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Abstract
We introduce missingness-MDPs (miss-MDPs), a
novel subclass of partially observable Markov de-
cision processes (POMDPs) that incorporates the
theory of missing data. A miss-MDP is a POMDP
whose observation function is a missingness func-
tion, specifying the probability that individual state
features are missing (i.e., unobserved) at a time step.
The literature distinguishes three canonical miss-
ingness types: (1) missing completely at random
(MCAR), (2) missing at random (MAR), and (3)
missing not at random (MNAR). The problem is to
compute near-optimal policies for a miss-MDP with
unknown missingness function, given a dataset of
action-observation histories. Achieving such opti-
mality guarantees for policies requires learning the
missingness function from data, which is infeasible
for general POMDPs. To overcome this challenge,
we exploit structural properties of different missing-
ness types to derive probably approximately correct
(PAC) algorithms that learn the missingness func-
tion. These algorithms yield an approximate, fully
specified, miss-MDP that we solve using off-the-
shelf planning methods. We prove that, with high
probability, the resulting policies are ε-optimal in
the true miss-MDP. Empirical results confirm the
theory and demonstrate the superior performance of
our approach over two model-free methods.

1 Introduction
Markov decision processes (MDPs) [Puterman, 1994] capture
sequential decision-making under uncertainty. A typical as-
sumption is that all state features are fully observable at all
times. In practice, however, features may be missing, e.g. due
to sensor failures, so decisions must be made from incomplete
information. For instance, a medical doctor may diagnose a
patient based on recorded measurements such as heart rate and
temperature that are potentially incomplete.

Our problem is to compute optimal policies for MDPs with
dynamically missing state features. While the MDP struc-
ture and historical data are given, the process governing miss-

ingness is unknown. Partially observable Markov decision
processes (POMDPs) [Åström, 1965] naturally capture this
setting, with an observation function specifying the proba-
bility of receiving partial state information, of which miss-
ing features are a special case. However, the observation
function is unknown and must, in principle, be learned from
action–observation histories. Yet, learning the observation
function of a POMDP is notoriously challenging: In general,
it is unidentifiable from histories alone [Allman et al., 2009;
Finesso, 1990; Gilbert, 1959; Tune et al., 2013], and even with-
out requiring identifiability (i.e. merely seeking a model con-
sistent with the data), learning remains both statistically [Kr-
ishnamurthy et al., 2016; Xiong et al., 2022; Golowich et
al., 2022] and computationally intractable [Terwijn, 2002;
Mossel and Roch, 2005].

Our core contribution is exploiting the theory of missing
data [Schafer and Graham, 2002; Buuren, 2018; Little and
Rubin, 2019] to define suitable identifiability assumptions for
POMDPs. We introduce missingness-MDPs (miss-MDPs) as
a proper subclass of POMDPs. In miss-MDPs, the observation
function is a missingness function that generates either perfect
or missing information for each state feature. We classify
this function as missing completely at random (MCAR), miss-
ing at random (MAR), or missing not at random (MNAR),
following Rubin [1976], detailed in Section 4.

We refine our problem statement: Given a miss-MDP with
an unknown missingness function and a dataset of action-
observation histories, the goal is to compute a policy that
maximizes the expected discounted reward. We assume that
the underlying MDP and, thus, the transition function are
known. In the doctor-patient example, the transition function
captures changes in the patient’s health status [Komorowski et
al., 2018]; see Figure 1. Similarly, in a robot navigation task,
the probability of transitioning to a subsequent state may be
known, while sensor failures can still introduce missingness
and, therefore, partial observability. To obtain guarantees on
the result, we approximate the unknown missingness function
from the dataset, and thereby the original miss-MDP. For this
approximate miss-MDP, we compute a near-optimal policy
through off-the-shelf POMDP solvers such as SARSOP [Kur-
niawati et al., 2008]. Missingness functions are not learnable
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Figure 1: A doctor-treating-patient example (blue annotations) of an agent interacting with a miss-MDP. The missingness function causes the
heart rate feature of the state to go missing, indicated as ⊥. The missingness indicator evaluates to 0 for missing features and to 1 otherwise.

in general [Bhattacharya et al., 2019], yet, we identify and
focus on missingness functions that are tractable to learn.

In summary, our contributions are:
1. We introduce miss-MDPs, which integrate and define

the semantics of missing data in a proper subclass of the
more general POMDP framework (Section 4).

2. We prove that state beliefs do not always depend on the
missingness function’s probabilities (Remark 2), similar
to ignorability of missing data [Little and Rubin, 2019].

3. We present probably approximately correct (PAC) learn-
ing algorithms for tractable subclasses of the three miss-
ingness types (Sections 5.1 and 5.2).

4. We prove that by using these algorithms, we approximate
the ε-optimal policy for the miss-MDP under the correct
assumption on the missingness function (Section 5.3).

Our empirical evaluation (Section 6) confirms our theoretical
results and highlights the practical advantages of our approach:
(1) For datasets of moderate size to learn the missingness
function, the performance of the resulting policies converges
to that of the optimal policy; and (2) our policies show superior
performance in comparison to POMCP [Silver and Veness,
2010] and PPO [Schulman et al., 2017], which use the direct
POMDP formulation of the missingness problem. We provide
all proofs and reproducibility details of our experiments in an
extended version of this paper [Wendland et al., 2026].

