sample Analysis with Action Noise

In the previous section, we considered the error bounds in the infinite-sample limit, where
the error only comes from the action noise and distributional shift. In practice, the rewards
and transition rates need to be estimated from a finite number of samples, which introduces
an additional source of statistical error.

4.1 Infinite-Horizon

To model the finite-sample case, we denote by P̂sas′ and r̂sa the transitions and rewards
estimated from the finite-sample dataset. Here, we assume that a few samples are collected
for each state-action pair (s, a) independently according to the behavior policy. There are
two key quantities.

• Nspl is the minimum of the number of transitions from (s, a) over all state-action pairs.
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• For each pair (s, a), let Ssa be the set of states s′ such that P̆sas′ > 0. Define
Nnb:=max

s,a
|Ssa |.

It is worth noticing that these quantities are defined for the polluted dynamics P̆ rather than
the true dynamics. The following lemma is concerned with the statistical error in P̂sas′ and
r̂sa .

Lemma 5 With probability at least 1 − δ,

max
s,a

|r̆sa − r̂sa | ≤
√
log(4|S||A|/δ)

2Nspl
(18)

and

max
s,a

‖P̆sa· − P̂sa·‖1 ≤ 2

√
Nnb log 2 + log(2|S||A|/δ)

2Nspl
. (19)

Proof By Hoeffding’s inequality

P

(

|r̆sa − r̂sa | ≥
√
log(4|S||A|/δ)

2Nspl

)

≤ 2 exp

⎛

⎝−2Nspl ·
(√

log(4|S||A|/δ)
2Nspl

)2
⎞

⎠

= 2 exp (− log(4|S||A|/δ)) = δ

2|S||A| .

Then, by the union bound,

P

(

max
s,a

|r̆sa − r̂sa | ≤
√
log(4|S||A|/δ)

2Nspl

)

≤
∑

s,a

P

(

|r̆sa − r̂sa | ≥
√
log(4|S||A|/δ)

2Nspl

)

≤ |S||A| · δ

2|S||A| = δ

2
,

which proves that the event in (18) holds with probability at least 1 − δ/2. Therefore, it
suffices to show that the event in (19) holds with probability at least 1 − δ/2. The proof is
inspired by the argument of [12]. Consider the set Usa of vectors u ∈ R

|S| such that |u j | = 1
for state j ∈ Ssa and u j = 0 for the remaining coordinates. Then the �1 norm in (19) can be
expressed by

max
u∈Usa

u� (
P̂sa· − P̆sa·

)
.

Notice that u� P̂sa· is the finite-sample average of i.i.d. random variables u�es′ , where es′ is
the s′-th standard basis vector, and u� P̆sa· is the expectation.ApplyingHoeffding’s inequality
and the union bound shows that with probability at least 1 − δ/2

max
s,a

max
u∈Usa

u� (
P̂sa· − P̆sa·

)
≤ 2

√
log(2|S||A|2Nnb/δ)

2Nspl
= 2

√
Nnb log 2 + log(2|S||A|/δ)

2Nspl
.

Therefore, (18) and (19) hold simultaneously with probability at least 1 − δ. ��
Given r̂ and P̂ , the MDP polluted both by the action noise and the finite-sample statistical

error is (S, A, P̂, r̂ , γ ). We define
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• π̂ � to be the optimal policy for (S, A, P̂, r̂ , γ ), and
• v̂π̂�

to be the value function of π̂ � on (S, A, P̂, r̂ , γ ), i.e.,

v̂π̂�

s :=max
a

[
r̂sa + γEs′∼P̂sa· v̂

π̂�

s′
]
. (20)

Equipped with the statistical error bound in Lemma 5, we have the following error bounds
for the value functions.

