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Abstract—Robotic systems are more commonly deployed in
open-world environments, where safe and reliable operation is
challenged by uncertainty, dynamism, and incomplete knowledge.
To explore new approaches for solving those challenges, this work
focuses on possibility theory. It explores the use of possibility
theory as a framework for reasoning under such conditions.
A reasoning solution is proposed, that processes scene graph
observations, compares them to existing knowledge, and gener-
ates hypotheses using possibility distributions as the foundation
for modeling and representing uncertainty. This enables flexible
belief updates and action-based inference. The system is evaluated
through a set of test scenarios that qualitatively assess its rea-
soning performance. While still an early-stage implementation,
the work highlights the potential of possibility-based reasoning
in robotics and lays a foundation for future research in this
direction.

Index Terms—possibility theory, reasoning, sequence, robots,
open-world

I. INTRODUCTION

Robots are becoming increasingly integrated into everyday
life. They expand beyond traditional industrial applications
and enter dynamic, unstructured, and human-populated envi-
ronments. From healthcare to disaster response to domestic
assistance to collaborative manufacturing, robots are expected
to operate in different situations without posing danger to
the outside world. In the past robots were predominantly
developed and deployed for closed-world situations. In those
explicitly modeled environments robots operate with com-
prehensive prior knowledge, rely on well-defined tasks and
operate within a limited pre-defined scope. This is common
for example in industrial automation, where robots have to
perform repetitive tasks in structured and controlled spaces.

However, with the new applications emerging, robots ex-
pand into open-world environments. Here it is possible to
encounter unforeseen events, unfamiliar objects, incomplete
information, changing context. Information may be missing,
ambiguous, or even contradictory. In such settings, robots must
not just cope with uncertainty about outcomes, but about the
very structure of the world they are in.

In open worlds robots cannot rely on exhaustive prior
models or predefined actions. They need to instead be capable

of interpreting observations actively, revise internal beliefs,
reason under uncertainty, often with only partial and evolving
knowledge. Environments can be unstructured and require
interaction or collaboration with people. All of this demands
for robots to be able to perceive, interpret and reason about
their world.

Robots must make decisions without complete and/or reli-
able information. Prior assumptions may be contradicted, ob-
servations may be noisy or incomplete, and the consequences
of actions may depend on hidden or shifting variables.

Fig. 1: Types of challenges that robots can face in open-world
scenarios, split in categories

As Figure 1 illustrates, the range of challenges that robots
face in open-world situations can be broad. Robots must navi-
gate unfamiliar environments, infer meaning from limited data,
interact with humans or other agents, and pursue abstract, goal-
driven tasks (e.g., “Find the injured person”) that involve both
perception and reasoning. These scenarios demand decisions
based on partial evidence, the handling of conflicting signals,
and the capacity to act safely even when the world is only
partially understood.

A robot needs to be able to reason with what it knows, revise
what it thinks it knows, and explore what it does not know,
all while maintaining safe operations and advancing on its
given goal. This entails integrating new observations that may
introduce unfamiliar entities or contradict prior beliefs, while
maintaining a coherent internal representation of the world.
The description of the world (often called world model), needs
to be structured and capable of evolving over time. In this
context, knowledge graphs can provide a principled way to



represent symbolic information about the world in a graph
format.

A robot must also hypothesize about unobserved causes or
transitions, inferring the most plausible sequence of events that
could explain a set of unordered or incomplete observations.
Such reasoning enables both context understanding and de-
cision making, even when direct sensory input is sparse or
unreliable.

To handle all those new challenges, it is valuable to look
to other domains and the solutions that have been used to
tackle decisions under uncertainty. This is not a new problem,
and there are solutions that exist but are not yet explored in
robotics. One such example, and the focus of this research, is
the concept of possibility theory. It focuses on using possibility
instead of probability, to represent ignorance and uncertainty,
and gives a new perspective to how problems of this type can
be tackled.

This work focuses on designing a reasoning solution, that
uses possibility theory as its core tool to handle, represent
and propagate uncertainty. The goal is to enable a robot to
interpret observations over time, maintain and revise internal
models, and reason about the possibility of knowledge. Given a
sequence of four images, the task is to understand the sequence
of events and determine what is the most possible combination
possible. The solution is constructed using a knowledge graph
(and ontology) for defining the world model, possibility theory
as base uncertainty measure, and scene graphs as observation
input. In doing this work, the aim is to provide a first look
at how possibility can be integrated in the internal reasoning
loop of a robot and to assess its potential added value.

This work is organized as follows - Section II focuses
on providing the relevant background for both robotics and
possibility theory. Next, Section III defines the exact problem
that is being tackled in this work, and Sections III, IV, VI
provides a deep dive into the construction of the developed
solution. Lastly Sections VII andVIII provide an overview of
results and experimentation process, followed by discussion
and conclusion.

II. BACKGROUND

A. Open World Robotics - the context

Robotics research in recent years has increasingly been
dealing with the concept of reasoning. [1] define, that the aim
of research is to create “an autonomous robot that can actively
explore the real environment, acquire knowledge, and learn
skills continuously”. This would mean creating a solution
that is able to operate in dynamic, uncertain environments.
While there are multiple different aspects of reasoning that
can be considered, in the context of this work there are three
main ones: context understanding, environment description,
and decision-making.

In the area of context understanding, current research is
looking at elements such as recognizing new (novel, previously
unseen) objects [2] or semantic localization [3]. Others focus
on correct and detailed modeling of the world, looking at dis-

covering unknown domain dynamics [4] or using hypergraphs
as a way to represent general knowledge [5].

Considering environment description, one could think about
how to model knowledge and information about the world. [6]
for example present a way to split information in three groups:
instance, common and diagnostic. The aim is to distinguish
between the different types of information that can be within
an environment, and to allow a robot to represent not only
how the world changes based on actions, but also what are
its internal beliefs. Other approaches for world modeling are
focused on using language to understand and describe a scene,
such as temporal grounding graphs with language introduced
by [7].

In the context of decision-making, robotic applications
can strive towards autonomous intelligence [8]. This could
include different types of reasoning capabilities. An example
is the one defined by [9], who distinguish between three
different processing capabilities of robots: innate (present at
the beginning), self-developed (developed through interaction
with the environment), and socially developed (developed by
others). Robots need to be able to take decisions in uncertain
environments, continuously adapt their understanding of the
world, and handle the growing uncertainty and unpredictability
in a safe manner. Solutions such as the one by [10] offer an
approach, where the robot learns while performing a particular
task to handle new situations, by using deep reinforcement
learning algorithms and imagining situations. New solutions
such as Large Language Models (LLMs) also provide promis-
ing capabilities. They can be used to equip robots with Vision-
Language-Action Models [11] allowing better generalization
of actions, or development of open knowledge-based frame-
works [12]).

However none of the existing solutions appears to be a
universal one and the topic of reasoning in open world is still
open research with multitude of challenges. Models, especially
LLMs, tend to hallucinate [13]. Others are developed to work
only in closed-world environments (e.g. [6] who focus on
indoor environments) or partial solutions (e.g. [3] looking only
at localization). Given the complexity of this task (consider
Figure 1), it is valuable to consider alternative approaches
which are used in different tasks.

B. From Uncertainty to Possibility

Uncertainty is a fundamental aspect of reasoning in complex
and dynamic environments. It arises from incomplete, impre-
cise, or conflicting information. Two main types are commonly
distinguished: epistemic uncertainty, resulting from a lack of
knowledge, and aleatoric uncertainty, arising from inherent
randomness or noise in the system [14]. Aleatoric uncertainty
is often related to sensor limitations or hardware variability and
is typically irreducible [15]. In contrast, epistemic uncertainty
can be reduced through knowledge acquisition and inference.
For tasks involving exploration, reasoning, and knowledge
propagation in open-world robotic systems, epistemic uncer-
tainty is the primary concern.