2 Related Work
We discuss literature on missing data, sequential decision-
making, and reinforcement learning (RL).

We build on a rich body of works in missing data analy-
sis, see e.g. [Tsiatis, 2006; Little and Rubin, 2019] where
classical assumptions such as MCAR, MAR, and MNAR
provide high-level categories. More refined tools, such as
missingness graphs, allow one to encode assumptions about
the missingness in a structured way [Mohan et al., 2013;
Shpitser et al., 2015], leading to highly specific learnabil-
ity results [Bhattacharya et al., 2019; Nabi et al., 2020]. Our
setting departs from the standard missing-data paradigm in

several important respects. In particular, the concept of miss-
ingness is embedded in the setting of solving POMDPs, en-
abling a more principled understanding of missingness in
the context of sequential decision-making under uncertainty.
Classical missing data approaches [Dempster et al., 1977;
Van den Broeck et al., 2015] are interested in the parame-
ters of the state distribution, as if there were no missingness
(referred to as “full-data distribution”). In contrast, we are
interested in finding the optimal policy under missingness. Ex-
isting methods that estimate the states given the observations
– such as imputation – do not estimate the target distribution
necessary for planning under uncertainty (see Remark 1 for
details).

Prior work on MDPs with missing observations has fo-
cused mainly on RL, where missing data is treated as in-
cidental rather than explicitly modeled. Both, full obser-
vations [Chen et al., 2023] and individual features may be
missing [Shim et al., 2018; Yoon et al., 2019; Böck et al.,
2022]. Some approaches pre-process missingness in ob-
servations for RL agents [Wang et al., 2019], while oth-
ers adopt model-based methods, often restricted to simpler
settings such as MCAR [Futoma et al., 2020]. Planning
approaches typically neglect distinctions between MCAR,
MAR, and MNAR [Liu et al., 2022; Yamaguchi et al., 2020;
Futoma et al., 2020]. Other works combine deep learning with
POMDP solvers, but without explicitly modeling the miss-
ingness process [Liu et al., 2022]. Some approaches include
imputation strategies such as Bayesian multiple imputation [Li-
zotte et al., 2008] and expectation-maximization [Yamaguchi
et al., 2020].

Complementary research establishes PAC guarantees for
RL in POMDPs with unknown observation functions [Kr-
ishnamurthy et al., 2016; Guo et al., 2016; Uehara et al.,
2023]. These methods impose structural conditions on
the underlying POMDP, such as full-column-rank transition
or observation matrices [Guo et al., 2016; Uehara et al.,
2023], deterministic transitions [Krishnamurthy et al., 2016;
Uehara et al., 2023], optimality of memoryless policies [Kr-
ishnamurthy et al., 2016], or reachability of every state within
a few steps [Guo et al., 2016]. We make no such assumptions
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on the transition dynamics: Miss-MDPs violate the full-rank
condition for observations, since missing features can cause
distinct states to yield identical observation distributions.

To summarize: Our approach directly learns the missingness
function and provides PAC guarantees on the resulting policy.
To our knowledge, no existing work bridges missingness and
POMDPs to (1) learn the missingness function with statistical
guarantees, and (2) leverage it to guarantee the optimality of
the resulting policies.

3 Preliminaries
A probability distribution over a finite set X is a function
µ : X → [0, 1] with

∑
x∈X µ(x) = 1. The set of such distri-

butions is ∆(X). Writing µ = {x1 7→ p1, . . . , xk 7→ pk} in-
dicates that µ(x1) = p1 and so on. The support of distribution
µ ∈ ∆(X) is supp(µ) = {x ∈ X | µ(x) ̸= 0}. Sampling
a random variable x from µ is denoted by x ∼ µ. Given
σ : X → ∆(Y ), we let σ(y | x) := σ(x)(y). The indicator
function 1φ returns 1 if predicate φ holds and 0 otherwise.

Definition 1 (POMDPs). A partially observable Markov de-
cision process is a tuple P = (S,A, T, b0, ϱ, Z,O, γ) with
finite factored state space S = ×i=1,...,n Si and the set of
feature indices I = {1, . . . , n}, finite action space A, tran-
sition function T : S × A → ∆(S), initial state distribution
b0 ∈ ∆(S), reward function ϱ : S × A → R, finite factored
observation space Z = ×i=1,...,mZi, observation function
O : S → ∆(Z), and discount factor γ ∈ [0, 1).

The observation function is action-independent without loss
of generality, as we may augment the state space to incorporate
the last performed action [Chatterjee et al., 2016].

A trajectory in a POMDP P is a sequence of states, observa-
tions, and actions. A history h =

(
z(0), a(0), z(1), a(1), . . .

)
∈

H ⊆ (Z×A)∗ is the observable fragment of a trajectory, i.e., a
sequence of observations and actions. A history can be summa-
rized by a sufficient statistic known as a belief b ∈ B ⊆ ∆(S),
a probability distribution over underlying states induced by
a history h ∈ H. The belief update τ : B × A × Z → B
computes a successor belief b′ via Bayes’ rule [Spaan, 2012].

