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ABSTRACT
Partially observable Markov decision processes (POMDPs) are a

principled planning model for sequential decision-making under

uncertainty. Yet, real-world problems with high-dimensional obser-

vations—such as camera images—remain intractable for traditional

belief- and filtering-based solvers. To tackle this problem, we intro-

duce the Perception-based Beliefs for POMDPs framework (PBP),
which complements such solvers with a perception model. This

model takes the form of an image classifier which maps visual ob-

servations to probability distributions over states. PBP incorporates
these distributions directly into belief updates, so the underlying

solver does not need to reason explicitly over high-dimensional

observation spaces. We show that the belief update of PBP coincides
with the standard belief update if the image classifier is exact. More-

over, to handle classifier imprecision, we incorporate uncertainty

quantification and introduce two methods to adjust the belief up-

date accordingly. We implement PBP using two traditional POMDP

solvers and empirically show that (1) it outperforms existing end-to-

end deep RL methods and (2) uncertainty quantification improves

robustness of PBP against visual corruption.
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1 INTRODUCTION
Partially observable Markov decision processes [POMDPs; 20] for-

malise sequential decision-making under uncertainty in partially ob-

servable settings [35, Chapter 16.4]. Many applications of POMDPs,

such as robotics and autonomous driving [2, 23], require reasoning
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Figure 1: A vision POMDP example: A car must determine
the presence of an ambulance using an audio sensor and the
traffic light’s color by interpreting camera images.

about observation spaces based on high-dimensional images. We

call such problems vision POMDPs [VPOMDPs; 5].

Example 1. Consider an autonomous vehicle that needs to de-

termine how to approach an intersection (Figure 1). Its goal is to

cross only if (1) the traffic light is green, and (2) no ambulance

approaches the junction. The vehicle is equipped with a camera

to detect the traffic light and an audio sensor to detect an ambu-

lance. Both sensors may provide imperfect information, e.g. due to

weather conditions, occlusion, or background noise. This problem

can be viewed as a POMDP, where states describe the location of

the car, the color of the traffic light, and the presence of an am-

bulance, and observations correspond to the sounds and camera

images. Modeling the observation function would require assigning

probabilities to every possible observation of the traffic light; in

particular, the image can be subject to various sources of visual
corruption, caused by weather conditions, occlusion, etc.

The main challenge in solving VPOMDPs are the massive spaces

of visual observations. End-to-end deep reinforcement learning (DRL)
methods, described in the related work below, may be able to deal

with such observations. However, DRL agents are often hard to

explain, do not exhibit any guarantees on their behavior, and their

performance is unpredictable. These drawbacks render them un-

suitable for safety-critical settings. In contrast, planning methods,

like SARSOP [24], POMCP [38], DESPOT [46], and AdaOPS [45],

often provide results that are easier to interpret, have guarantees

on optimality, and find better policies than end-to-end learning

approaches. However, these belief-based methods are restricted to
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smaller state- and action spaces and, in particular, currently cannot

deal with massive observation spaces. We address this research gap.

Our Contribution
Our approach. This paper presents the Perception-based Beliefs

for POMDPs framework (PBP) for solving VPOMDPs. The key idea

of our approach is separating interpretation of visual observations

from belief-based planning. More precisely, PBP uses a perception
model to map visual observations to probability distributions over

states. We use these probability distributions to perform an efficient

belief update without having to reason over the entire observation

space. This new belief update rule relies on structural assumptions

that naturally arise in many VPOMDP settings, see Section 3. PBP
can integrate this belief update into any belief-based POMDP solver,

allowing the resulting solver to scale to massive observation spaces.

Uncertainty quantification. Perception models are susceptible to

erroneous predictions, especially in the presence of visual corrup-

tion. To increase the robustness of PBP, we use uncertainty quan-
tification [10] to estimate the uncertainty of the perception model

about its prediction and introduce two methods to incorporate the

uncertainty into the decision-making process: The threshold-based
method discards predictions with high uncertainty during the be-

lief update. The weighting-based method adjusts the impact of the

perception on the belief update according to its uncertainty.

Empirical evaluation. To demonstrate the feasibility of our ap-

proach, we implement two instantiations of PBP using the classical

POMDP algorithms HSVI [39] and POMCP [38]. We evaluate both

variants on novel benchmarks that feature small state and action

spaces but complex visual observations. Our experiments confirm

that PBP operates as intended and can be effectively combined

with existing POMDP solvers. In particular, PBPwith HSVI achieves
competitive performance compared to state-of-the-art VPOMDP

solvers, especially under visually corrupted image observations.

In summary, our main contributions are:

• We introduce a novel method of performing a belief update
in POMDPs using predictions from a perception model.

• We use uncertainty quantification to make this update

more robust against visual corruption.

• We introduce the PBP framework, which allows integrating

our belief update into existing POMDP solvers, and empiri-

cally show this approach is competitive with prior work.

Related Work
Discretization.Many methods combine standard algorithms with

discretizing the observation space, such as POMCPOW [43] and

DESPOT-𝛼 [11] (which both use progressive widening [3]), or the

dynamic methods of Hoey and Poupart [17]. However, finding a

discretization with small information loss is challenging for images.