To address uncertainty formally, a mathematical framework
is required. It needs to be one that enables the representation,
quantification, manipulation, and update of incomplete infor-
mation [16]. Two major frameworks offer such formalisms:
probability theory and possibility theory. Probability theory
models uncertainty through likelihoods (P (A)), assuming
well-defined priors and sufficient statistical data. In contrast,
possibility theory focuses on plausibility (Π(A)) and certainty
(N(A)), making it better suited to contexts involving partial,
vague, or missing information.

Possibility theory was first introduced by Zadeh [17] and
later formalized by Dubois and Prade [18]. It provides a
lightweight, expressive alternative to probabilistic reasoning,
particularly effective when prior probabilities are unavailable
or incomplete. The distinction between possibility (how plau-
sible an event is) and necessity (how certain it is) aligns well
with systems that reason incrementally over time. [19] argue
that the problem with probabilistic knowledge is the lack of
distinction between lack of belief in proposition and belief in
its negation, which is crucial for cases when there is uncertain
or incomplete knowledge. This is where possibility theory
has an advantage, as it is developed to represent incomplete
information in either numeric or qualitative form. Moreover,
it naturally supports non-monotonic reasoning, graded belief,
and qualitative decision-making—key capabilities for flexible,
context-aware reasoning in artificial agents [20]. For these rea-
sons, possibility theory forms the foundation of the reasoning
framework proposed in this work. A concise overview of the
key concepts and definitions in possibility theory is provided
in Appendix A.

Central to possibility theory is the concept of the possibility
distribution π, which encodes an agent’s knowledge state over
a domain X by assigning a plausibility value π(x) ∈ [0, 1]
to each element x ∈ X [21]. A value of π(x) = 1 indicates
that x is fully plausible, while π(x) = 0 signifies that it is
ruled out. Figure 2 illustrates a simple example of how such
a distribution might be constructed over a finite domain.

Fig. 2: Example of how a possibility distribution π(X) can be
constructed. Along the horizontal axis are the different values
in a given domain X , whereas the vertical axis represents the
possibility values π(x) for every type.

As discussed in [21], possibility distributions can be defined
in either quantitative or qualitative terms. This work adopts the
qualitative approach, where values are interpreted as relative

rankings rather than precise numeric scores [22]. This choice
reflects the nature of the available input. It can be limited,
symbolic, and often uncertain, which can be typical in open-
world tasks.

Recent work has begun to explore the integration of possi-
bility theory into machine learning [23] and robotics, though
applications remain sparse. Notable efforts include its use in
sonar modeling for mobile robots [24] and in multi-agent
coordination and task allocation [25], [26]. However, there
is still a significant lack of practical implementations that
use possibility theory as a core reasoning mechanism in
robotics. This research aims to address that gap by developing
a theoretical foundation and proof-of-concept implementation
of a reasoning loop grounded in possibility theory.

III. PROBLEM DEFINITION

As input the system gets four images, represented as scene
graphs, and has to understand their sequence. Robots observe
the world sequentially, so to mimic that the developed system
needs to also process the input sequentially. Therefore, the
scene graphs are processed one by one by the reasoning
process.

Every image from the given sequence is turned into an
observation, which is given in the form of a scene graph. A
scene graph represents a snapshot of the world at a given
time tn. It specifies what is currently happening by providing
entities, attributes and relations that exist at that moment.

The system does not have information about which concrete
sequence of scene graphs is the correct one: scene graph at
t1 may not be the real first image. This is why the solution
processes all possible sequences and analyses at the end which
order can be the correct one. Therefore the task given to the
system can be formulated as answering the question Do you
know what happened here?. The aim is to establish which
sequence of scene graphs is the one with least uncertainty
at the end. The expectation is that non-logical sequences
(ones which a human would not choose) would yield lowed
possibility values and higher uncertainty compared to logical
ones. To be able to answer such questions, the solution needs at
least partial understanding over what happens between images
and what action is more possible than others.

The problem starts with a world model W , containing
predefined knowledge and instances, all captured within an
ontology K. K contains information about how the knowledge
is structured, specifying entities E , attributes D, and relations
R.

K = (E ,D,R) (1)

At every time step tn individuals Itn = {Etn ,Dtn ,Rtn}
are added and updated. As the consideration is for a particular
time step tn, then the world is also considered for a specific
moment, denoted as Wtn .

Wtn = (K, Itn) (2)



At each time step tn, the system receives an input scene
graph Gtn , which may introduce novel, uncertain, or even
contradictory information with respect to the previous world
model Wtn−1.

Gtn = (E ′tn ,D
′
tn ,R

′
tn) (3)

Gtn+1
may introduce novel information in the form of new

entities, types, or relations previously unknown. It may contain
facts that challenge prior knowledge (e.g. human is no longer
holding a brush). Therefore, the world at time tn+1 is a
function F of the current world knowledge Wtn and Gtn+1

:

Wtn+1
= F(Wtn ,Gtn+1

) (4)

Given a set of unordered scene graphs G1, . . . ,Gn—each
representing a partial and potentially uncertain observation
of the world at some unknown time step—there exist mul-
tiple possible temporal orderings of these observations. Let
Perm(G) denote the set of all permutations over the scene
graphs. The task is to determine the most possible temporal
sequence σ∗, such that the corresponding sequence of world
states maximizes a global possible criterion under the reason-
ing model.

σ∗ = [Gσ(1), . . . ,Gσ(n)] such that,W1 →W2 → · · · → Wn

(5)
Each transition Wi →Wi+1 is determined via the function

F . Every sequence has an overall possibility criterion (for the
whole world) denoted as Π(σ).

σ∗ = arg max
σ∈Perm(G)

Π(σ) (6)

How exactly is this criterion determined, what is the func-
tion F and how is K constructed is explained in the following
sections.

IV. WORLD MODEL

At the core of the reasoning process lies the world model,
implemented as an ontology K, defining all entities, their
attributes and relations over time. This representation forms
the foundation for interpreting and evolving knowledge across
time steps. The following section describes the key underlying
concepts, while Appendix C visualizes the complete ontology.

A. Ontology Structure

The ontology is composed of physical and abstract entities
E . Physical entities include actors (e.g., humans, dogs)
capable of executing actions, and objects (e.g., bowls, bags)
that are acted upon. Abstract entities model auxiliary concepts
such as states or colors necessary for reasoning.

Each entity may possess attributes, which are either qualita-
tive (e.g., color, pose) or quantitative (e.g., location-x,
location-y), and are defined as attribute-value pairs with
associated confidence.

There are two types of relations present. There are spacial
relations (e.g. isLocated) and actions (e.g. holding). The
latter has a special construction.

B. Actions

Actions A are represented as relations connecting
three roles, fulfilled by entities: actor, object, and
action-state.

Fig. 3: Action representation in K, showing its key components

An action a ∈ A is represented as two separate ontological
components. It has a relation action (e.g. painting, or
holding) and corresponding entity action state. The
connection and construct is shown in Figure 3. An action
relation connects an actor, which executes the action, an
object which action is executed on, and a state. The
action state is an entity, which represents the state of the
given action. It also serves as a way to connect the concrete
action to its expected effect on the world. This is done via
a changes relation. This links action states to expected
attribute changes.

C. Time

To enable reasoning across multiple time steps, it is neces-
sary to have a temporal extension of the world representation,
which allows to distinguish Wtn . This is achieved by annotat-
ing each entity with a time-step attribute. This indicates
the discrete time step tn to which a given knowledge belongs.
This enables tracking the evolution of individuals across time
(i.e., world statesWt) and supports time-dependent reasoning.