A policy π : B → ∆(A) ∈ Π maps beliefs to probability
distributions over actions. The objective is to find a policy
π ∈ Π that maximizes its value, representing the infinite-
horizon expected cumulative discounted reward: VP(π) =
Eπ

[∑∞
t=0 γ

tϱ(s(t), a(t))
]
. As the decision problem of find-

ing the optimal policy is undecidable in general [Madani et
al., 2003], we focus on ε-optimal policies [Hauskrecht, 2000].

4 Missingness in MDPs
We introduce missingness-MDPs (miss-MDPs), the different
types of missingness functions and ways to visualize them.

Definition 2 (Miss-MDP). A missingness-MDP is a tuple
P = (S,A, T, b0, ϱ, Z,M, γ), where S, A, T , b0, ϱ, and γ are
as in a POMDP, the finite observation space is Z = ×i∈I(Si∪
{⊥}), with ⊥ denoting missing information, and function
M : S → ∆(Z) is the missingness function such that ∀s ∈
S, ∀z ∈ supp(M(s)), ∀i ∈ I either zi = si or zi = ⊥.

The state space S and observation space Z share the feature
indices I , and we have that Z ⊋ S as some features can go
missing in Z, being replaced by the symbol ⊥. This process
of “poking holes” is governed by the stochastic missingness
function M . While M may take actions into account, we use
an action-independent M w.l.o.g (see Section 3).
Missingness indicators. Missingness functions can equiv-
alently be described as a map to vectors of missingness in-
dicators [Mohan et al., 2013], i.e. M : S → ∆(R), where
R = {0, 1}n. A vector r ∈ R has ri = 0 if feature i is miss-
ing (zi = ⊥), and otherwise ri = 1. The function fR : Z → R
maps observations to their missingness indicators.
Example 1. Let P be a miss-MDP with S = {x, y}2,
Z = {x, y,⊥}2, and missingness function M defined as:
M((s1, s2)) = {(s1, s2) 7→ 0.5, (s1,⊥) 7→ 0.5}. We have
fR((y, x)) = (1, 1) and fR((y,⊥)) = (1, 0). Visiting state
(y, x) yields either (y, x) or (y,⊥), each with probability 0.5.

Problem statement. We are given a miss-MDP P with
an unknown missingness function M , a required preci-
sion ε > 0 and confidence threshold δ > 0, and a dataset
D = (h1, . . . , hk) of k histories hi ∈ H collected from
P under an unknown but fair policy πb (i.e. it has positive
probability to visit all reachable states). The goal is to
(1) approximate the missingness function M̂ ≈ M for
all reachable states and (2) use it to compute a policy
π∗ ∈ Π such that with probability at least δ, we have
(supπ VP(π))− VP(π

∗) ≤ ε.

The resulting policy π∗ comes with a PAC guarantee [Valiant,
1984; Ashok et al., 2019]: In finite time and with probability
at least δ, we return a policy that is ε-optimal.
Advantages of miss-MDPs over POMDPs. For computing
ε-optimal policies in POMDPs, knowledge of the observa-
tion function is required. However, for arbitrary POMDPs,
learning the observation function from a dataset of histories
is impossible [Gilbert, 1959; Tune et al., 2013]. In contrast,
miss-MDPs exhibit structure in the missingness function M
that, for certain types of missingness function, allows for learn-
ing M from histories (see also the paragraph “Missingness
types in focus” in Section 5). Consequently, miss-MDPs are a
proper and more feasible subclass of POMDPs.

4.1 Types of Missingness Functions
There are three major types of missingness functions [Rubin,
1976]: missing completely at random (MCAR), missing at
random (MAR) and missing not at random (MNAR). We
define these in the context of miss-MDPs. This way, we
connect the theory of missing data to POMDPs, which allows
us to identify cases in which M can be learned from histories.

The simplest type is MCAR, where the probability of fea-
tures going missing is independent of the feature values of
the state. In the doctor-diagnosing example (Figure 1), the
temperature feature may be missing due to a loosely attached
thermometer. The miss-MDP in Example 1 is MCAR.
Definition 3 (MCAR). The missingness function M : S →
∆(Z) of a miss-MDP P is MCAR if and only if ∀r ∈ R,
∃pr ∈ [0, 1], ∀s ∈ S, P (fR(z) = r | z ∼ M(s)) = pr.
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Admittability and Ialways. We introduce a notion of admitta-
bility that indicates whether an observation z could originate
from a state s. We say that z is admittable by s, denoted
z ⪯ s, if and only if ∀i ∈ I , zi = ⊥ or zi = si. In Ex-
ample 1, we have (y,⊥) ⪯ (y, x) and (y, x) ⪯ (y, x) but
(x,⊥) ⪯̸ (y, x). Further, Ialways = {i ∈ I | ∀s′ ∈ S : P(zi =
⊥ | z ∼ M(s′)) = 0} ⊆ I is the set of indices of always
observed features, and Imis = I \ Ialways is its complement.