Monte Carlo methods.Methods based on particle filters, such as

AdaOPS [45], LABECOP [18], SPARSE-PFT [27], and BetaZero [30]

use Monte-Carlo sampling to avoid reasoning over the full obser-

vation space. However, such methods still require full knowledge

of the observation function to update the particle filter, which is

unrealistic for VPOMDPs.

End-to-end deep RL. Deep reinforcement learning methods often

transform visual observations into latent representations via, e.g.,

convolutional layers (such as in [16]), variational auto encoders

(such as in [15]), or transformers (as discussed in Ni et al. [31]).

Other deep reinforcement learning methods aim to learn state esti-

mation by learning components of a particle filter through neural

networks [29], by learning components of the belief update through

variational autoencoders [19]. These methods are trained end-to-

end, which means the network needs to synchronously learn a

policy and corresponding latent representation or state estima-

tion. This is often computationally- and data-inefficient, and makes

methods hard to explain or verify.

Perception models. Some methods use perception models to pre-

dict state features from images. However, it remains an open ques-

tion how to best integrate such predictions into decision-making,

especially in partially observable settings. Recent work has explored

ways to incorporate uncertainty quantification [26, 28], though

these methods do not incorporate history. In contrast, our frame-

work uses beliefs to unify perception and decision-making and

takes both history and uncertainty into account.

Compositional learning. Visual Tree Search (VTS) [5] extends Du-

alSMC [44] by learning generative models offline to define particle

filter components, and employs a particle belief-based Monte Carlo

Tree Search planner [43] to select actions. In contrast, our frame-

work generalizes to any belief-based method (of which we consider

particle filters a subset). Moreover, our framework directly uses a

perception model, which allows the take advantage of off-the-shelf

Computer Vision architectures and pretrained models to explicitly

interpret the visual observations in belief construction.

Partially supervised RL. PSRL [25] uses image classifier predic-

tions as inputs to an otherwise end-to-end trained decision maker.

However, these predictions are only used at the current timestep,

whereas our method provides a principled way to incorporate all

past predictions into a single belief.

2 PRELIMINARIES
Δ(𝑋 ) denotes the set of all probability distributions over a set 𝑋 .

2.1 Planning with State Uncertainty
POMDPs. A partially observableMarkov decision process (POMDP)

is a tuple M = ⟨S,A, T,R, 𝛾, 𝑏0,Z,O⟩, with finite sets of states S,
actions A, and observation Z; a probabilistic transition function

T : S×A → Δ(S); a reward function R : S×A → R; a discount factor
𝛾 ∈ (0, 1); an initial state distribution 𝑏0 ∈ Δ(S); and an observation
function O : S → Δ(Z).1 We employ a factored state and obser-

vation representation with a combination of different variables:
S = ×𝑖∈[1,...,𝑛]𝑆𝑖 and Z = ×𝑖∈[1,...,𝑚]𝑍𝑖 , with states and observations

given as tuples s = (𝑠1, . . . , 𝑠𝑛) ∈ S and z = (𝑧1, . . . , 𝑧𝑚) ∈ Z. Single
state-variables need not exactly correspond to single observation

variables, hence 𝑛 ≠ 𝑚 is valid. In our setting, some observation

variables 𝑧𝑖 for 1 ≤ 𝑖 ≤𝑚 are images, see Section 3.

Semantics of POMDPs. A POMDP evolves as follows: At each

time step 𝑡 ∈ N0, the system is in a state s𝑡 ∈ S, initially sampled

according to 𝑏0. The agent selects an action 𝑎𝑡 ∈ A, obtains reward
1
Our method can be generalized to observation functions that also depend on actions

and next states and reward functions that also depend on next states.
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R(s𝑡 , 𝑎𝑡 ), and the system transitions to the next state s𝑡+1 that is
sampled according to T(s𝑡 , 𝑎𝑡 ). Repeating this interaction of agent

and POMDP yields a path 𝜌 ∈ (𝑆 × 𝐴) × (𝑆 × 𝐴) × . . .; however,

in POMDPs, the agent cannot observe s𝑡 , but instead obtains ob-

servations z𝑡 ∼ O(s𝑡 ). Thus, instead of 𝜌 , the agent only knows

the observable history ℎ ∈ (Z × A) × (Z × A) × . . .; such a history

can be summarized using a belief 𝑏𝑡 ∈ B := Δ(S), i.e. a probability
distribution for the current state.

A policy 𝜋 : B → Δ(A) describes the agent’s behaviour by map-

ping beliefs to actions. The objective of the agent is to maximize its

expected cumulative discounted reward, or value, defined as:

V𝜋 := E𝜋

[ ∞∑︁
𝑡=0

𝛾𝑡R(s𝑡 , 𝑎𝑡 )
]
,

where E𝜋 is the expectation over paths under the probability mea-

sure induced by executing a POMDP with fixed policy 𝜋 .

2.2 Perception Using Deep Neural Networks
The main goal in perception is to learn a model that can reliably

extract meaningful information from images. Crucially, the model

should generalize to unseen examples from the same distribution,

rather than overfitting to the training data. For this task, (convo-

lutional) deep neural networks are the standard, outperforming

traditional methods when trained on large datasets [35].