D. Possibility

Uncertainty in knowledge is encoded structurally using
dedicated attributes that store possibility distributions π. Each
distribution is stored as a JSON string within the ontology and
interpreted externally.

The key attribute is the possibility distribution,
which encodes the system’s belief about the type of a given
entity. For example, Object_X may have a distribution over
types such as can or bottle, with associated degrees of
plausibility.

π(Object_X) = [can : 0.7, bottle : 0.4, bag : 0.9]

Additional possibility-focused attributes are introduced for
certain reasoning contexts, containing information about prop-
erties such as color and quantity:

• color possibility distribution captures un-
certainty about an entity’s color.

• quantity possibility distribution
captures uncertainty in an entity’s content quantity
(e.g., food amount, paint amount)

These attributes are integral to the reasoning pipeline: they
enable action validation, track hypothesis evolution, and model



uncertainty propagation over time. The actual formalization of
the possibility distributions is defined in Section V, whereas
their usage within the reasoning structure is described in
Section VI.

V. POSSIBILITY DISTRIBUTIONS

At the base of the proposed reasoning approach stands the
concept of a possibility distribution π, a formalism from possi-
bility theory that assigns a degree of possibility to alternatives,
without requiring complete or probabilistic knowledge.

Formally, a possibility distribution πX : DX → [0, 1]
assigns to each value x in the domain DX a plausibility score
π(x). Within the created reasoning solution, πX is used for
different elements and for different operations, as shown in
Figure 4, to represent graded uncertainty across multiple layers
of the knowledge graph. The different equations, presented in
the following sections, are inspired by the different methods
for constructing a possibility distribution defined by [21].

Fig. 4: The key types of possibility distributions present
(top part of figure) and corresponding operations that can be
performed (bottom part of figure)

A. Types

Possibility distributions are maintained across multiple con-
ceptual layers of the ontology. Every entity may carry dis-
tributions over its type (e.g., can, bucket) and observable
attributes (e.g., pose, color). These distributions persist
across time steps and are updated iteratively. Action-related
possibility structures, including expected effects, follow the
same construct, but follow different rules (see Section VI-C
for detailed explanation of this process and differences).

B. Key Operations

The following operations govern how possibility distribu-
tions are initialized, updated, and pruned during the reasoning
process.

a) Creation from Observation: Observed entities and
attributes are initialized using the confidence ϕ(x) ∈ [0, 1]
presented in the scene graph G:

π(x) = ϕ, ∀x ∈ Gt (7)

b) Creation from Rules: For inferred states, such as
actions, possibility is computed based on different satisfied
conditions (called preconditions, see Section VI-C). Here the
value(s) of π(x) are calculated using the following formula:

πaction = β ·min
(
c1 ·max

x
πp1

(x), . . . , cn ·max
x

πpn
(x)

)
(8)

In here β ∈ [0, 1] represents the intention factor of an
actor to execute a given action. The overall possibility of
a precondition (e.g. ∃HumanA or ∃Brush) is denoted as
pi. As preconditions can be different types of statements, pi
is directly extracted from the distributions of the different
statements. Lastly, ci is the confidence or importance weight
(typically ci = 1) in the different preconditions.

c) Merging: To integrate multiple sources of information
(e.g., prior belief πold and new input πnew), distributions are
merged as follows:

πnew(x) =

{
(1− α) · πold(x) + α · πobs(x), x ∈ πobs

γ · πold(x), x /∈ πobs
(9)

The weight α ∈ [0, 1] controls the trust in the new obser-
vation relative to prior knowledge and represents a particular
policy:

• α = 0: full trust in prior knowledge
• α = 1: full trust in new knowledge
• α = 0.5: equal weighting (compromise)
• 0 < α < 0.5: conservative approach prioritizing current

knowledge
• 0.5 < α < 1: prioritizes new knowledge

The parameter γ ≥ 1 applies discount to missing elements,
increasing uncertainty.

d) Decay: If no evidence is observed, distributions are
gradually degraded by a decay factor δ > 1 to reflect
increasing uncertainty over time:

π′(x) =

{
π(x), if x = argmax

x′
π(x′)

min(1, π(x) ∗ δ), otherwise, where δ > 1
(10)

e) Surprise: When incoming observations directly con-
tradict a current belief, conflicting entries in the distribution are
discounted or removed using factor λ. The specific discounting
mechanism depends on the entity type and the available
contextual information.

π(x)← λ · π(x), with λ≪ 1 (11)

VI. REASONING PROCESS

Building upon the foundation of possibility distributions,
the reasoning process is structured into three main modules:
(1) input process, (2) action evaluation, and (3) hypothesis
generation. These modules operate sequentially over each time
step, enabling the solution to integrate new information, assess
possible developments, and maintain a coherent up-to-date
world state representation.

Figure 5 illustrates reasoning loop. It begins from scene
graph input, passing through the core reasoning modules, and
finishing in an updated state, ready for the next cycle.



Fig. 5: This figure showcases a single step in the reasoning
process. It starts with a scene graph input, which describes the
information contained within an image. This is processed by
comparing incoming to existing knowledge. Afterwards action
rules are applied and hypotheses are generated. As a result at
the end of the loop there is set of hypotheses that describe
how the world should look like at the next time step.

A. Input

First step of the process shown in Figure 5 begins at
the scene graph input. A single scene graph represents a
single instance in time. It contains information about detected
entities, attributes, and relationships in a single image frame.
In this context each scene graph is interpreted as a snapshot
of the world state. Refer to Appendix B for example of how
the scene graph itself is constructed.

B. Process Input

To process the information from the scene graph (Process
Input step in Figure 5), the system compares it against the
current hypothesis and beliefs it has. Knowledge is either
confirmed, falsified, or new. This step involves iterating over
every statement in the scene graph, and aligning it to the
current information in the ontology.

a) Compare Entities: When evaluating entities, the sys-
tem first checks if an entity with the same unique id exists
in the knowledge base. Here it is assumed that the scene
graph would couple every individual entity it observes with a
unique id which is kept throughout the whole sequence (e.g.
an actor Sally always has id: Sally). Using this, the
system can assess whether the incoming information is about
the same individual. If the id is the same, then the system
checks the observed type. It can be that previously the object
was observed as human, but is now child or statue. In
such cases, the associated possibility distribution
is updated to reflect this new evidence. If the entity does not
exist in the ontology already, it is added directly - a logic that
is also applied to newly introduced attributes.

b) Compare Relations: Evaluating for the two types of
relations (special and actions), which can be observed, requires
different processing than entities. As shown in Figure 6 (dark
blue blocks), there are different outcomes that can come from
processing incoming relations.

• Create: If the relation is new, create a new instance of
the relation (e.g. painting) and a corresponding state

Fig. 6: On the left is the observation provided at time t,
which represents the current knowledge. On the right are the
possible next observations that can happen, considering the
concrete piece of information. The orange block represents
the reasoning context, white block is the relevant statement,
gray is what happens, and blue is the actual compare relation
operation.

(e.g. entity painting state). The possibility of the
relation is encoded within the possibility distribution of
the state.

• Confirm: If a relation is confirmed (it exists as it is
expected), then the possibility distributions are merged
according to Eq. 9.

• Remove: If explicit evidence appears that a relation does
not exist anymore, then it is removed. It is important
to note that determining when something does not exist
requires clear definition and extra logic.

• Decay: When one of the entities is not present (e.g. as
shown in Figure 6 the human is no longer visible in case
5), then the possibility of the relation state is decayed
according to Eq. 10.

