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Abstract

The capacity for knowledge representation
within simulated environments is a growing
field of research geared towards the inclusion
of detailed descriptors within the environment
through which to provide a virtual agent the
knowledge necessary to afford decision-making
and interaction. One such layer of represen-
tation is that concerning the natural-language,
or semantic, depiction of the environment and
the objects within it. However, even as tech-
nology grows more capable of representing
such information-rich environments the process
of authoring and injecting this knowledge has
largely remained a manual effort. Not only is
this effort arduous for the author in both time
and energy expenditure required, but the pro-
cess also lends itself to limiting the ontology of
the simulation further constraining the extent to
which such knowledge may be used.

Here we offer an affordable method for
semi-automating the generation and injec-
tion of semantic properties into a virtual
environment for the purpose of produc-
ing more natural agent-object interaction.
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1 Introduction

The utilizaion of semantics representation as
a key component in the construction of vir-
tual environments is a growing practice both in
academia and industry, particularly as a means
by which to afford virtual agents a greater form
of autonomy [1]. Regardless, the current process
by which semantics and their respective ontolo-

Figure 1: A ShrimpPlatter virtual object with
embedded semantic properties.

gies are constructed is unable to adequately keep
up with what is required of them.

We present in this paper a method and as-
sociated set of tools to facilitate the construc-
tion of semantic ontologies for virtual environ-
ments, as well as the generation of semantics
themselves. Section 2 discusses related work
in the field of semantic ontologies and their ap-
plication. Section 3 further explores the issues
surrounding current efforts at incorporating in-
creasingly large semantic ontologies into virtual
environmnets. Section 4 presents our tools au-
thored in response to these efforts and details re-
garding their function and capability. The paper
concludes with a discussion of potential appli-
cations of this approach, as well future work.



2 Related Work

The concept of object affordance offers us a
framework by which to characterize an agent’s
ability to perceive and interact with the environ-
ment in which it exists. While the notion of
an affordance varies in its use within the field
of human-computer interation [2], the definition
as originally put forth by psychologist James J.
Gibson [3] forms the basis on which this re-
search is motivated.

Gibson’s affordances are highlighted through
three defining characteristics [2]:

• Affordances present to an agent potential
interactions it may perform with respect to
that object’s current environment.

• The existance of an affordance is indepen-
dent of the agent’s ability to perceive it.

• The existance of an affordance is binary.

With particular respect to the first point, affor-
dances not only encapsulate the specific actions
themselves but descriptors which may in turn be
used to facilitate the performance of action.

Smart objects, as introduced by Kallmann and
Thalmann [4], apply the concept of affordances
to objects within a virtual environment in a more
generic manner. A smart object illustrates that
object’s functionality, possible interactions with,
and low-level manipulation descriptors in an ef-
fort to enable real-time interactions between the
agent and itself.

While the notion of smart objects is more con-
cerned with providing the abstracted behavioral
representations and functional aspects of an ob-
ject in application [5, 6, 1], this method for rep-
resenting affordances in a direct manner to the
agent provides a base through which to provide
most high-level descriptions.

The development of natural language ontolo-
gies for the representation of objects and their
affordances has been well-explored within the
field of AI. Bindiganavale el. al. [7] pioneered
the conceptualization of actions into an ontol-
ogy to support the execution of actions using
natural language instructions. Pellins et. al.
[8] have introduced the use of semantics for the
construction of virtual enviromemts at a concep-
tual level. Kalogerakis et. al. [9] proposed
the use of ontologies for the structuring of con-

tent within objects of a virtual environment us-
ing OWL graphs, while Pittarello et. al. [10]
similarly explored the use of X3D for annotat-
ing interactive environments with textual infor-
mation in a hierarchal form. Balint et. al. [11]
likewise studied the construction of hierarchies
of ontologies using semantic information to fa-
cilitate agent behavior.

Our implementation does not attempt to cre-
ate its own ontology but rather combines ex-
isting ontologies into a single framework upon
which virtual environments may be enriched and
maintained.

3 Incorporating Semantics

When handling the incorporation of semantics
into the virtual environment there are two pri-
mary issues that need to be addressed:

• The quality of the data being included.
• The inherent trade-off between the quantity

of information within a smart object and
that object’s extensibility.

In order to ensure the quality of the semantic
data within an object we utilize pre-fabricated,
open source lexical corpa. To allow for the in-
clusion of incresing amounts of object-specific
data we explore the further abstraction of smart
objects through modularization and runtime-
specific attributes.

3.1 Lexical Databases

As stated prior, the hand-crafting of object hi-
erarchies and semantic ontologies in the pro-
duction of virtual environments suffers from nu-
merous pitfalls inherent in the manual approach
itself. Such systems are often manufactured
around specific applications in simulation, re-
sulting in inflexibility with regards to scalability
and increased overhead in the time and effort re-
quired to maintain the model [1]. Additionally,
leaving the simulation author to construct their
own ontology not only detracts from time better
spent concerned with application of said ontol-
ogy, but also may result in models that are, while
functional, fundamentally incorrect in their con-
struction, resulting in problems later on.
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Figure 2: A Sample object hierarchy as generated through WordNet.