Missingness probabilities in MAR depend only on observed
state features – in the example of Figure 1, the observed tem-
perature influences the missingness of the heart rate feature.
We distinguish two MAR variants: a restricted one we call sim-
ple MAR [Mohan and Pearl, 2021], and the general one [Rubin,
1976]. For simple MAR, a missingness probability is only in-
fluenced by the observable features that never go missing, i.e.,
by zi for i ∈ Ialways. For MAR, a missingness probability is
only influenced by the non-missing features of a given obser-
vation, including features that may go missing. Any MCAR
missingness function is also (simple) MAR.
Definition 4 ((Simple) MAR). The missingness function
M : S → ∆(Z) of a miss-MDP P is:
• Simple MAR if and only if for all s, s′ ∈S that

agree on always-observed features (i.e. ∀i∈ Ialways,
si = s′i), the missingness probability is the same
for all missingness indicators r∈R, formally:
P(fR(z)=r |z∼M(s))=P(fR(z′)=r |z′∼M(s′)).

• MAR if and only if for all s, s′ ∈ S and z ∈ Z, if z ⪯ s, s′,
the probability of its indicator r := fR(z) is equal for states
s and s′: P(fR(z′) = r | z′ ∼ M(s)) = P(fR(z′′) = r |
z′′ ∼ M(s′)).

Example 2. We redefine M in the miss-MDP from Exam-
ple 1 to be simple MAR: M((s1, x)) = {(s1, x) 7→ 1}, and
M((s1, y)) = {(s1, y) 7→ 0.5, (⊥, y) 7→ 0.5}. Here, the
missingness probability of feature 1 depends on the always
observed value of feature 2. As an example of MAR, which
is not simple MAR, consider: M((s1, x)) = {(s1, x) 7→
0.5, (⊥,⊥) 7→ 0.5}, and M((s1, y)) = {(s1, y) 7→
0.25, (⊥, y) 7→ 0.25, (⊥,⊥) 7→ 0.5}. Here, feature 2 may
go missing as well. The missingness probability of feature 1
depends on the value of feature 2, only when it is observed!
Definition 5 (MNAR). The missingness function M of a
miss-MDP P is MNAR if and only if it is not MAR.

For MNAR, missingness probabilities may depend on the
values of missing features – e.g., in Figure 1 the tempera-
ture feature influences its own missingness. In particular, in
self-censoring missingness functions, a feature’s missingness
probability depends on its own value.
Example 3. We adapt Example 1 to make M MNAR and
self-censoring for feature 2: M((s1, x)) = {(s1, x) 7→
0.5, (s1,⊥) 7→ 0.5} and M((s1, y)) = {(s1, y) 7→
0.1, (s1,⊥) 7→ 0.9}.

4.2 Missingness Graphs
Missingness graphs (m-graphs) visualize the dependencies of
missingness functions. We adopt the definition from Mohan
and Pearl [2021] for our miss-MDP framework. An m-graph
is a causal diagram [Pearl, 1995] in the form of a directed

S1 S2

R1 R2

Z2
Obser-
vation

MCAR

S1 S2

R1

Z1 Z2

(simple)  MAR

S1 S2

R1 R2

Z1 Z2

MNAR

Z1

Mis.
Indicator

Feature

Figure 2: Example missingness graphs visualizing relations between
miss-MDP elements for the three types of missingness functions.

acyclic graph. Its vertices correspond to variables, and the
edges correspond to the relationships between the variables.

Vertices are grouped into three categories: S –nodes rep-
resent features of the state space, Z –nodes represent the
observation features, and R –nodes represent the missingness
indicators.1 We omit the R –nodes for always observed fea-
tures. Arrows between nodes represent a causal relationship:
The parent node is a direct cause of the child node. The ab-
sence of an edge intuitively indicates that two variables do
not directly influence each other; formally, it means they are
conditionally independent, given other variables in the graph,
according to the d-separation criteria [Pearl, 2009].

Visualizing types of missingness. Figure 2 uses m-graphs
to illustrate the conditional independence assumptions of dif-
ferent types of missingness functions. For MCAR, both
R –nodes are purely stochastic, having no incoming arrows

and thus not depending on any feature value. For (simple)
MAR, there are two changes: Feature S2 is always observable
(R2 is absent), and it affects missingness indicator R1 (red
arrow). For MNAR, S2 can go missing, so R1 depends on
information that can go missing. Note that m-graphs cannot
represent context-specific independence assumptions, which
are needed to, e.g., represent non-simple MAR functions such
as the one in Example 2; but the missingness functions we
focus on may all be represented by m-graphs. We provide the
corresponding m-graphs for all experiments in [Wendland et
al., 2026, Appendix D].

5 Approximating Missingness-MDPs
Our goal is to compute ε-optimal policies for miss-MDPs with
an unknown M . For this, we first compute an approximation
M̂ ≈ M from the given dataset D of histories. This yields an
approximated, but fully specified miss-MDP P̂, which can be
solved using any off-the-shelf POMDP solver. Recall that in
general, it’s impossible to approximate unknown observation
functions in POMDPs. Thus, we identify miss-MDPs where
approximating M with guarantees is possible.

Missingness types in focus. A necessary condition is that
the missingness function can be approximated solely from ob-
servations, a property that missing data literature calls identifi-

1We exclude the set of unobserved features U used in Mohan and
Pearl [2021], as in our setting U = ∅, since M depends on states.
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ability [Bhattacharya et al., 2019]. Establishing new identifia-
bility results is not the focus of this paper. Instead, we provide
PAC guarantees for types that are known to be identifiable.
Thus, we focus on missingness functions of type (1) MCAR,
(2) simple MAR and (3) non-self-censoring MNAR with in-
dependent missingness indicators. Additionally, in Section 6,
we experiment on non-identifiable MNAR.