Theorem 6 Under the assumptions of Lemma 1, with probability at least 1 − δ

‖vπ� − v̂π̂�‖∞ ≤ cη

(1 − γ )2cπ (1 − cη)
+ 1

1 − γ

√
log(4|S||A|/δ)

2Nspl

+ γ

(1 − γ )2

√
Nnb log 2 + log(2|S||A|/δ)

2Nspl
, (21)

and with probability at least 1 − 2δ

‖vπ� − vπ̂�‖∞ ≤ 2cη

(1 − γ )2cπ (1 − cη)
+ 2

1 − γ

√
log(4|S||A|/δ)

2Nspl

+ 2γ

(1 − γ )2

√
Nnb log 2 + log(2|S||A|/δ)

2Nspl
. (22)

Proof From the optimal solutions of (S, A, P, r , γ ) and (S, A, P̂, r̂ , γ ),

vπ�

s = max
a

[rsa + γ Psa·vπ� ],
v̂π̂�

s = max
a

[r̂sa + γ P̂sa·v̂π̂� ].

Let the optimal actions be a, â, respectively. Dropping the superscripts in both for sim-
plicity leads to

vs = rsa + γ Psa·v,

v̂s = r̂sâ + γ P̂sâ·v̂.

By Lemmas 1, 5, and the triangle inequality,

max
s,a

|r̂sa − rsa | ≤ cη

(1 − γ )cπ (1 − cη)
+

√
log(4|S||A|/δ)

2Nspl
, (23)

and

max
s,a

‖P̂sa· − Psa·‖1 ≤ 2cη

(1 − γ )cπ (1 − cη)
+ 2

√
Nnb log 2 + log(2|S||A|/δ)

2Nspl
, (24)

123



   51 Page 16 of 23 Journal of Scientific Computing           (2025) 103:51 

with probability at least 1 − δ. Thus, with probability at least 1 − δ

vs − v̂s ≤ rsa + γ Psa·v − (r̂sa + γ P̂sa·v̂)

= rsa − r̂sa + γ (Psa·v − P̂sa·v̂)

= rsa − r̂sa + γ Psa·(v − v̂) + γ (Psa· − P̂sa·)v̂

= rsa − r̂sa + γ Psa·(v − v̂) + γ (Psa· − P̂sa·)
(

v̂ − 1

2(1 − γ )
1
)

≤ max
s,a

|rsa − r̂sa | + γ ‖Psa·‖1‖v − v̂‖∞ + γ ‖Psa· − P̂sa·‖1
∥
∥
∥
∥v̂ − 1

2(1 − γ )
1

∥
∥
∥
∥∞

≤ cη

cπ (1 − cη)
+

√
log(4|S||A|/δ)

2Nspl
+ γ ‖v − v̂‖∞

+ γ cη

(1 − γ )cπ (1 − cη)
+ γ

1 − γ

√
Nnb log 2 + log(2|S||A|/δ)

2Nspl

= γ ‖v − v̂‖∞ + cη

(1 − γ )cπ (1 − cη)
+

√
log(4|S||A|/δ)

2Nspl

+ γ

1 − γ

√
Nnb log 2 + log(2|S||A|/δ)

2Nspl
.

(25)

Similarly, we have

v̂s − vs ≤ γ ‖v̂ − v‖∞ + cη

(1 − γ )cπ (1 − cη)
+

√
log(4|S||A|/δ)

2Nspl

+ γ

1 − γ

√
Nnb log 2 + log(2|S||A|/δ)

2Nspl
.

As a result,

‖v − v̂‖∞ ≤ γ ‖v − v̂‖∞ + cη

(1 − γ )cπ (1 − cη)
+

√
log(4|S||A|/δ)

2Nspl

+ γ

1 − γ

√
Nnb log 2 + log(2|S||A|/δ)

2Nspl
,

and

‖v − v̂‖∞ ≤ cη

(1 − γ )2cπ (1 − cη)
+ 1

1 − γ

√
log(4|S||A|/δ)

2Nspl

+ γ

(1 − γ )2

√
Nnb log 2 + log(2|S||A|/δ)

2Nspl
,

which proves (21).
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Based on this inequality, with probability at least 1 − δ

‖vπ� − vπ̂�‖ ≤ ‖vπ� − v̂π̂�‖ + ‖v̂π̂� − vπ̂�‖

≤ cη

(1 − γ )2cπ (1 − cη)
+ 1

1 − γ

√
log(4|S||A|/δ)

2Nspl

+ γ

(1 − γ )2

√
Nnb log 2 + log(2|S||A|/δ)

2Nspl
+ ‖v̂π̂� − vπ̂�‖.