DNN classifiers. A deep neural network (DNN) classifier is a func-
tion 𝑓 : 𝑋 → Δ(𝐿), mapping an input image 𝑥 ∈ 𝑋 to a probability

distribution over possible classes 𝑙 ∈ 𝐿, where 𝐿 is the set of possible

classes [13]. The probability distribution is obtained by normalizing

raw confidence scores through the softmax function [35, Chapter

22.2.2]. Typically, a single class is predicted by choosing the one

with the highest probability. DNNs are trained using supervised

learning based on a dataset 𝐷 ⊂ 𝑋 × 𝐿 consisting of pairs of im-

ages and classes. In practice, the predicted probabilities reflect the

model’s confidence based on its training experience, rather than

true posterior likelihoods. However, these confidence scores of-

ten do not align with the actual probability of correctness, which

we mitigate using temperature scaling [14], a post-hoc calibration

method that adjusts the sharpness of the softmax distribution with-

out changing the order of the probabilities.

Uncertainty functions. Uncertainty quantification [12] evaluates

the uncertainty in a DNN’s predictions, allowing to ignore predic-

tions that are likely incorrect. Given a classifier 𝑓 : 𝑋→Δ(𝐿), a
function 𝑢𝑓 : 𝑋→[0, 1] mapping an image 𝑥 ∈ 𝑋 to a score 𝑢𝑓 (𝑥)
is an uncertainty function of 𝑓 if a high value of 𝑢𝑓 (𝑥) indicates
greater uncertainty, i.e. a higher likelihood of an incorrect predic-

tion. Many existing uncertainty functions are surveyed in [12]. We

use (i) the prediction confidence𝑢𝑓 (𝑥) := 1−max𝑖=1,..., |𝐿 | 𝑓 (𝑙𝑖 |𝑥) and
(ii) the entropy of the softmax output 𝑢𝑓 (𝑥) := −∑

𝑖=1,..., |𝐿 | 𝑓 (𝑙𝑖 |𝑥) ·
log

2
𝑓 (𝑙𝑖 |𝑥). Further, (iii) we employ the advanced Monte Carlo

Dropout method, introduced in [10].

3 THE VISION POMDP PROBLEM
We define vision POMDPs (VPOMDPs) in close alignment with

the informal definition of vision POMDPs by Deglurkar et al. [5].

z′
v

z′¬vs′
v

s′

observableunobservable

Figure 2: An illustration (as Bayesian network representa-
tion) of the observation function of a VPOMDP under As-
sumption 1. Notably, z′

v
may only depend on the visual vari-

ables of s′, i.e. s′
v
, while z¬v can depend on all variables of s′.

VPOMDPs are POMDPs in which some of the observation variables

correspond to high-dimensional images.

Definition 1 (Vision POMDP). Let M be a POMDP with a fac-

tored state and observation representation S = ×𝑖∈[1,...,𝑛]𝑆𝑖 and
Z = ×𝑖∈[1,...,𝑚] 𝑍𝑖 . Let IZ ⊆ [1, . . . ,𝑚] be the indices of the observa-
tion variables that correspond to images. Then Zv = ×𝑖∈IZ 𝑍𝑖 are the

possible vision observation components and Z¬v = ×𝑖∈[1,...,𝑚]\IZ 𝑍𝑖

are the possible non-vision observation components. We call M a

vision POMDP if Zv ≠ ∅, and a pure vision POMDP if Z¬v = ∅.

The key challenge for VPOMDPs lies in the massive size of the

observation space, which is effectively unbounded (see Example 1).

Technically, this challenge renders it intractable to specify the prob-

ability of each possible observation, which is necessary to formally

model the observation function O. We therefore assume that the

observation function is not fully known, but can only be approxi-

mated using data. To make our problem tractable, we assume we

have some knowledge about which state variables can have an

effect on which observation variables.

We first introduce some additional notation. For a vision POMDP,

let IS denote the set of indices that factors the state space S into

vision state components Sv = ×𝑖∈IS 𝑆𝑖 and non-vision state com-

ponents S¬v = ×𝑖∈[1,...,𝑛]\IS 𝑆𝑖 , such that the vision observation

components Zv are independent of the non-vision state compo-

nents S¬v, see Figure 2 for an illustration. We write sv and s¬v for
vision and non-vision components of a state s, and analogously zv
and z¬v for an observation z. Such a factorization is always possi-

ble, since independence between vision observation components

and non-vision state components trivially holds for IS = [1 . . . 𝑛].
Assumption 1 ensures the factorization is meaningful.

Assumption 1 (Vision-factorizable.). A VPOMDP M is vision-
factorizable if the observation function O factorizes into a vision

observation function Ov : Sv → Δ(Zv) and a non-vision observa-

tion function O¬v : S → Δ(Z¬v), such that:

O(z | s) = Ov

(
zv | sv

)
· O¬v

(
z¬v | s

)
.

Interpretation. Recall our motivating Example 1. The vision com-

ponent of the observation, zv, consists of camera images of the

traffic light, while the non-vision component, z¬v, consist of audio
input to detect an ambulance. sv describes all state components that

affect zv, which is only the color of the traffic light. The observa-

tions of the traffic light are independent of hearing the ambulance

siren. Thus, the probability of receiving a particular observation,

O(z | s), can simply be written as the product of the probabil-

ities of receiving the corresponding image and audio input, i.e.