Outline. Remark 1 explains the necessity of approximating
the missingness function for planning in miss-MDPs and why
we do not use imputation methods. Remark 2 presents an
interesting insight orthogonal to our problem: For maintaining
a belief during policy execution, certain types of missingness
can in fact be ignored. Sections 5.1 and 5.2 describe our al-
gorithms for approximating missingness functions. Both are
structured as follows: First state assumptions, define how to
compute M̂ , prove that the approximation is probably approx-
imately correct, and explain how to utilize additional knowl-
edge on the missingness function to reduce sample complexity.
Section 5.3 uses these algorithms to compute near-optimal
policies by means of the approximated missingness functions.

Remark 1 (Why estimate the missingness function?). In the
missing data literature, imputation methods [Dempster et al.,
1977; Van den Broeck et al., 2015] recover P(s | z), the con-
ditional distribution of the state given the observation. Using
this distribution, one can infer a distribution over the states
to mitigate missingness. This quantity does not suffice for
planning under partial observability. We require the reverse:
P(z | s), the missingness function M , which specifies the like-
lihood of each observation given the underlying state. While
the two conditional distributions are related by Bayes’ rule,
leveraging imputation methods would require estimating both
marginal distributions P(s) and P(z). However, our methods
require to compute belief updates which in turn requires M :
the belief transition P(b′ | b, a) for a belief b(s) over states
depends on P(z | s). Further, belief-based planning methods
such as SARSOP [Kurniawati et al., 2008] also require the
missingness function to maintain and update beliefs.

Remark 2 (Ignorability). Missing data literature defines ig-
norability as cases where any quantity of interest can be con-
sistently estimated from observations alone, and it is not neces-
sary to model the missingness process [Little and Rubin, 2019].
This holds under MCAR, and also under MAR, whenever the
quantity depends only on the observed features. We identify
a similar notion of ignorability for miss-MDPs: If the miss-
ingness function M is MAR (and therefore including MCAR),
then belief updates can be computed without knowledge of
the precise probabilities of M , since these cancel out in Bayes’
rule; see [Wendland et al., 2026, Appendix B] for a formal
proof. Thus, MAR missingness is ignorable for maintaining a
belief when executing a policy in a miss-MDP. However, we
stress that the missingness function remains a requirement for
computing belief-based policies, see Remark 1.

Occurrence counts. Both algorithms extract the num-
ber of occurrences of every observation using the dataset
D = (h1, . . . , hk) of k histories hi ∈ H. For each
hi =

(
z(0), a(0), . . . , z(l), a(l)

)
, we denote the j-th observa-

tion z(j) by h
(j)
i . The number of occurrences of an observation

z ∈ Z is: #D(z) =
∑k

i=1

∑|hi|
j=0 1

h
(j)
i =z

. To lift occurrences

for a set Z ′ ⊆ Z, we define #D
(
Z ′) = ∑

z∈Z′ #D(z).

5.1 Approximating M for MCAR and Simple MAR
If a missingness function is of type simple MAR, we can
approximate it using the approximation for simple MAR al-
gorithm, AsMAR. The modifications to obtain the algorithm
for the more restricted MCAR-type functions, AMCAR, are
described at the end of the section.
Always-observed features. Based on the dataset D,
we partition the feature indices I into those that
are always observed and those that can go missing:
Îalways = {i ∈ I | #D({z ∈ Z | zi = ⊥}) = 0} and Îmis = I\
Îalways, respectively. Note, this partitioning is based on empiri-
cal data (Îalways ⊇ Ialways) and we might misclassify a feature
index to be in Îalways even though it can go missing.

Computing M̂ . We use the fact that M can be seen as a
mapping S → ∆(R) (see paragraph “Missingness indica-
tors”, Section 4). Consequently, for every state, we want to
approximate the probability of a certain vector of missingness
indicators. The simple MAR assumption tells us that the prob-
abilities may only depend on the features in Îalways, meaning
that M(z | s) = M(z | s′) when si = s′i for the always ob-
served features i ∈ Ialways. Thus, for all possible values of the
always-observable features of a state s ∈ S and missingness
indicator vector r ∈ R, we can compute the occurrence count
#D(s, r) = #D (Zr

s ) , where

Zr
s =

{
z ∈ Z

∣∣∣∣ ∀i ∈ I :
(i ∈ Îalways =⇒ zi = si)
and(ri = 0 =⇒ zi = ⊥)

}
.