• Change: When there is a clear change in the relation (e.g.
both human and bowl are present, but someone else is
now holding the bowl), then the relation is changed within
the ontology. The possibility is updated accordingly.
c) Evaluate Unobserved: If certain elements from the

current hypothesis are not observed in the new scene graph
(e.g. Human is no longer visible), their possibility distributions
are decayed following Eq. 10).

C. Action Rules

Next step of the reasoning process in Figure 5 is action
evaluation. The core of the reasoning process lies in the
generation, tracking and validation of actions. Those serve
as hypothesis about possible interactions or events that can
occur in the environment. Their modeling relies on a rule-
based approach structured in four main steps: preconditions,
creation, effect, and validation. Each one of those is explained
in the following paragraphs.

a) Preconditions: Each action rule defines a set of pre-
conditions. Those can be logical or relational requirements,
that must hold in the current world state for an action to
be possible. Here, as seen in Figure 7, preconditions can be
relations (e.g. Human holding Brush) or existence of entities



Fig. 7: Example of how the rule of the action painting
functions - steps and type of artifacts generated

(e.g. ∃Paint). Preconditions can be defined directly within
the ontology in the form of rules or constraints. They can also
be within another part of the reasoning system (e.g. Python
functions).

b) Creation: If there are fulfilled preconditions, then
the particular action is considered possible. In this case the
assumed action instance is created by adding the following to
the ontology:

• Action state entity (e.g. painting state,
which represents the assumption that the action is taking
place. Its possibility is calculated following Eq. 8.

• Action relation between state and key actor. Depending
on the concrete action the object of the action is unknown
(e.g. what object is being painted) unless otherwise
specified.

c) Effect: If an action is assumed possible, its intended
effect is generated alongside it. The form of the expected
effect of an action is knowledge, which is pre-defined within
the system (either in the ontology or as a rule in another
form). The effect is characterized by two main things: (1)
type of entity that is affected, and (2) property that is affected.
Therefore to generate an effect (Figure 8a), the following is
added to the ontology:

• A property, which is expected to change. An example can
be color or quantity. Depending on the concrete
action rules defined within the knowledge, its value can
be either unknown (e.g. expected quantity) or derived
from the preconditions (e.g. color should be white due
to presence of white paint).

• A new entity, introduced as a result of the action. This is
defined to be a generic prespecified type (e.g. object).

As seen in the right side of Figure 8a, the effect is a special
type of entity. It has three distinct possibility distributions,
which serve different purposes.

• Type Distribution: It defines the type an entity can be
(e.g. can, fence, etc). At definition, unless specified
otherwise, this distribution contains only one element:
πeffect = [object: πaction]

• Instance Distribution: It defines which is the exact
individual within the current world, which fulfills the
role of the expected effect (e.g. Sally or Fence_A).
This distribution is initially created empty and it evolves
during the reasoning iterations.

• Attribute Distribution: It defines the possibility over
the expected attribute values (e.g. possible colors after

(a) Steps to create an effect from a given action

(b) Example of generated assumed effect for Eating action for
scenario 3, Image 4 (person holding a hot dog)

Fig. 8: Illustration of effect modeling: (a) steps in creating an
effect for a particular action, visualizing the concrete entities
and relations developed. (b) generated assumed effect for an
action in the reasoning process using the developed ontology.

painting). Unless specified otherwise, it is created empty
as there is no knowledge available.
d) Validation: Once an action and effect are assumed,

they must be continuously evaluated against the new informa-
tion. As every new scene graph introduces new knowledge, so
the assumptions need to be checked. There are two mecha-
nisms that are used to govern this process:

Fig. 9: To validate a generated effect, the system looks at
the available knowledge and updates the different possibility
distributions accordingly.

• Action Validity Check: At each subsequent time step,
the system should re-verify whether the preconditions for
assumed actions still hold. If not, the action hypothesis is
invalidated and decayed. It is not be fully removed from
the ontology, as it may still have occurred in the previous
time step, but it will not be generated as possible for the
next time step.

• Effect Concretization The system checks whether an ob-
served object reflects the expected outcome of an action.
This is done by monitoring the presence and change in
the target attribute in existing entities (Figure 9). The
belief that an object is the result of the concrete action
is updated based on the value of the key attribute.

– High possibility if the key attribute is present and
there is an expected change (e.g. 0.9).

– Medium possibility if the key attribute is present, but
there is no change yet (e.g. 0.4).



– Los possibility if there is no key attribute (e.g. 0.01).
Based on the attribute value of the compared object,
the instance is added to the instance distribution of the
effect (as the target object can be the created effect). The
type and attribute distribution of the effect are updated
by merging the information from the object with that
of the effect.

D. Hypothesis Generation

Once the action rules are evaluated, the last step (right
side of Figure 5) is to generate the expected hypothesis for
next time step t+ 1. This is derived directly from the current
knowledge and the updated possibility distributions. The key
assumption underlining this process is that if no plausible
actions are currently ongoing, then the world is expected to
remain unchanged. The generation process follows these steps
for each individual in the knowledge base K:

Fig. 10: This image shows how hypothesis generation uses
possibility distribution information to determine the next val-
ues. In the example case the highest possibility value for the
attribute color is white, so the new Fence instance will be
created with expected color white instead of brown.

1) Evaluate Possibility Distributions: For each entity and
its attributes, extract the most plausible value from
their respective possibility distributions (as shown in
Figure 10. This includes:

• Entity Type (e.g., can, dog, bowl)
• Attribute Values (e.g., color = white, pose =
sitting)

For entities or attributes which are present, but may not
include a possibility distribution (e.g. location_x),
the entities and attributes are directly copied to the next
time step without changes.

2) Generate Hypothesis: Use the selected values to create
a new instance (or version) of the individual at time t+1,
annotated with the extracted attributes and relations.

3) Mark as Assumed: All generated individuals are tagged
as assumed, with observed = false and times-
tamp time-step = t+ 1, indicating their hypotheti-
cal nature.

This approach allows the system to maintain a consistent
timeline of evolving hypotheses. The result is that different
versions of the same individual across time steps are tracked
and linked, enabling temporal reasoning, backtracking, and

the evaluation of whether projected expectations were met or
contradicted.

VII. PROOF OF CONCEPT

A first proof of concept is developed based on the described
principles in Section VI.

A. Construction

The core functionality of the proposed reasoning system
is implemented as a Python script. The underlying ontology
is constructed using TypeDB, where the schema defines the
structure of entities, attributes, and relations. For each time
step, all observed instances are stored as separate instances in
the ontology.

Input is provided in the form of pre-processed hand-crafted
scene graphs, formatted as JSON files (See Appendix B for
examples). These contain entities, attributes, and relations
extracted and annotated for a concrete time step. The created
ontology contains entities, grouped in four main classes:
actor, object, state, and property. The first three
are used to represent the needed information for action im-
plementation, whereas the latter supports the definition of
effects. There are 6 action rules: painting, eating, cooking,
putting, giving, making (for concrete definition of each one,
refer to Appendix D). There are multiple different attributes,
focused on defining possibility distributions and other relevant
properties (see Appendix C for complete list).

The main reasoning components, described in Section VI
and illustrated in Figure 5 are implemented as modular Python
functions. These functions encode the domain rules, action
preconditions and effects, and manage the propagation and
revision of knowledge over time. Possibility distributions are
represented as lists and handled entirely in Python, then
stored in the ontology as string attributes for reference and
persistence.

B. Parameters

Within the system’s reasoning process, there are five key
parameters coming from the possibility distribution operations
(See Section V-B). Their values directly influence how the sys-
tem handles uncertainty and belief revision, and are selected
to support flexible yet consistent behavior during testing:

• Confidence of Preconditions (cn = 1): All precondi-
tions are treated as equally important, due to the lack
of differentiated priority information defined within the
rules.