Ov (zv | sv) · O¬v (z¬v | s). Thus, Assumption 1 holds.
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Vision datasets. Assumption 1 allows us to decompose the obser-

vation function into two parts. The non-vision observation function

has a discrete and small domain, which means it can be learned or

approximated using standard methods. In this work, we assume

the non-vision observation function is given, and instead focus

on the more challenging task of dealing with the vision obser-

vation function, which cannot be fully learned due to its large,

high-dimensional domain. We assume to have access to a vision
dataset, which we define as follows:

Definition 2 (Vision dataset). A vision dataset is a finite set of

pairs (zv, sv) ∈ Zv × Sv, where each vision component of an obser-

vation zv is sampled from the conditional distribution defined by

the vision observation function Ov, given the vision component of

the corresponding state sv:

𝐷 ⊂
{
(zv, sv)

��� sv ∈ Sv, zv ∼ Ov (· | sv)
}
.

We highlight that 𝐷 is a strict subset of the full relation between

vision components of states and their corresponding observations,

since the complete set of all possible vision components of obser-

vations for all vision components of states is infeasibly large.

For a given VPOMDP, a vision dataset can be constructed by

sampling from the model or a simulator, if these are available. Ad-

ditionally, we can leverage existing vision datasets: In the field of

computer vision, vision datasets are made publicly available on

a wide range of vision tasks, e.g. [6, 32]. If public dataset images

closely resemble a concrete problem (e.g., traffic light images for

Example 1), we can use the images for that problem.

With such a dataset, we use the methods of Section 2.2 to train a

perception model that predicts Pr(sv | zv), the likelihood of a state’s
vision component sv ∈ Sv given an observation’s vision component

zv ∈ Zv. In Section 4, we explain how these probabilities can be

used to solve the following problem:

Problem Statement (Perception POMDP problem). Given a
vision POMDP M satisfying Assumption 1, with known model
dynamics but unknown vision part of the observation func-
tion O, and given a vision dataset 𝐷 , compute a policy 𝜋 that
maximizes the expected cumulative discounted reward V𝜋 .

Discussion of Assumption 1. Verifying Assumption 1 is part of

the modeling process, as it depends on the semantic relationships

between observation variables. Nevertheless, Assumption 1 can

also be interpreted as an additional restriction on the policy rather

than as an assumption about the environment: We disallow the

agent to use zv to infer information about s¬v. Thus, the policies we
find are valid (though possibly suboptimal) even if Assumption 1 is

violated. For instance, in Example 1, we may consider the location

of the car to be a non-vision variable and the color of a traffic light

as a vision variable. In that case, our assumption does not hold: The

images of the traffic light could be used to infer information about

our location. However, ignoring this information will still yield a

valid policy that could perform reasonably well.

We emphasize that, unlike other works using factored repre-

sentations [1, 21], we do not require the existence of a factored

representation of the transition function. Moreover, in contrast to

approaches that aim to predict states directly from images, we do

not rely on the block assumption [8, 41, 48], which requires that each

observation corresponds to just one state. Lastly, our assumption is

not related to those used for PORL (e.g., [42]).

4 THE PERCEPTION-BASED BELIEFS FOR
POMDPS FRAMEWORK (PBP)

This section formalizes the Perception-based Beliefs for POMDPs
framework (PBP). Section 4.1 provides the core ingredient: the

perception-based belief update that is able to handle massive obser-

vation spaces. Section 4.2 explains how we use uncertainty quan-

tification to address an imprecise perception model. Section 4.3 de-

scribes the overall framework, summarized in Figure 3, and embeds

the perception-based belief update into various POMDP solvers.

4.1 Belief Update for Vision POMDPs
We recall the standard belief update, see e.g. [35, Chapter 16.4]. We

denote Pr(s′ | 𝑏, 𝑎) :=∑
s∈S 𝑏 (s)𝑇 (s′ | s, 𝑎). For a current belief 𝑏𝑡 ,

the next belief 𝑏𝑡+1 upon selecting action 𝑎 and observing z is:

𝑏𝑡+1 (s′) :=
O(z | s′) · Pr(s′ | 𝑏𝑡 , 𝑎)∑

s′′∈S O(z | s′′) · Pr(s′′ | 𝑏𝑡 , 𝑎)
. (1)

This update depends on the probabilities O(z | s); however, due to
the massive observation space, the vision component Ov (zv | sv)
is unknown. We rewrite Ov using Bayes’ rule:

Ov (zv | sv) =
Pr(sv | zv) · Pr(zv)

Pr(sv)
. (2)

Pr(sv | zv) can be approximated using a perception model 𝑓 : Zv →
Δ(Sv), such that Pr(sv | zv) ≈ 𝑓 (sv | zv). We can obtain such a

perception model by learning an image classifier using the vision

dataset 𝐷 , defined in Definition 2. For the prior Pr(zv), the specific
choice has no impact, because we prove below that the term cancels

out in the belief update. For Pr(sv), we choose the uninformative

prior [47, pp. 41–43], i.e. a uniform distribution over Sv. Intuitively,
this means we do not introduce any bias into the approximation of

the observation function, but solely rely on the perception model.

To show that this choice is appropriate, we show in [36, Appendix

A] that the belief update can be viewed as a form of multiplicative

opinion pooling [7]. In this view, we find that the uniform prior is

the only choice that reproduces the standard belief update.