(26)

Moreover, using the same argument as (25) but with a replaced by â, one has that with
probability at least 1 − δ

|vs − v̂s | = |rsâ + γ Psâ·v − (r̂sâ + γ P̂sâ·v̂)|

≤ γ ‖v − v̂‖∞ + cη

(1 − γ )cπ (1 − cη)
+

√
log(4|S||A|/δ)

2Nspl

+ γ

1 − γ

√
Nnb log 2 + log(2|S||A|/δ)

2Nspl
.

Here, we again dropped the superscripts for simplicity. Therefore, with probability at least
1 − δ

‖v̂π̂� − vπ̂�‖ ≤ cη

(1 − γ )2cπ (1 − cη)
+ 1

1 − γ

√
log(4|S||A|/δ)

2Nspl

+ γ

(1 − γ )2

√
Nnb log 2 + log(2|S||A|/δ)

2Nspl
.

Combining this inequality with (26) and the union bound yields (22) with probability at least
1 − 2δ. ��

4.2 Finite-Horizon

For the finite-horizon case, we similarly introduce P̂hsas′ and r̂hsa as the transitions and
rewards estimated from a finite number of samples. Assuming that for each triple (h, s, a)

there exists a number of recorded transitions from state s under action a at epoch h, we denote

• Nspl to be the minimum of the number of transitions from (h, s, a) over all triples.
• Nnb = max

h,s,a
|Shsa |, where Shsa is the set of states s′ such that Phsas′ > 0.

The following lemma on the statistical error is needed in the analysis afterward.

Lemma 7 With probability at least 1 − δ,

max
h,s,a

|r̆hsa − r̂hsa | ≤
√
log(8H |S||A|/δ)

2Nspl
, max

s
|r̆Hs − r̂Hs | ≤

√
log(8|S|/δ)

2Nspl
, (27)

and

max
h,s,a

‖P̆hsa· − P̂hsa·‖1 ≤ 2

√
Nnb log 2 + log(4H |S||A|/δ)

2Nspl
. (28)
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Proof ByHoeffding’s inequality and the union bound, the event in (27) holdswith probability
at least 1 − δ/2, It then suffices to show that the event in (28) holds with probability at least
1 − δ/2. Using the proof of Lemma 5, we know that

max
s,a

‖P̆hsa· − P̂hsa·‖1 ≤ 2

√
Nnb log 2 + log(4H |S||A|/δ)

2Nspl

holds with probability at least 1− δ/(2H). A union bound over the horizons shows that (28)
holds with probability at least 1 − δ/2 according to the union bound. ��

Given the reward r̂ and the transition P̂ , the MDP with both the action noise and the
finite-sample statistical error is (S, A, {P̂h}, {r̂h}, H). We now define

• π̂ � to be the optimal policy for the MDP (S, A, {P̂h}, {r̂h}, H), and
• v̂π̂�

to be the value function of π̂ � on (S, A, {P̂h}, {r̂h}, H), i.e.,

v̂π̂�

hs :=max
a

[
r̂hsa + γ P̂hsa·v̂π̂�

h+1

]
. (29)

With the preparation in Lemma 7, we have the following theorem that concerns the finite-
horizon setting.

Theorem 8 Under the assumptions of Lemma 3, with probability at least 1 − δ

‖vπ�

h − v̂π̂�

h ‖∞ ≤ (H − h + 1)(H − h + 3)cη

2cπ (1 − cη)
+ (H + 1)

√
log(8H |S||A|/δ)

2Nspl

+ (H − h)(H − h + 1)

2

√
Nnb log 2 + log(4H |S||A|/δ)

2Nspl
,

(30)

and with probability at least 1 − 2δ

‖vπ�

h − vπ̂�

h ‖∞ ≤ (H − h + 1)(H − h + 3)cη

cπ (1 − cη)
+ 2(H + 1)

√
log(8H |S||A|/δ)

2Nspl

+ (H − h)(H − h + 1)

√
Nnb log 2 + log(4H |S||A|/δ)

2Nspl
.