• Decay Factor (δ = 1.1): It is chosen to introduce
gradual uncertainty increase without drastically changing
the distribution in a single step.

• Intention Weight (β = 1): This assumes all actions
are equally possible, reflecting the absence of contextual
intention indicators in the ontology K or in the scene
graph Gn.

• New Information Weight (α = 0.5): Incoming infor-
mation from scene graphs is considered equally certain
when compared to existing hypotheses.



• Missing Information Discount (γ = 1.1): Similar to the
decay, the uncertainty in the partial missing information
for a possibility distribution (when there is incoming
information about only part of the values present in the
current distribution) is gradually introduced.

These parameters form the foundation for how possibility
is propagated, merged, or revised as new information arrives.
In future iterations, their values could be adjusted dynamically
based on observation confidence or environmental context.

C. Test Cases

Three test sequences (Figure 11) evaluate system perfor-
mance under increasing complexity. Each sequence represents
a distinct level of complexity in terms of observed interactions,
temporal gaps, and ambiguity.

Fig. 11: The three test cases considered, outlining
different scenarios in four pictures. Source:
https://www.preschoolmomandkids.pk/product/
story-sequencing-4-scene-set-1-2/

• Basic: A fully observable, single-action scenario with
clear, deterministic transitions. Serves as a baseline to
verify core reasoning functionality.

• Medium: A two-actor interaction introducing ambiguity
in agency and participation. Tests the system’s capacity
for relational reasoning and distributed effects..

• Complex: A temporally sparse, multi-step sequence in-
volving compound actions (e.g., fire, cooking, eating).
Evaluates reasoning under uncertainty, incomplete ob-
servability, and multiple plausible interpretations.

VIII. RESULTS

To evaluate the performance of the developed solution, a
qualitative approach is chosen. As there are no other solutions,
which do directly the same type of task, one of the chosen
measures is that of an expert. It can be argued, that if a human
can explain why a sequence is logical, then the solution should
also get high possibility indicators. It is about understanding,
making sensible and stable results.

A. Validation Parameters

To validate the process, there are 4 main parameters that
are considered for every sequence over all four images:

1) Confirmed Hypotheses: the number of hypotheses
whose values are explicitly supported or matched in
the subsequent observation. In a correct sequence this
should be high.

2) Falsified Hypotheses: the number of hypotheses con-
tradicted by later observations (e.g., predicted ‘color =
blue‘, observed ‘color = red‘). In a correct sequence this
should be low.

3) Decayed Hypotheses: hypotheses that remained uncon-
firmed over time and were gradually discounted due to
lack of supporting evidence.

4) New Knowledge: the quantity of statements introduced
in the new observation that were not present or inferred
in the prior state. In a correct sequence the quantity of
new (surprise) information should gradually decrease as
the system gathers more knowledge about the world.

These metrics allow for analyzing the alignment between
the evolving internal world model and the actual incoming
scene graphs. High confirmation and low falsification indicate
coherent and plausible reasoning. Conversely, a high volume
of unexpected new knowledge or decays signals more uncer-
tainty.

B. Overall Quantity

Figure 12 provides a graphical overview of the variation
of the parameters, described in the previous section, over the
different sequences for Scenario 3 (for the results of Scenario
1 and 2, refer to Appendix E).

As can be observed, there is no clear or consistent pattern
that distinguishes one sequence as significantly better than the
others. Interestingly, the sequence that achieves the highest
number of confirmed hypotheses is not the one that is expected
to be correct.

A key insight can be drawn from the behavior of the
red line, which represents new or surprising information.
Intuitively, in a correct sequence, one would expect that the
amount of surprising information is high at the beginning
and then gradually decreases. This would reflect the system
acquiring most of the new knowledge early and refining it
over time. Therefore, in (wrong) sequences like 14 or 20, the
opposite happens — the red line spikes or increases over time,
suggesting accumulating surprises, which is a strong indicator
of inconsistency. In Sequence 20, for instance, the system
receives more new information as time progresses, which
contradicts the expected temporal flow. This corresponds with
expectations as those are incorrect sequences. In contrast,
Sequence 1 (the correct sequence) shows a gradual decline in
surprises, which better fits the expected behavior. This pattern,
however, does not appear to be consistent over all wrong
sequences.

It is also important to note that the example in Figure 12
is from the most complex test case and thus expected to have
the worst performance. Looking at the results in Appendix E,
similar limitations are visible across scenarios. In Scenario 1,
the new information (red line) generally decreases over time,

https://www.preschoolmomandkids.pk/product/story-sequencing-4-scene-set-1-2/
https://www.preschoolmomandkids.pk/product/story-sequencing-4-scene-set-1-2/


Fig. 12: Analysis for all sequences for Scenario 3. Each graph shows four different metrics: red represents new (surprising)
hypotheses; green represents decay; blue represents confirmed hypotheses; orange represents falsified hypotheses. The shading
of every graph shows the sequence consistency: white background means the images are in expected consecutive order (e.g.
image 1 followed by 2), gray means a step is missed (e.g. image 2 followed by image 4), read means wrong sequence (e.g.
image 4 followed by image 3). The graph highlighted in orange is the graph with the highest amount of confirmed hypotheses.

as expected, yet the confirmation and falsification patterns
remain too similar across sequences to be informative.

The dominance of the green line, representing decay, is
also noteworthy. It likely results from the large temporal gaps
between the images. When much changes between time steps,
the system struggles to maintain continuity, and information
from the previous step is degraded. This stands in contrast to
the decay trend seen in Figure 14, where the scene changes
less, and observed information remains stable. However, while
interesting to observe, it also does not provide a measure
based on which one can compare and distinguish sequences.
Similarly, the difference between confirmed and falsified hy-
potheses appears to be too similar between the different cases
to be able to create a clear distinction.

Overall, the plots reveal that many sequences produce
similar metric trends, especially in terms of rising decay. Con-
firmed and falsified information does not vary clearly enough
to distinguish correct from incorrect temporal orderings. This
suggests two possibilities: either the reasoning system is not
sufficiently sensitive to temporal correctness, or the current
set of metrics is not expressive enough to reflect meaningful

differences in sequence quality.

C. Analysis

The overall results offer initial insights, but appear to fall
short of providing definitive conclusion about which reason-
ing sequence is correct. As visible in Figure 12, ambiguity
remains, and many variations appear equally plausible, where
to a human that would not be the case (even if for some cases
it can be argued that many image sequences can be true). This
can be explained by looking at three main factors.

a) Evaluation metrics: Current metrics count confirmed
and falsified hypotheses equally, regardless of the underlying
possibility values. A minor confirmation (π = 0.1) is weighted
the same as a strong one (π = 0.7), weakening the distinction
between plausible and implausible outcomes. The assumption
that correct sequences yield more confirmations does not
consistently hold.

b) Variability: Possibility parameters (See
Section VII-B) are fixed across time and context. For
instance, incoming data and internal hypotheses are weighted
equally, and all actions are treated as if they have equal
intention (a human is just as likely to paint as they are to



eat). This uniformity reduces sensitivity to context and limits
the system’s ability to prioritize.

c) Action Under-Specification: The current system in-
cludes only six predefined actions with simplistic rules. These
lack contextual constraints such as object affordances or
resource availability (beyond simple existence of a resource).
As a result, actions are often inferred in cases where a human
would not expect them. Limited test case diversity further
restricts meaningful validation.