Using #D(s, r), we obtain M̂(z | s) as the fraction of observ-
ing (s, fR(z)) and the sum of counts for s and all possible
missingness indicators values:

M̂(z | s) = #D(s, fR(z))∑
r∈R #D(s, r)

. (1)

Probably approximately correct. With enough data, our
approach yields an arbitrarily precise approximation of the
true missingness function. We formalize this in Theorem 1 as
a PAC guarantee, not only proving that it becomes ε-precise
for every ε > 0, but that we can also bound the probability
of an error (through unlucky sampling). Additionally, we can
adapt the claim to bound the imprecision of the resulting M̂
for a given dataset. The proof is provided in [Wendland et al.,
2026, Appendix C.2].
Theorem 1 (PAC guarantee for AsMAR). Let P be a miss-
MDP with a simple MAR missingness function. For every
precision ε and confidence threshold δ, there exists a number
n∗, such that every dataset D of n∗ histories satisfies the
following: With probability at least δ, for M̂ computed on
D according to Equation (1), for all reachable states s ∈ S
and observations z ∈ Z, we have |M̂(z | s)−M(z | s)| ≤ ε.
The number n∗ is polynomial in 1/ε, 1/δ, and the size of
the miss-MDP (in particular the smallest probability m to
visit a state under the sampling policy). Dually, for a dataset
D and confidence threshold δ, there exists an ε such that
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with probability at least δ, for all reachable states s ∈ S
and observations z ∈ Z, we have the same inequality, i.e.
|M̂(z | s)−M(z | s)| ≤ ε.
Using additional assumptions on the missingness function.
Beyond the necessary simple MAR assumption, we can exploit
additional assumptions to improve the approximation of M for
the same D. Consider a feature i that is always observable, but
does not affect the missingness probability of other features.
We can exclude such i from Îalways, combining the occurrence
counts of states that differ only in this feature. Hence, if
we assume M to be MCAR, Îalways reduces to an empty set.
Consequently, we get that #D(s, r) is independent of s, and
we then only count occurrences of missingness indicators,
resulting in the algorithm AMCAR. We prove the correctness of
these improvements in [Wendland et al., 2026, Appendix C.2].
In Section 6, we empirically show the improved precision of
M̂ estimated from the same D with this approach.

5.2 Approximating M With Independent
Missingness Indicators

This section presents the approximation for independent miss-
ingness indicators algorithm, AIMI. It may be applied to M of
types MCAR, simple MAR as well as a subset of identifiable
MNAR which satisfy the following requirements:

1. Independence of missingness indicators: The fact that
one feature is missing must not influence the missingness-
probability of any other feature. Formally, for s ∈ S and
z ∈ Z, P(z | z ∼ M(s)) = Πi∈IP(zi | z ∼ M(s)).

2. No self-censoring: Intuitively, a feature may not in-
fluence its own missingness probabilities. Formally,
for all i ∈ I and every pair of states s, s′ ∈ S
that differ only in the i-th feature (si ̸= s′i, but
for all j ̸= i we have sj = s′j) we have
P(zi = ⊥ | z ∼ M(s)) = P(zi = ⊥ | z ∼ M(s′)).

3. Positivity: Intuitively, if a feature affects the missing-
ness probabilities of other features, we need to observe
its value to learn the missingness probabilities. How-
ever, this is impossible if it always misses. There-
fore, we require a positivity assumption [Hernán and
Robins, 2020]: For all i ∈ I and s ∈ S, we have
P(zi ̸= ⊥ | z ∼ M(s)) > 0.

Computing M̂ . We compute the occurrence count for ev-
ery state s ∈ S, feature i ∈ I and value of a correspond-
ing i-th missingness indicator ri ∈ {0, 1} as #D(s, i, ri) =
#D(Z

i,ri
s ), where

Zi,ri
s =

{
z ∈ Z

∣∣∣∣ ∀j ∈ I \ {i} : (zj = sj) and
(ri = 0 ⇐⇒ zi = ⊥)

}
.

By positivity, a large enough dataset almost surely contains
observations to make the counters non-zero (i.e. for all s and
i, we have #D(s, i, 0) + #D(s, i, 1) > 0). The probability
of a non self-censoring feature i depends only on the other
features j ∈ I \ {i}. Finally, using the independence assump-
tion, we can infer M̂ by taking the product of the individual
missingness probabilities of all features.

M̂(z | s) =
∏
i∈I

#D(s, i, fR(z)i)

#D(s, i, 0) + #D(s, i, 1)
. (2)

Probably approximately correct. In [Wendland et al.,
2026, Appendix C.3], we prove Theorem 2 that provides the
same kind of guarantee as in Theorem 1; the only differences
are the assumptions on the missingness function and the ap-
proach for calculating M̂ .
Theorem 2 (PAC guarantee for AIMI). Let P be a miss-
MDP where the missingness function satisfies independence,
non-self-censoring, and positivity. Then, M̂ computed using
Equation (2) offers the same PAC guarantees as in Theorem 1.
Using additional assumptions on the missingness function.
In general, AIMI maintains a counter for every combination
of the feature valuations of other features j ∈ I \ {i}. If we
know that a certain feature j does not affect the missingness
probability of i – there is no edge between the j-th S -node
and the i-th R -node – we merge the counters for all values of
the j-th feature. This knowledge comes from (a) an m-graph,
(b) assuming simple MAR while observing feature j goes
missing in D, or (c) assuming MCAR, in which case we drop
the dependency on s in the counters. We prove in [Wendland
et al., 2026, Appendix C.3] that all these modifications retain
the PAC guarantees.