(31)

Proof From the Bellman optimality conditions of the two MDPs, we have

vπ�

hs = max
a

[rhsa + γ Phsa·vπ�

h+1],
v̂π̂�

hs = max
a

[r̂hsa + γ P̂hsa·v̂π̂�

h+1].

Let the optimal actions be a and â, respectively. Dropping the superscripts gives

vhs = rhsa + Phsa·vh+1,

v̂hs = r̂hsâ + P̂hsâ·v̂h+1.
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Therefore, with probability at least 1 − δ

vhs − v̂hs ≤ rhsa + Phsa·vh+1 − r̂hsa − P̂hsa·v̂h+1

= (rhsa − r̂hsa) + (Phsa·vh+1 − P̂hsa·v̂h+1)

= (rhsa − r̂hsa) + Phsa·(vh+1 − v̂h+1) + (Phsa· − P̂hsa·)v̂h+1

= (rhsa − r̂hsa) + Phsa·(vh+1 − v̂h+1) + (Phsa· − P̂hsa·)
(

v̂h+1 − H − h

2
1
)

≤ max
h,s,a

|rhsa − r̂hsa | + ‖Phsa·‖1‖vh+1 − v̂h+1‖∞ + ‖Phsa· − P̂hsa·‖1
∥
∥
∥
∥v̂h+1 − H − h

2
1

∥
∥
∥
∥∞

≤ cη

cπ (1 − cη)
+

√
log(8H |S||A|/δ)

2Nspl
+ ‖vh+1 − v̂h+1‖∞+

H − h

2
·
(

2cη

cπ (1 − cη)
+ 2

√
Nnb log 2 + log(4H |S||A|/δ)

2Nspl

)

≤ ‖vh+1 − v̂h+1‖∞ + cη

cπ (1 − cη)
(H − h + 1)

+
√
log(8H |S||A|/δ)

2Nspl
+ (H − h)

√
Nnb log 2 + log(4H |S||A|/δ)

2Nspl
,

(32)

where we have used the direct upper bound vh ≤ (H − h + 1) and the inequalities (23) and
(24). By symmetry,

v̂hs − vhs ≤ max
h,s,a

|r̂hsa − rhsa | + ‖P̂hsâ·‖1‖v̂h+1 − vh+1‖∞

+ ‖P̂hsâ· − Phsâ·‖1‖vh+1 − H − h

2
1‖∞

≤ ‖v̂h+1 − vh+1‖∞ + cη

cπ (1 − cη)
(H − h + 1) +

√
log(8H |S||A|/δ)

2Nspl

+ (H − h)

√
Nnb log 2 + log(4H |S||A|/δ)

2Nspl
.

As a result,

‖vh − v̂h‖∞ ≤ ‖vh+1 − v̂h+1‖∞ + cη

cπ (1 − cη)
(H − h + 1) +

√
log(8H |S||A|/δ)

2Nspl

+ (H − h)

√
Nnb log 2 + log(4H |S||A|/δ)

2Nspl
.

Finally, summing over h proves (30).
Using this inequality, we know that with probability at least 1 − δ,

‖vπ�

h − vπ̂�

h ‖ ≤ ‖vπ�

h − v̂π̂�

h ‖ + ‖v̂π̂�

h − vπ̂�

h ‖. (33)
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Fig. 2 The relative errors of the value functions in the finite-sample case. The blue and orange curves show
the error as a function of Nspl. The shaded area around them indicates the standard deviation calculated
from 10 randomly generated offline datasets. The logarithmic scale is used for both axes. Here Err1 =
‖v̂π̂� − vπ�‖/‖vπ�‖ and Err2 = ‖vπ̂� − vπ�‖/‖vπ�‖, where ‖ · ‖ is the infinity norm. Both errors decrease
when Nspl increases, where the trend coincides with the results from Theorem 6 and Theorem 8 (Color figure
online)

Using the derivation of (32) with a replaced by â, with probability at least 1 − δ

|vhs − v̂hs | = |rhsâ + Phsâ·vh+1 − r̂hsâ − P̂hsâ·v̂h+1|,
≤ ‖vh+1 − v̂h+1‖∞ + cη

cπ (1 − cη)
(H − h + 1)

+
√
log(8H |S||A|/δ)