IX. DISCUSSION

This work presents a novel approach to scene-based reason-
ing using possibility theory. While the proposed framework
demonstrates promising capabilities, the research on this topic
is only at the beginning. There are several limitations that must
be acknowledged which point to specific directions for future
research.

A. Limitations

The current implementation constitutes a proof of concept
developed under a number of simplifying assumptions and
design decisions. While this supports initial experimentation,
it limits expressiveness and real-world applicability.

a) Input Generation: Scene graphs are manually created
and assumed to be complete and accurate. This introduces bias
and overlooks the uncertainty and noise present in computer-
ized data extraction. The current design therefore may assume
a higher (or lower) fidelity and information density than would
likely be encountered in practical settings.

b) Ontology Consistency: Reasoning is implemented
procedurally in Python, with limited to no integration into the
ontology itself. As a result, consistency checks and contra-
diction detection are limited to explicit assertions and do not
account for implicit inconsistencies inferred from the ontology
structure.

c) Possibility Modeling: Although possibility distribu-
tions form the core of the reasoning approach, the parameters
that control their behavior (e.g., α for belief merging) are not
yet extensively tuned or explored. This limits the system’s
ability to reflect nuanced belief dynamics.

B. Future Work

Future work can address current limitations through en-
hancements across evaluation, modeling, and system architec-
ture.

a) Validation Metrics: The current evaluation, while
qualitative, is based on simplistic metrics. Introducing pos-
sibility values into the metrics evaluation would provide a
clearer overview of the performance. Distinguishing between
different types of confirmation and falsification, based on the
difference in possibility values (e.g. 0.1 versus 0.6) can provide
a less binary view on hypothesis. Additional metrics can also
be introduced such as trends in π(x), changes in values and
consistency in results. This can introduce an extra quantitative
exploration of the achieved behavior.

b) Richer Parameter Dynamics and World Representa-
tion: Future implementations should tune key parameters
(α, β, γ, δ, cn) dynamically. This can be done based on addi-
tional defined knowledge within the ontology. This can for ex-
ample further define what is more or less expected (e.g. human
painting fence versus human painting grass) Alternative could
be assessing available incoming information (e.g. contextual
factors, such as observation confidence, human intent, or
known sensor reliability). For instance, if a perception module
is known to misclassify the holding relation, its impact on
hypothesis confidence should be appropriately discounted.

c) Enhanced Action Modeling and Constraints: As ac-
tions are at the base of the reasoning algorithms, their ex-
tension should be a focus in future research. There can be
different directions for that. One can introduce compound ac-
tions (e.g. feeding = giving + eating). There can be conditional
effects based on preconditions (e.g. color of paint influences
expected color change). Affordance-based filtering can help
generate more concrete effects (e.g. only certain objects can be
painted). Action can have different types of effects depending
on extra conditions that occur in different time steps. Actions
can also be inferred based on an observed effect rather than
preconditions (a fence has changed color compared to previous
time step, so painting must have occurred). Such extensions
could enhance interpretability and support adding capabilities
such as abductive reasoning.

X. CONCLUSION

This work introduced a reasoning framework based on
possibility theory. Its goal was to show how concepts from
possibility theory can be applied to open-world reasoning
tasks, where information is often uncertain or incomplete. The
main challenge was scoped to a concrete task. The aim was to
develop a solution, which can determine the correct sequence
of incoming scene graphs by understanding what happens in
the world and what is realistically possible.

The developed solution relies on a structured world model,
built as an ontology, which provides knowledge about how the
world could look like. This model is extended with possibility
distributions that capture beliefs about the types and attributes
of entities, providing a way to model uncertainty along with
knowledge. This ontology is used as a starting point for
a reasoning process, which can process an incoming scene
graph. It compares the incoming information to its current
knowledge, applies action rules, and generates new hypotheses
for the next time step. At each step, possibility distributions
guide how the system evaluates plausibility, tracks belief
changes, and responds to new information.

While the final results were not as strong as expected,
the work marks an important first step. It shows that possi-
bility theory can offer a structured and flexible foundation
for reasoning in uncertain environments. Even in its early
form, the approach demonstrates potential. This opens several
directions for future work—both in improving the technical
implementation and exploring more advanced reasoning use
cases.
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APPENDIX A
POSSIBILITY PRIMER

Possibility theory is a mathematical framework for repre-
senting and reasoning with uncertain, imprecise, or incomplete
information. It was introduced by [17] as a qualitative coun-
terpart to probability theory. It was formalized by [27] and
further developed by [18]. It provides a foundation particularly
well-suited to cases where information is vague or incomplete,
rather than random.

A. Main Concepts

Possibility theory defines two dual measures of uncertainty
for an event A (a subset of a universe of discourse U ):

• Possibility measure Π(A): Indicates the degree to which
event A is plausible: i.e., not contradicted by the available
knowledge.

• Necessity measure N(A): Indicates the degree to which
event A is certain: i.e., guaranteed by the available
knowledge.

These two measures are connected by the duality:

N(A) = 1−Π(¬A)

where ¬A denotes the complement of A in the universal set U .
There are key axioms [14] that define the notion of possibility
and necessity. For the arbitrary events A,B ⊆ U :

• Π(∅) = 0: The empty event is impossible.
• N(∅) = 0: The empty event is never necessary.
• Π(U) = 1: The universal event is fully possible.
• N(U) = 1: The universal event is necessarily true.
• Π(A ∪ B) = max(Π(A),Π(B)): The possibility of a

union is the maximum of the individual possibilities
(maxitivity).

• N(A ∩ B) = min(N(A), N(B)): The necessity of a
conjunction is the minimum of the individual necessities
(minitivity).

B. Possibility Distribution

The possibility theory uses possibility distribution π to
represent the state of knowledge of an agent over a variable
X taking values in a domain X .

π : X → [0, 1]

For each value x ∈ X , π(x) represents the degree of
compatibility or plausibility that x is the true value of X , given
the available knowledge. A value of π(x) = 1 indicates full
plausibility, while π(x) = 0 means x is considered impossible.
This can be used, following the formalization of [18] to
evaluate the possibility, denoted Π with Π : 2Θ → [0, 1], of
an event A using

Π(A) = sup
s∈A

π(s)

It is used to evaluate consistency where Π(A) represents the
degree to which A is considered plausible (possible) given the
possibility distribution π. Mathematically this means looking
for the supremum (sup) within π.

Fig. 13: Comparison of different belief logics in possibility
theory; Figure 1 from [19].

Similarly, necessity N quantifies the degree of certainty of
an event A using

N(A) = inf
s/∈A

1− π(s)

This evaluates whether a given event A is implied by the
possibility distribution π. Mathematically this means looking
for the infimum (inf) within π.

Those two measures are at the foundation of the possibility
logic, where formulas are represented as a pair of propositional
formula α and certainty degree λ of the form (α, λ).

This notion is formalized by [19] into Generalized possi-
bilistic logic, shown in Figure 13.

C. Comparison with Probability Theory
Possibility theory differs fundamentally from probability

theory in how uncertainty is aggregated:
• Additivity (Probability): P (A ∪B) = P (A) + P (B)−

P (A ∩B)
• Maxitivity (Possibility): Π(A∪B) = max(Π(A),Π(B))
• Ignorance: Possibility theory can represent complete

ignorance by assigning π(x) = 1 for all x, something
probability theory cannot do without assigning a uniform
distribution (which implies knowledge of equality).

APPENDIX B
SCENE GRAPH INPUT

This appendix provides the structured scene graph input data
used for reasoning and validation throughout the scenarios.
Each image is represented as a graph consisting of nodes
(entities) and edges (relations) with associated attributes and
confidence values.