Perception-based belief update. We insert Equation (2) into Equa-

tion (1) to define a new belief update for vision POMDPs. For sim-

plicity, we first define the next belief 𝑏
𝑝𝑣

𝑡+1 for pure vision POMDPs
where Z¬v = ∅ and thus s = sv.

𝑏
𝑝𝑣

𝑡+1 (s
′) =

Pr(zv )
Pr(s′

v
) 𝑓 (s

′
v
| zv) · Pr(s′ | 𝑏𝑡 , 𝑎)∑

s′′∈S
Pr(zv )
Pr(s′′

v
) 𝑓 (s

′′
v
| zv) Pr(s′′ | 𝑏𝑡 , 𝑎)

. (3)

As stated above, Pr(zv) cancels out. Moreover, since we assume a

uniform prior over states, we have Pr(s′
v
) = Pr(s′′

v
) for all pairs of

states. Thus, these also cancel out, leading to the simplified form:

𝑏
𝑝𝑣

𝑡+1 (s
′) =

𝑓 (s′
v
| zv) · Pr(s′ | 𝑏𝑡 , 𝑎)∑

s′′∈S 𝑓 (s′′v | zv) Pr(s′′ | 𝑏𝑡 , 𝑎)
. (4)

In general, i.e. when Z¬v ≠ ∅, we utilize the same idea and the

fact that by Assumption 1, we can rewrite the belief update in terms
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of Ov and O¬v to obtain Equation (5):

𝑏v𝑡+1 (s′v) :=
𝑓 (s′

v
| zv)·O¬v (z¬v | s′)· Pr(s′ | 𝑏𝑡 , 𝑎)∑︁

s′′∈S
𝑓 (s′′

v
|zv)·O¬v (z¬v |s′′)· Pr(s′′ |𝑏𝑡 , 𝑎)

. (5)

We state in Theorem 1 (proven in [36, Appendix B]) that if the im-

age classifier was exact, Equation (5) allows to recover the standard

belief update, thereby overcoming the problem that the massive

observation space makes the standard belief update infeasible.

Theorem 1 (Soundness of Eqation (5)). Consider a vision
POMDP satisfying Assumption 1, and let 𝑓 be a perfect perception
model, i.e. 𝑓 (sv |zv) = Pr(sv |zv). Then, for every belief 𝑏𝑡 ∈ Δ(S), the
next belief upon playing action 𝑎 ∈ A and observing z ∈ Z computed
using Equations (1) and (5) coincide, i.e. 𝑏v

𝑡+1 (s′) = 𝑏𝑡+1 (s′).

4.2 Uncertainty Awareness
In practice, we do not know the true probabilities Pr(sv | zv), but
can only learn an approximation by training a perception model

𝑓 on a vision dataset 𝐷 . Errors arise from two sources: Firstly, the

vision dataset is necessarily incomplete, and thus the perception

model has to generalize to unseen images. Secondly, ideally every

imagewould correspond to a unique sv ∈ Sv.2 Realistically, however,
images may be corrupted (e.g. the traffic light being covered in

snow), such that they cannot be assigned to a unique class. Overall,

the predicted probabilities are not perfect. Therefore, it is important

to know when these probabilities are likely to be incorrect, i.e., to

quantify the uncertainty of the perception model.

To address these imperfections, we employ an uncertainty-aware
perception model. It utilizes an uncertainty function 𝑢𝑓 to measure

the uncertainty of the perception model, and, intuitively, ignores

the output of the perception model in case of high uncertainty.

Ignoring the perception model means assuming that for each vision

state variable sv ∈ Sv, we assign uniform probability to every value

in its domain: 𝑈 (sv) = 1

|Sv | .
We define two uncertainty-aware perception models: Firstly,

threshold-baseduncertainty quantification (TUQ) simply uses a thresh-
old value 𝜀 to determine which probabilities to use, closely matching

the use of uncertainty quantification in existing literature [4].

𝑓TUQ (sv | zv) =
{
𝑓 (sv | zv) if 𝑢𝑓 (zv) ≤ 𝜀

𝑈 (sv) otherwise.

(6)

However, TUQ is sensitive to the choice of 𝜀. Thus, secondly, we

define weighted uncertainty quantification (WUQ) to eliminate this

dependency. WUQ provides a smooth interpolation between the per-

ception model and the uniform distribution as a function of uncer-

tainty. When the uncertainty is below 0.5, the perception model

is considered trustworthy and influences WUQ; if the uncertainty
exceeds this threshold, WUQ disregards the perception output and

defaults to the uniform distribution:

𝑓WUQ (sv |zv)=
{
𝑢𝑓 (zv)𝑈 (sv)+

(
1−𝑢𝑓 (zv)

)
𝑓 (sv |zv) if 𝑢𝑓 (zv)<0.5

Pr(sv) otherwise.

(7)

2
This assumption is related to, but weaker than, the one used in Block MDPs [8, 41, 48],
which requires uniqueness of the entire state s rather than only its vision component sv .
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Figure 3: Overview of the Perception-based Beliefs for POMDPs
Framework (PBP). See Section 4.3 for a detailed explanation.