2Nspl
+ (H − h)

√
Nnb log 2 + log(4H |S||A|/δ)

2Nspl
,

where we drop the superscripts for simplicity. By applying the union bound and combining
with (33), we obtain (31) with probability at least 1 − 2δ. ��

4.3 Numerical Results

The first example considers the infinite-horizon problem with finite samples. The behavior
policy is a uniform policy, and the model is estimated from the offline dataset from the same
MDP used in Sect. 3.3. The reference solution is also computed with the policy gradient
method as in Sect. 3.3. The action noise tensor η is also randomly generated such that the
assumptions of Lemma 1 are satisfied with the action noise level cη = 0.01. From the model
description, Nnb = 20, which is significantly smaller than |S| = 500, justifying the necessity
of the improvement in Lemma 5 over the original result in [12]. Figure2(a) presents the
convergence of the two relative value function errors as a function of Nspl, with the standard
deviation (shownby the shaded area around the curve) calculated from10 randomly generated
datasets. When the number of samples is relatively smaller, the error is significantly larger
than the one obtained by the infinite sample limit model, i.e., the statistical error dominates
the action noise error. When the number of samples increases, both types of error decrease
to the same level as the infinite-sample error.

The second example considers the finite-horizon case. Similar to the first example, we
adopt the MDP in Sect. 3.3. We also use the linear programming method to compute the
reference solutions. The action noise tensor η is also randomly generated with cη = 0.01.
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Figure2b show in the logarithmic scale that Err1 and Err2 decrease monotonically with
respect to Nspl, verifying the theoretical results of Theorems 6 and 8.

5 Conclusion and Discussion

This paper focused on the offline model-based RL with action noise in the tabular setting. As
mentioned in Sect. 1.2, the application of RL algorithms in real-world problems is hindered
by three components simultaneously, namely the statistical error caused by the finite size
of the samples, the distributional shift caused by the difference between the behavior policy
and the optimal policy, and the pollution in action information. The statistical error and
the distributional shift have been extensively studied in the RL literature. In this work, we
emphasize the analyses of the action noise. We first analyzed the infinite-sample case and
illustrated that the combined effect of the distributional shift and the action noise can be
captured by the term cη

cπ (1−cη)
, and then move on to the finite-sample case with an additional

statistical estimation error. In both cases, the error bounds of the estimated model and the
value function are derived. The error estimations are also verified with numerical examples.

For the theoretical analysis, we have shown that the action noise interacts with the dis-
tributional shift via the term cη/cπ , while the error caused by a finite sample size is added
as an orthogonal component in the error. An interesting direction is to explore more sophis-
ticated ways to integrate these three sources of error (for example, one can potentially use
the techniques in [20, 21]). In our theoretical analyses, our prior knowledge of the dataset
is represented by the misclassification tensor η. In practice, the parameter η can often be
estimated depending on the specific context. For example, in robotic datasets, discrepan-
cies between the intended actions and those actually executed by the robots may arise due
to malfunctions of devices. In such cases, η could potentially be estimated using the error
rate of the device responsible for executing the actions. Similarly, in medical or biological
datasets, action misspecification can occur due to different definitions of treatments, which
is particularly relevant when data from one institution (e.g., institution A) are used in a study
conducted by another institution (e.g., institution B). In these scenarios, η could be estimated
by comparing the different treatment definitions.

Different kinds of pessimism techniques can be used to derive novel algorithms for coping
with action noise as well. There are several potential ways to incorporate the uncertainty in
the model caused by action noise into the design of pessimism schemes. For example, one
can include an additional term in the bonus function used in MILO [4] or in the constraint
bound in [34]. One can also introduce a perturbed reward as in [21] or a Bernstein-style
confidence penalty as in [20]. Another possibility is to use the analysis presented in Sect. 3 to
derive a bound for the MOReL algorithm [14]. We expect that with a few necessary changes,
most of the analyses in these papers will continue to hold.

It is also natural to extend the study of action noise to the continuous action setting.
With additional assumptions such as the locality or sparsity of the action noise, similar error
bounds can be derived for several continuous models, such as the linear model, the kernelized
nonlinear regulator (KNR), etc.
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