A. Notation

• Node: An entity with ID, type, and attribute list.
• Edge: A directional relation between two entities.
• Attributes: Named properties with values and confidence

scores.
The following pages contain representative JSON-formatted

inputs for three example scenarios.



B. Scenario 1 - Image 3 - Painting

{"nodes":[
{"id":"HumanA", "type":"human", "confidence":0.98,
"attributes":[
{"name":"pose", "value":"standing", "confidence":1.0 }

,
{"name":"location_x", "value":2.9, "confidence":1.0 },
{"name":"location_y", "value":0.5, "confidence":1.0 }

]
},
{"id":"CanA", "type":"can", "confidence":0.92,
"attributes":[
{"name":"location_x", "value":2.8, "confidence":0.9 },
{"name":"location_y", "value":0.45, "confidence":0.9 }

]
},
{"id":"FenceA", "type":"fence", "confidence":0.95,
"attributes":[
{"name":"color", "value":"white", "confidence":0.9 },
{"name":"color", "value":"brown", "confidence":0.2 },
{"name":"location_x", "value":3.8, "confidence":1.0 },
{"name":"location_y", "value":0.5, "confidence":1.0 }

]
},
{"id":"WhitePaint", "type":"paint", "confidence":0.85,
"attributes":[
{"name":"color", "value":"white", "confidence":0.8 }

]
},
{"id":"BrushA", "type":"brush", "confidence":0.92,
"attributes":[
{"name":"location_x", "value":2.9, "confidence":0.95 }

,
{"name":"location_y", "value":0.65, "confidence":0.95

}
]

},
{"id":"Ground", "type":"ground", "confidence":0.95 }

],
"edges":[
{"source":"HumanA", "target":"BrushA", "relation":"

holding", "confidence":0.95 },
{"source":"HumanA", "target":"FenceA", "relation":"

painting", "confidence":0.9 },
{"source":"HumanA", "target":"FenceA", "relation":"facing

", "confidence":0.95 },
{"source":"CanA", "target":"Ground", "relation":"

isLocated", "confidence":0.9},
{"source":"CanA", "target":"WhitePaint", "relation":"

contain", "confidence":0.6 }
]

}

C. Scenario 2 - 2: Pouring Food

{
"nodes":[
{"id":"HumanA", "type":"human", "confidence":0.98,
"attributes":[
{"name":"pose", "value":"standing", "confidence":0.9 }

,
{"name":"location_x", "value":0.5, "confidence":1.0 },
{"name":"location_y", "value":0.5, "confidence":1.0 }

]
},
{"id":"DogA", "type":"dog", "confidence":0.95,
"attributes":[
{"name":"pose", "value":"standing", "confidence":0.85

},
{"name":"location_x", "value":0.6, "confidence":1.0 },
{"name":"location_y", "value":0.5, "confidence":1.0 }

]
},
{"id":"Bowl", "type":"bowl", "confidence":0.85,
"attributes":[
{"name":"location_x", "value":0.6, "confidence":1.0 },
{"name":"location_y", "value":0.45, "confidence":1.0 }

]
},
{"id":"Shelf", "type":"shelve", "confidence":0.85,

"attributes":[
{"name":"location_x", "value":0.6, "confidence":1.0 },
{"name":"location_y", "value":0.4, "confidence":1.0 }

]
},
{"id":"Bag", "type":"bag", "confidence":0.9},
{"id":"FoodA", "type":"food", "confidence":0.8,
"attributes":[
{"name":"quantity", "value":"10", "confidence":0.95}

]}
],
"edges":[
{"source":"HumanA", "target":"Bag", "relation":"holding",

"confidence":0.85},
{"source":"Bag", "target":"Shelf", "relation":"isLocated"

, "confidence":0.85},
{"source":"HumanA", "target":"Bag", "relation":"pouring",

"confidence":0.75},
{"source":"Bowl", "target":"Shelf", "relation":"isLocated

", "confidence":0.9},
{"source":"Bag", "target":"FoodA", "relation":"contain",

"confidence":0.75},
{"source":"HumanA", "target":"DogA", "relation":"facing",

"confidence":0.8}
]

}

D. Scenario 3 - Image 3 - Cooking

{
"nodes":[
{"id":"HumanA", "type":"human", "confidence":0.98,
"attributes":[
{"name":"pose", "value":"sitting", "confidence":0.9 },
{"name":"location_x", "value":0.5, "confidence":1.0 },
{"name":"location_y", "value":0.55, "confidence":1.0 }

]
},
{"id":"Hotdog", "type":"meal", "confidence":0.9,
"attributes":[
{"name":"state_content", "value":"uncooked",

"confidence":0.87}
]

},
{"id":"FoodA", "type":"food", "confidence":0.9,
"attributes":[
{"name":"quantity", "value":"1", "confidence":0.95},
{"name":"state_content", "value":"uncooked",

"confidence":0.87}
]

},
{"id":"Stick", "type":"stick", "confidence":0.85},
{"id":"Rocks", "type":"rock", "confidence":0.8},
{
"id":"Wood", "type":"wood", "confidence":0.9,
"attributes":[
{"name":"quantity", "value":"multiple", "confidence":0

.95 }
]

},
{"id":"Ground", "type":"ground", "confidence":0.95},
{
"id":"Fire", "type":"fire", "confidence":0.9,
"attributes":[
{"name":"state_content", "value":"burning",

"confidence":0.87}
]

}
],
"edges":[
{"source":"HumanA", "target":"Stick", "relation":"holding

", "confidence":0.9 },
{"source":"Hotdog", "target":"Stick", "relation":"

isLocated", "confidence":0.85 },
{"source":"Hotdog", "target":"FoodA", "relation":"contain

", "confidence":0.85 },
{"source":"Rocks", "target":"Ground", "relation":"

isLocated", "confidence":0.85 },
{"source":"HumanA", "target":"FoodA", "relation":"cooking

", "confidence":0.9},
{"source":"Fire", "target":"Wood", "relation":"contain",

"confidence":0.9}



]
}

APPENDIX C
ONTOLOGY STRUCTURE

This appendix presents the ontology structure as imple-
mented in TypeDB. The ontology defines the conceptual
schema for representing entities, actions, and reasoning ar-
tifacts used throughout the system.

ENTITIES: ACTORS AND OBJECTS

entity actor;
entity human sub actor;

entity adult sub human;
entity child sub human;

entity animal sub actor;
entity dog sub animal;

entity object;
entity static sub object;

entity table sub static;
entity shelve sub static;
entity ground sub object;
entity room sub object;
entity fire sub object,

owns fase;

entity constituary sub object;
entity fence sub constituary;
entity brush sub constituary;
entity rock sub constituary;
entity stick sub constituary;
entity content-holding sub constituary;

entity cup sub content-holding;
entity bowl sub content-holding;
entity bag sub content-holding;
entity bucket sub content-holding;
entity stack sub content-holding;

entity content;
entity food sub content;
entity wood sub content;
entity paint sub content;

ACTIONS

relation action,
relates actor-role,
relates object-role,
relates action-state;

actor plays action:actor-role;
object plays action:object-role;
actor plays action:object-role;
state plays action:action-state;

relation holding sub action;
relation placing sub action;
relation giving sub action;
relation eating sub action;
relation painting sub action;
relation cooking sub action;
relation making sub action;

STATES

entity state,
entity holidng_state sub state;
entity placing_state sub state;
entity giving_state sub state;
entity eating_state sub state;
entity painting_state sub state;
entity cooking_state sub state;
entity making_state sub state;

EFFECT

relation changing,
relates state,
relates resulting-entity,
relates eff-attribute;

entity property,
entity color-property sub property;
entity quantity-property;
entity phase-property;

state plays changing:state;
object plays changing:resulting-entity;
actor plays changing:resulting-entity;
property plays changing:eff-attribute;