Both functions degenerate to 𝑓 if 𝑢𝑓 = 0; thus, Theorem 1 also

applies when using uncertainty-aware perception models. In cases

where the output of the perception model is ignored, the belief

update relies solely on the transition probabilities and the non-

vision observation function, avoiding the inclusion of potentially

unreliable information from the perception model.

In practice, the perception model may yield incorrect proba-

bilities, and its associated uncertainty may not fully reflect this,

potentially leading to the following corner case: Let the support

of a distribution 𝑑 be defined as supp(𝑑) = {𝑥 | 𝑑 (𝑥) > 0}. If the
support of the perception model and of the belief after propaga-

tion through the transition dynamics do not overlap, the belief

update produces an empty belief. In this case, we adopt a uniform

distribution over all states as an uninformative fallback belief.

4.3 Overall Algorithm
We outline in Figure 3 how the perception-based belief update is

incorporated into the overall solution process of VPOMDPs. We

now provide a detailed description, split into (1) the planning cycle

(middle, purple box), (2) the acting cycle (bottom, blue box), and (3)

details on how different planners use the new belief update.

The planning cycle. A POMDP Planner maintains value es-

timates for different beliefs. Improving these estimates requires

querying the next belief 𝑏′ upon playing action 𝑎 and receiving

observation z (see below and [36, Appendix C]). However, when

dealing with VPOMDPs, it is unclear how the vision component of

an observation should be sampled during planning, as the distribu-

tion Ov is unknown. PBP addresses this by using an approximation

of Ov based on a subset 𝐷plan
of the Vision Dataset:

Ôv (zv |sv) =
|{(z′

v
, s′

v
) ∈ 𝐷plan | z′

v
= zv, s′v = sv}|

|{(z′
v
, s′

v
) ∈ 𝐷plan | s′

v
= sv}|

. (8)

Together with the knownModel Dynamics, this approximation

yields the Planning Model ˆM, a fully specified POMDP approxi-

mating the true VPOMDP. Using this, the POMDP Planner can
sample observations z.

In principle, the Belief Update could work on the Planning
Model, using the known approximation of the observation function
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Ôv. However, as every vision component of an observation in the

vision dataset is labelled with a unique sv, the planner would never
encounter uncertainty about the vision component of the state.

Consequently, we instead apply the perception-based belief update

(Equation (5)) already during planning, allowing the planner to

reason about both the state information in the images and the

uncertainty in their interpretation. Naturally, this belief update

uses the Perception Model (with Uncertainty Quantification),
trained

3
based on the second subset 𝐷perc

of the Vision Dataset.

The acting cycle. The POMDP Planner computes a policy 𝜋 .

Starting from the initial belief 𝑏0, the action 𝑎 recommended by 𝜋

is executed in the VPOMDP, yielding the next observation z. This
observation (and knowledge of the chosen action 𝑎 and previous

belief 𝑏) is used by the perception-based Belief Update to compute

the next belief 𝑏′. The cycle repeats with the next action 𝜋 (𝑏′).

Planning with the new belief update. The perception-based belief

update can be incorporated into many planning algorithms. To

demonstrate this versatility, we describe how to do so for different

approaches in [36, Appendix C]. We provide a brief overview here.

For Point-based methods, such as PBVI [33], HSVI [39, 40], and

SARSOP [24] the belief update affects two components of the algo-

rithm: belief sampling and the backup operation. We first introduce

a non-standard way to represent the backup operator, which makes

its use of the belief update explicit. Then, for both belief sampling

and the backup operator, we use
ˆM to approximate the possible

observations and use Equation (5) to perform belief updates.

Particle filter based methods, such as POMCP [38], DESPOT [46]

and AdaOPS [45] use a set of particles as an approximation of the

belief. Most particle filters use the probabilities O(z | s) in the

update step. As with beliefs, we can use the perception model to

approximate these probabilities. We show that rejection sampling,

such as used in POMCP, can be viewed as rejecting a particle 𝑥

with probability 1 −O(z | 𝑥), which can be approximated as above.

As in the belief update, Pr(z) does not affect these updates.
Deep RLmethods can utilize our belief update in a similar fashion

as PSRL [25]. In that case, the belief represents the latent represen-

tation that is used by the agent.

We emphasize that, via Theorem 1, PBP ’s replacement of the

belief update preserves the solver’s properties as long as the percep-

tion model is good enough. The runtime is dominated by the chosen

solver, as the (new) belief update itself is relatively inexpensive.

5 EMPIRICAL ANALYSIS
In this section, we empirically evaluate our approach to answer the

following questions:

Q1. Performance: How does PBP compare to existing baseline

methods for vision POMDP tasks?

Q2. Robustness: Is PBP robust against visual corruption?

Q3. Uncertainty awareness:Howdo different uncertainty aware-

ness approaches affect the performance of PBP?

3PBP can utilize different computer vision methods to learn the perception model. In

particular, the training of the perception model could be bootstrapped with pretrained

models if these are available for the problem setting.

Table 1: Average cumulative discounted rewards (𝑉 ) and pol-
icy computation times (𝑡) of different method on a number
of benchmarks. For the methods using PBP or PSRL, training
times of the perception model are not included.