5.3 Computing a Policy With the Approximations
Here, we provide the final step of our problem statement:
computing a PAC policy from the approximated miss-MDP.
We show in [Wendland et al., 2026, Appendix C.4] that af-
ter finitely many samples, M̂ is accurate enough to yield an
ε-optimal policy. We highlight that learning M̂ to precision ε
is insufficient, as the errors in M̂ may aggregate when solving
the miss-MDP.
Theorem 3 (Computing ε-optimal Policies). Let P be a miss-
MDP with a missingness function that is simple MAR or that
satisfies independence, no self-censoring, and positivity. As-
sume we can sample histories collected under a fair policy,
and we know a lower bound on the smallest missingness prob-
ability p ≤ mins∈S,z∈Z M(z | s). Then, for every given
precision ε and confidence threshold δ, by sampling a number
of histories polynomial in ε, δ, and the size of the miss-MDP,
we can compute a policy π∗ such that with probability at least
δ it is ε-optimal, i.e. (supπ VP(π))− VP(π

∗) ≤ ε.
Practical considerations. Theorem 3 concerns asymptotic
convergence to an ε-optimal policy, providing the theoretical
foundation of our approach. In practice, the required number
of samples is very large, and we work with datasets that are not
necessarily sufficient to provide the ε-optimality guarantees.
Datasets of limited size may cause a practical problem: For
an observation z with #D(s, fR(z)) = 0, for any s ∈ S we
obtain M̂(z | s) = 0, leading to a division by zero for s
when performing the belief update τ . We circumvent this case
by setting #D,κ(s, r) = #D(s, r) + κ, i.e. we add a small
κ > 0 to every count. The influence of κ diminishes with an
increasing dataset size |D|.

6 Experiments
We conduct an experimental evaluation to test our theoretical
results and to compare our methods against several baselines.
We aim to answer the following questions:
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Figure 3: Left (and top): Empirical results for the ICU and Predator benchmarks, with average/worst TV (ATV/WTV) of M̂ and resulting
policy values VP(π). Values are normalized so that 1 corresponds to the optimal policy π∗ using the true M and 0 to the prior policy πprior.
Bottom right: Comparison of normalized values on ICUsMAR and PredatorsMAR between model-based and the model-free baseline methods.

Q1. Do our proposed learning algorithms adequately approxi-
mate the missingness function?

Q2. How do (in)correct assumptions on the missingness func-
tion affect the approximation?

Q3. With increasing dataset size, does the value of the policy
computed on the approximated miss-MDP converge to
that of the optimal policy on the true miss-MDP?

Q4. How does the value computed from the approximated
miss-MDP compare against model-free baselines?

Below, we first describe the experimental setup. Then, we
analyze the results in the order of the above questions.

Benchmarks. We consider two environments with varying
missingness types: ICU models a doctor treating a patient,
whose vital measurements are not always available [Johnson
et al., 2022], and in Predator, a variant of the Tag environ-
ment [Pineau et al., 2003], a predator chases a partially hidden
prey. For our benchmarks, we consider the following four
missingness types: (1) MCAR, (2) sMAR, a simple MAR func-
tion, (3) MNAR (id.), an identifiable MNAR function (fulfilling

the required assumptions of AIMI), and (4) MNAR (unid.),
an unidentifiable MNAR function with self-censoring. For
Predator and all missingness functions, the (x, y)-coordinates
of the prey always go missing jointly, i.e. the missingness
indicators are dependent; for ICU, the missingness indicators
are independent. ICU has 800 reachable states and Predator
up to 1311 [Wendland et al., 2026, Appendix D].

Setup. For a range of dataset sizes |D|, we col-
lect data using the uniform random policy πrand with
∀a ∈ A, πrand(a | ·) = 1/|A|, and compute the estimate M̂ ≈
M using our proposed algorithms: AMCAR, AsMAR, and
AIMI (Section 5). Each M̂ yields an approximated miss-MDP
P̂, for which we compute a policy π̂ using the POMDP solver
SARSOP [Kurniawati et al., 2008]. We consider the following
baselines: (1) optimal: the SARSOP policy π∗ computed for
the true M (the upper bound); (2) prior: the SARSOP policy
πprior with an uninformed prior of M , where each feature inde-
pendently goes missing with probability 0.5; (3) POMCP [Sil-
ver and Veness, 2010]: generating an online POMDP planning
policy πPOMCP; (4) PPO [Schulman et al., 2017]: the poli-
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cies πPPO+Memory and πPPO, with and without memory. We
group πPPO and πPOMCP as model-free baselines as they rely
solely on simulation access to the miss-MDP. We provide
more extensive details of the setup in [Wendland et al., 2026,
Appendix D]. Moreover, we publicly provide the code of our
implementation2. For further details on reproducibility, see
[Wendland et al., 2026, Appendix A].

Metrics. For every dataset size and method, we perform
20 independent runs and report the average together with the
interquartile range (shaded area) of the following metrics:

1. To empirically assess the quality of the approximation
M̂ compared to the true M , we compute the total varia-
tion (TV) of the distributions at a state s ∈ S as TV (s) =
1
2

∑
z⪯s

∣∣M̂(z | s)−M(z | s)
∣∣. We aggregate the TV

across states by the average TV (ATV): 1/|S|
∑

s TV (s),
and the worst TV (WTV): maxs TV (s).