RELATIONS: SPATIAL AND CONTAINMENT

relation isLocated,
relates actor-role,
relates object-role,
relates action-state;

object plays isLocated:object-role;
object plays isLocated:actor-role;
actor plays isLocated:actor-role;
isLocated_state plays isLocated:action-state;

relation contain,
relates actor-role,
relates object-role,
relates action-state;

content-holding plays contain:actor-role;
content plays contain:object-role;
contain_state plays contain:action-state;

relation facing,
relates actor-role,
relates object-role,
relates action-state;

actor plays facing:actor-role;
object plays facing:object-role;
actor plays facing:object-role;
facing_state plays facing:action-state;

ATTRIBUTES - GENERAL

attribute originates, value string;
attribute id, value string;
attribute assumed, value boolean;
attribute observed, value string;



attribute time_step, value string;
attribute effect, value string;

attribute color, value string;
attribute distance, value string;
attribute fase, value string;
attribute quantity, value string;
attribute pose, value string;

attribute location_x, value string;
attribute location_y, value string;

ATTRIBUTES - POSSIBILITY DISTRIBUTION

attribute possibility_distribution, value
string;

attribute possibility_value_state, value
string;

attribute color_possibility_distribution,
value string;

attribute pose_possibility_distribution, value
string;

attribute fase_possibility_distribution, value
string;

attribute quantity_possibility_distribution,
value string;

attribute individual_possibility_distribution,
value string;

ATTRIBUTE OWNERSHIP

actor owns originates, id, assumed, observed,
time_step, effect, distance, pose,
location_x, location_y,
possibility_distribution,
individual_possibility_distribution,
pose_possibility_distribution;

object owns originates, id, assumed, observed,
time_step, effect, distance, pose,

location_x, location_y, color, quantity,
fase, possibility_distribution,
individual_possibility_distribution,
color_possibility_distribution,
quantity_possibility_distribution,
fase_possibility_distribution;

state owns originates, id, assumed, observed,
time_step, effect,
possibility_distribution,
possibility_value_state;

content owns originates, id, assumed, observed
, time_step, effect, location_x,
location_y, possibility_distribution,
quantity, color,
color_possibility_distribution, quantity,
quantity_possibility_distribution;

property owns originates, assumed, id,
time_step;

APPENDIX D
ACTION DEFINITION

There are six core actions, that are defined in the developed
proof of concept. For every action, aside from its definition
within the ontology, there is a class created in Python. It con-
tains clear definition of the different preconditions, expected
effects and validation principles.

A. Painting Action

The painting action is the key activity in Scenario 1. It
has three main defined preconditions and one effect. For the
current implementation it is considered that painting changes
the color of an object, disregarding cases where one paints
with the same color.

TABLE I: Action Template: Painting

Aspect Description
Name Painting Action
Definition The action of changing the color of an object.
Preconditions (1) ∃ Actor, (2) ∃ Paint, (3) ∃ Brush
Effects An object with a different color form originally ob-

served.
Validation
Principle

Check for object, whose color has changed compared
to previous time step. Alternatively look for object with
the same color.

B. Cooking Action

The cooking action is an activity present in Scenario 3. It
has three main defined preconditions and one effect. For here
only one method of cooking is considered: fire.

TABLE II: Action Template: Cooking

Aspect Description
Name Cooking
Definition Change the state of food from uncooked to cooked.
Preconditions (1) ∃ Actor, (2) ∃ Food, (3) ∃ Fire
Effects Food changes state from uncooked to cooked.
Validation
Principle

Check for food, whose state has changed from un-
cooked to cooked. Alternatively look for food that is
cooked.

C. Eating Action

The eating action is part of Scenario 2 and 3. It can be
executed by different actors and it results in change in quantity
of food. It has three preconditions.

TABLE III: Action Template: Eating

Aspect Description
Name Eating
Definition Consuming quantity of food by an actor
Preconditions (1) ∃ Actor, (2) ∃ Food, (3) Food is cooked
Effects Food quantity decreases.
Validation
Principle

Check for food, whose quantity has changed (de-
creased) compared to the previous time step.



D. Placing Action

The placing action is part of Scenario 2 and 3. It can be
executed in different actors and it results in change in location
of an object. It has three preconditions. The exact placing

TABLE IV: Action Template: Placing

Aspect Description
Name Placing
Definition Change location of an object
Preconditions (1) ∃Actor, (2) ∃object, (3) Actor is holding object
Effects Position and/or pose and/or distance of object is

changed
Validation
Principle

Check change in distance and pose of one object
compared to others and the absence of a holding
relation.

action can be defined in different ways, depending on the exact
goal. In this case this action was aimed to support the action
of placing the bag of food on the shelf (as needed in Scenario
2) or the placing of wood on the floor for the fire (as needed
in Scenario 3).

E. Giving Action

The giving action is a special action, which showcases an
interaction between two actors and a key object. It is especially
crucial for Scenario 2, where the person is giving food to the
dog.

TABLE V: Action Template: Giving

Aspect Description
Name Giving
Definition Provide an object to another actor
Preconditions (1)∃ActorA, (2) ∃ ActorB, (3) ∃ Object, (4) ActorA

is holding Object
Effects Change location of Object and its proximity to ActorB
Validation
Principle

Check change in pose, distance, location of an object
compared to ActorB. Check for holding relation with
ActorA.

Giving can include transferring of different types of objects
between different actors.

F. Making Action

In the context of this work the making action is focused on
Scenario 3 and the making of a fire. It involves creating a new
object.

TABLE VI: Action Template: Making

Aspect Description
Name Making
Definition Making a new object (fire) from given materials.
Preconditions (1) ∃ Actor, (2) ∃ Wood
Effects An object fire is created.
Validation
Principle

Check for presence of fire. Secondary check if fire has
been lid compared to previous time step.

In the general case making would have different conditions,
as it would need to cover making of different objects. In that

context making can then be considered as needed an actor to
execute the action, an object with a particular affordance, and
needed material.

APPENDIX E
FULL SEQUENCE RESULTS

While Section VIII describes the results and presents one of
the test cases (Scenario 3), here the complete sequence results
are provided for the other two situations. As can be observed,
both Figure 14 and Figure 15 show similar results to what
is described in Section VIII. There is no clear indication that
puts one sequence to be significantly more distinctive than the
others. It can be seen that confirmed and falsified hypothesis
remain relatively close to each other. At the same time, new
(surprising) information (shown in red) is less fluctuating than
compared to Scenario 3 in Figure 12.



Fig. 14: Analysis for all sequences for Scenario 1. Each graph shows four different metrics: red represents new (surprising)
hypotheses; green represents decay; blue represents confirmed hypotheses; orange represents falsified hypotheses. The shading
of every graph shows the sequence consistency: white background means the images are in expected consecutive order (e.g.
image 1 followed by 2), gray means a step is missed (e.g. image 2 followed by image 4), read means wrong sequence (e.g.
image 4 followed by image 3). The graph highlighted in orange is the graph with the highest amount of confirmed hypotheses.



Fig. 15: Analysis for all sequences for Scenario 2. Each graph shows four different metrics: red represents new (surprising)
hypotheses; green represents decay; blue represents confirmed hypotheses; orange represents falsified hypotheses. The shading
of every graph shows the sequence consistency: white background means the images are in expected consecutive order (e.g.
image 1 followed by 2), gray means a step is missed (e.g. image 2 followed by image 4), read means wrong sequence (e.g.
image 4 followed by image 3). The graph highlighted in orange is the graph with the highest amount of confirmed hypotheses.
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