Intersection FlowerGrid FrozenLake (4) FrozenLake (8)
Algorithms 𝑉 𝑡 (s) 𝑉 𝑡 (s) 𝑉 𝑡 (s) 𝑉 𝑡 (s)

PBP-HSVI -3.57 405 56.6 412 0.64 50.5 0.31 445

tPBP-HSVI -4.47 404 52.3 392 0.64 52.4 0.31 461

wPBP-HSVI -4.11 406 56.5 447 0.65 53.2 0.31 454

tPBP-POMCP -15.7 53K 30.8 105K 0.54 54K 0.26 108K

PSRL-HSVI -3.41 303 45.1 308 0.64 13.2 0.31 318

DQN -6.35 1.2K 34.5 3.9K 0.64 1.4K 0.01 2.1K

PSRL-DQN -4.03 1.7K 40.1 1.8K 0.64 1.7K 0.31 1.8K

Oracle -3.32 302 57.8 13.4 0.64 3.03 0.31 18.6

NoPerc -15.4 319 24.3 325 0.45 336 0.23 334

We first give an overview of our experimental setup, then an-

swer these questions. Our code is available online [37], and further

technical specifications are included in [36, Appendix F].

5.1 Experimental Setup
Benchmarks. We consider three environments. These havemedium-

sized state spaces but massive visual observation spaces that are

sufficiently non-trivial to investigate the necessity and applicability

of our framework. All environments use a discount factor of 0.95.

For further environment details, see [36, Appendix D].

• Intersection is a custom environment that models Example 1.

We use realistic traffic light images from [22].

• FlowerGrid is a custom 5 × 5 gridworld where every state

corresponds to a flower type from the 102 Category Flower

Dataset [32]. The goal of the agent is to pick a target flower

and reach a goal while avoiding poisonous flowers. A visual-

ization of the environment is given in Figure 4.

• FrozenLake is a variant of Gymnasium’s FrozenLake [9], but
with an added latent variable that determines surface slip-

periness. The agent observes this slipperiness and can infer

its location using a top-down image of the environment. We

consider the default 4 × 4 and 8 × 8 maps.

Vision datasets. For each environment, the corresponding vision

dataset is split into three distinct parts: 𝐷perc
and 𝐷plan

as described

in Section 4.3,
4
, and 𝐷act

, which is used to evaluate the computed

policy. Thus, the agent is evaluated with images that have not

been used in its training, which simulates a situation where the

observation space is unknown or intractably large.

Algorithms. We instantiate PBPwith two existing POMDP solvers:

HSVI [40] and POMCP [38], see [36, Appendix C] for implementation

details. tPBP-HSVI and tPBP-POMCP utilize threshold-based uncer-

tainty quantification (Equation (6)), with 𝜖 = 0.1 unless noted oth-

erwise. wPBP-HSVI uses weighted uncertainty quantification (Equa-

tion (7)). Unless noted otherwise, we use Monte Carlo Dropout

(MCDO) as uncertainty function. [36, Appendix E] details the DNN

architectures of the perception model for each environment. All

DNNs achieve an accuracy of over 0.8 on their test sets (see Figure

4
For the end-to-end algorithm DQN, we use 𝐷perc ∪𝐷plan

for planning.
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Figure 4: Visualization of FlowerGrid. For each cell, the set of
possible observations corresponds to images of a particular
class in the 102 Category Flower Dataset [32]. The magnify-
ing glass shows two normal images, as well as an additive-
noise (top right) and pure-noise image (bottom left) image.

11 in [36, Appendix E]) and were trained in under 10 minutes. We

compare to the following baselines:

• DQN [16], an end-to-end deep RL method. We use the Stable-
Baselines3 [34] and add memory via framestacking.

• PSRL-DQN and PSRL-HSVI, two implementation of the PSRL

framework [25]. Like PBP, PSRL utilizes a perception model

to compute probability distributions over states. These prob-

abilities are interpreted as latent variables for PSRL-DQN and

as beliefs for PSRL-HSVI.
• NoPerc, a naive variant of HSVI that does not incorporate

the vision component of observations in the belief update.

• Oracle, an implementation of HSVI that has full observabil-

ity of sv, mimicking a perfect perception model.

For all PBP- and PSRL-based methods, we first use the perception

function to precompute probabilities for all images in our dataset.

Then, HSVI-algorithms are restricted to a computational time of

300s for policy computations, while tPBP-POMCP has a time budget

of 600s per step. DQN and PSRL-DQN may take arbitrary time, only

being restricted to 300, 000 environment interactions for training.

For the specific runtimes, see Table 1. Our results represent the

average after 1,000 episodes for all methods except tPBP-POMCP,
where we take the average over 10 episodes.

5.2 Performance and Computational Cost
To address question Q1, we run all methods on our set of bench-

marks and record both the average cumulative discounted reward𝑉

and the policy computation time 𝑡 . Recall that runtime depends

more on the underlying solver than our framework (see end of

Section 4.3). Results are shown in Table 1.