2. We assess how the various π̂ produced by the algorithms
perform on the true miss-MDP P by comparing their
value VP(π̂) to VP(π

prior) and the optimum VP(π
∗). All

policy values are normalized s.t. 1 and 0 correspond to the
values of the optimum and prior baselines, respectively.

Results. The experimental results in Figure 3 (left, top)
present how the TV of the approximated missingness func-
tion M̂ and the value of the associated policy π̂ evolve with
dataset size |D|. Figure 3 (right) compares our algorithms
to several baselines for selected benchmarks. We report the
best baseline performance across multiple seeds. We provide
baseline results for all benchmarks as well as results for an
additional PredatorMNAR (unid.) benchmark in [Wendland et al.,
2026, Appendix D].

Q1: With sufficient data, our algorithms adequately ap-
proximate the missingness function. Under the appro-
priate missingness assumptions, each algorithm learns the
missingness function (bringing the TV near zero): AMCAR
learns the exact missingness function in PredatorMCAR within
100 observations. We observe similar results for AsMAR in
ICUsMAR and PredatorsMAR, and for AIMI in ICUMNAR (id.).

Q2: The assumptions on the missingness function signif-
icantly affect the quality of the approximation. Under
correct assumptions on the missingness function, the TVs of
the approximated M̂ approach zero (e.g. AIMI on ICUsMAR
and ICUMNAR (id.)). Further, relaxations on the missingness
(e.g. assuming MAR despite MCAR missingness) allows the
approximation of M , but may lead to significant data ineffi-
ciency (see AMCAR vs. AsMAR on PredatorMCAR). Breaking
the missingness assumptions results in converging to a poor
WTV (see AIMI on all Predator benchmarks).

Q3: Convergence to the optimal policy follows the qual-
ity of the approximation. With a sufficiently accurate
approximation of the missingness function, the values of our
method’s policies converge to the optimal policy’s π∗ val-
ues (e.g. AIMI on ICUsMAR and ICUMNAR (id.), AMCAR and
AsMAR on PredatorMCAR, AsMAR on PredatorsMAR). Despite

2https://github.com/ai-fm/missingness-mdps

the missingness of ICUMNAR (unid.) not adhering to the neces-
sary assumptions, AIMI approximates the relevant parts of M
well enough to yield a policy that is considerably close to π∗.
Q4: Baseline methods, including PPO and POMCP, are

not competitive. Figure 3 (right) compares our algorithms
to several baselines. Our algorithms, under correct missing-
ness assumptions (see AsMAR or AIMI for ICU, or AsMAR
for Predator), consistently outperform policies derived from
an uninformed prior over the missingness function (πprior).
Meanwhile, all model-free approaches—πPPO, πPPO+Memory,
and πPOMCP—significantly underperformed on both bench-
marks. We attribute this gap to two factors. First, model-free
methods solely access the transition function through simula-
tion. Second, in a separate experiment without missingness,
these methods successfully learned the optimal policy for
the fully observable MDP. This indicates that the poor per-
formance stems from these methods’ inability to effectively
handle the specific type of partial observability of miss-MDPs.
We attribute the better performance (compared to the random
policy πrand) of the model-free approaches in Predator, in
contrast to ICU, to the lower stochasticity of the underlying
transition function of Predator.

7 Conclusion
Miss-MDPs integrate the theory of missing data with decision-
making under uncertainty. From data generated by a miss-
MDP with known underlying MDP, we approximate the un-
known missingness function, which – under assumptions about
its type – enables the computation of ε-optimal policies. We
show that incorrect assumptions about the missingness type
may lead to misspecified models and suboptimal policies. Our
experiments support the theory and demonstrate the practi-
cal benefits of our approach, highlighting the superiority over
model-free baselines in our problem setting. Future work may
lift the assumption of a known transition function and extend
miss-MDPs to the more general setting of miss-POMDPs.
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[Böck et al., 2022] Markus Böck, Julien Malle, Daniel
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Češka, Henrik von Kleist, Thiago D. Simão, Maximilian
Weininger, and Nils Jansen. Missingness-MDPs: Bridg-
ing the theory of missing data and POMDPs. CoRR,
abs/2605.12262, 2026.

[Xiong et al., 2022] Yi Xiong, Ningyuan Chen, Xuefeng Gao,
and Xiang Zhou. Sublinear regret for learning POMDPs.
Production and Operations Management, 31(9):3491–
3504, 2022.

[Yamaguchi et al., 2020] Nobuhiko Yamaguchi, Osamu
Fukuda, and Hiroshi Okumura. Model-based reinforcement
learning with missing data. In CANDAR (Workshops),
pages 168–171, 2020.

[Yoon et al., 2019] Jinsung Yoon, James Jordon, and Mihaela
van der Schaar. ASAC: active sensing using actor-critic
models. In MLHC, volume 106 of Proceedings of Machine
Learning Research, pages 451–473. PMLR, 2019.

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T


	Introduction
	Related Work
	Preliminaries
	Missingness in MDPs
	Types of Missingness Functions
	Missingness Graphs

	Approximating Missingness-MDPs
	Approximating M for MCAR and Simple MAR
	Approximating M With Independent Missingness Indicators
	Computing a Policy With the Approximations

	Experiments
	Conclusion