PBP-HSVI outperforms existing methods. Across all bench-
marks, PBP-HSVI performs on-par with or higher than all other

algorithms, and only slightly lower than that of the Oracle base-
line. Both tPBP-HSVI and wPBP-HSVI perform slightly worse than

PBP-HSVI, but comparably on all benchmarks except Intersection.
The performances of the existing baselines (PSRL-HSVI, DQN, and

PSRL-DQN) is more inconsistent. PSRL-HSVI performs roughly on-

par with PBP-HSVI on all benchmarks except FlowerGrid. The accu-
racy of our perception model is lower for FlowerGrid than for the

others, which causes more errors in the perception model. Such

errors have a larger impact on PSRL-HSVI than on PBP-based ap-

proaches, since these can instead use knowledge of the dynamics

and previous belief to compute an accurate belief. Despite their

significantly larger time budget, DQN and PSRL-DQN never achieve
higher returns than PSRL-HSVI. Moreover, DQN perform significantly

worse on both Intersection and FrozenLake (8). These results sug-
gest that combining our PBPwith belief-based solvers is competitive

with deep learning methods for VPOMDPs.

tPBP-POMCP requires optimization to be competitive. Lastly,
tPBP-POMCP outperforms NoPerc on all environments, but performs

significantly worse than all other algorithms. This comes from

scalability limitations of the current implementation rather than

any inherent weakness of the approach. An ablation study in [36,

Appendix G] supports this claim: The particle filter of tPBP-POMCP
accurately tracks the true belief across all environments, even under

visual corruption (see Section 5.3). Since PBP only modifies the

particle filter update, this indicates that the reduced performance

stems from implementation inefficiencies rather than conceptual

shortcomings. A more optimized implementation that leverages

efficient data structures would yield substantially better results.

Therefore, we exclude tPBP-POMCP from the remaining experiments

and provide additional results in [36, Appendix G].

5.3 Robustness Against Visual Corruption
Next, we investigate question Q2 by adding corrupted images to
our environments: For each dataset 𝐷plan

and 𝐷act
, we create two

additional variants: (1) a set of additive-noise images, where we add
salt-and-pepper noise to each image such that the perception model

has an accuracy of roughly 0.4, and (2) a set of pure-noise images,
where images are fully replaced by salt-and-pepper noise. For an ex-

ample of corrupted images, see Figure 4. Intuitively, additive-noise

images are hard to classify, but the probabilities of the perception

model could still contain valuable information; for pure-noise im-

ages, the probabilities from the perception model cannot be useful.

Further details on corrupted images are in [36, Appendix D.4]. For

our experiments, we select a portion of the images in 𝐷plan
and

𝐷act
according to a noise probability, and replace these with cor-

rupted variants. The performance of our methods at different noise

probabilities, for both types of corruption, is shown in Figure 5.

PBP is robust against visual corruption. PBP-HSVI, tPBP-HSVI
and wPBP-HSVI perform well for FlowerGrid, FrozenLake (4), and
FrozenLake (8) at all noise probabilities. The performance of all

PBP-based methods degrades more slowly than that of the other

methods, and all three outperform the NoPerc baseline until almost

all images are affected by noise. Most notably, tPBP-HSVI performs

better than NoPerc in all our experiments. Still, for Intersection, the
performance of all three methods degrades more than in the other

environments. This is because there, the perception model is com-

monly overconfident for noisy images, i.e., it yields inaccurate but

highly confident predictions (see Figure 11 in [36, Appendix E.2]).

Such predictions cannot be detected by uncertainty quantification

and lead to larger errors in the belief update.

In comparison, the existing methods are less robust against

noise: While DQN is competitive for additive noise on Intersection
and FrozenLake (4), it performs worse in all other cases. Similarly,

PSRL-DQN is comparable to PBP on Intersection and FrozenLake, but
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is worse on FlowerGrid. Both existing methods can perform signifi-

cantly worse than just ignoring perceptions using NoPerc.

5.4 Uncertainty Quantification
To investigate question Q3, we compare PBP-HSVI with different

variants of our belief update and different uncertainty functions.

Performance of UQ methods is environment-dependent.
Figure 6 shows the value gap between the uncertainty-agnostic

PBP-HSVI andwith wPBP-HSVI, as well as several variants of tPBP-HSVI
with different thresholds 𝜖 . Results are mixed: For Intersection, we
find that lower thresholds improve performance at high noise prob-

abilities, as expected. However, for FlowerGrid, lower thresholds
lead to worse performance; in particular, PBP-HSVI without uncer-

tainty quantification (i.e. 𝜖 = 1) performs best. We conjecture that

the perception model for FlowerGrid still provides a more accurate

prediction than a uniform distribution, only being uncertain be-

tween a few of the many possible classes. In such cases, even if the

perception model has limited accuracy, it can be advantageous to

use it. wPBP-HSVI performs well on both environments and does

not require finetuning, which makes it an attractive choice.

Next, Figure 7 shows the value of tPBP-HSVI (with 𝜖 = 0.1) for

the different uncertainty functions introduced in Section 2.2. All

functions achieve roughly equal performance for FlowerGrid, with
prediction confidence performing slightly better than the others.

However, prediction confidence performs significantly worse on

Intersection.We thus conclude that the optimal choice of uncertainty

function depends on the specific environment, though MCDO and

entropy seem to yield more consistent results.

6 CONCLUSION
PBP is a principled andmodular approach for solving vision POMDPs

using belief-based POMDP solvers. By integrating the perception

model and its associated uncertainty with the belief update, PBP
avoids the need to reason over massive observation spaces. Our

results demonstrate that using PBP with the POMDP solver HSVI
outperforms existing baselines.
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