Many research endeavours have attempted
to assist in the production of relational hier-
archies through such means as crowdsourcing
[12, 13]. Crowdsourcing by nature operates un-
der an open world model, under the formal logic
assumption that the truth of a statement is in-
dependent of whether or not it is known by
any one individual to be true [14]. Irrespec-
tive of preventative steps taken to ensure the in-
tegrity of collected input, the gathering of infor-
mation from such a diverse population results in
data that may be misleading, irrevelant, or oth-
erwiase incorrect. This approach is fundamen-
tally in conflict with the closed-world model un-
der which we construct ontologies for game and
simulation, wherein what is known is fact and
what is not is assumed false. While it should not
be denied that crowdsourced data has its appli-
cation, there exist numerous drawbacks which
make it highly impractical for use within the
context of a closed-world system.

In order to provide for a more consistent
means of reliable data collection we approach
the use instead of established lexical corpa such
as WordNet [15], VerbNet [16], and PropBank
[17]. The primary focus on the use of these
corpa is their freedom of availability and ease of
accessibility. Additionally, for each corpus there
exist a variety of developent tools, facilitating
not only the manipulation of corpus data but also
the incorporation of this data into a development
cycle. Finally, the corpa are set up such that
the information contained within any one corpus
may be used in conjunction with the other two
corpa for the purposes of creating more com-

plex, complete environments.

3.2 Modularized Smart Objects

As originally shown by Kallmann and Thall-
mann [4], there exists a disjunction between the
specificity of information that may be contained
within a smart object, and the extensibility of
that object with respect to its applicability be-
yond the given scenario. While the overloading
of smart objects ostensibly results in the pro-
duction of entities which sit in direct contrast
to the core principles of the theory, strict adher-
ence to the prescribed level of abstraction effec-
tively limits the extent to which an implementa-
tion may otherwise allow for the enhancement
of a scene.

Therefore, in order allow for the inclusion of
increasingly detailed, domain-specific informa-
tion in the construction of smart objects, while
maintaining the concept’s fundamental notions
of generality and extensibility, it is necessary
to alter the approach itself by which smart ob-
jects are traditionally constructed by introducing
further abstraction in the form of smart object
modularization. Through further separating of
the knowledge representaion of objects from its
graphical representation, this approach enables
us to treat smart objects as more capable, gen-
eral entities than previously permitted.

4 Semantic Generation

The system is built in two parts. The pre-
runtime component encompasses the two tools



for semi-automating the generation of both an
object hierarchy as well as the requisite seman-
tic modules for the produced hierarchy. The
runtime component is composed of the Seman-
tic Module Handler (SMH) which acts as ab-
stracted knowledge layer between simulation
agent and object for managing the loading, dis-
semination, and interaction with all semantics in
an environment.

4.1 Hierarchy Generation

All pre-runtime components have been built us-
ing Python, an interpreted object-oriented lan-
guage [18]. Python scripts are easily testable
and capable of cross-platform operation. The
process by which object hierarchies are gener-
ated makes heavy use of the WordNet corpus, as
controlled through the use of the Natural Lan-
guage Processing Toolkit (NLTK) [19].

The WordNet database itself is organized into
a hieracrhy of synsets, or synonym sets, of the
form word.PartOfSpeech.synsetNumber
(e.g. rabbit.n.01). Each synset is representa-
tive of a single meaning of a given word, for which
there may exist multiple definitions. The construc-
tion of the WordNet hierarchy itself is that of a di-
rected acyclic graph with all nodes extending from
the most general form, entity.n.01. Therefore
the challenge in constructing hierarchies from this
data comes from first associating each object in a
scene to its proper synset definition, then properly
trimming the resulting hierarchy into a tree structure
more suitable for use in simulation.

To assist the simulation author in the construction
of an object hierarchy, all that is required is a list
of all the unique objects to be represented within a
scene, labeled in the form

object[ : keywords ]
The keyword arguments constitute assistive text

used in determining the proper synset to be associ-
ated with the given object. While optional, if none
are provided the author may be prompted to select a
specific definition upon hierarchy generation.

For example, if an environment is to include a
number of common household pets, the author may
include the following :

rabbit : fur ears lagomorph
cat
dog : canine mammal friend

An example hierarchy generated using this
method is presented in Figure 2.

Once a hierarchy is generated, a MySQL table
is injected into the simulation database ready for

immediate use by the author. Additionally, at this
stage all appropriate semantic modules are generated
and the object-module associations stored within the
database.

Objects Found Mismatch Accuracy (%) Time (s)
50 49 0 98.00 12.97
100 100 5 95.00 18.70
150 150 5 96.67 24.83
200 198 4 97.00 33.02
250 249 3 98.40 37.06
300 299 8 97.00 42.07
350 349 5 98.29 55.16
400 400 11 97.25 62.19
450 447 11 96.89 67.98
500 498 6 98.40 69.96

Figure 4: Testing of the hierarchy genera-
tion process was conducted over
an increasing number of randomly-
generated objects, measuring the de-
gree to which synsets were correctly
mapped back.

Tests were performed by creating object group-
ings of various size, consisting of objects extracted
from randomly-selected WordNet synsets. For each
hierarchy, the items were organized into a list in
the previously described object : keywords
format and the resulting list used to generate a hierar-
chy using our tool. The output list of paired synsets
was then compared with the original list to determine
overall accuracy.

This method for generation has been shown to be
exceedingly capable in its ability to accurately con-
struct object hierarchies, with an average 97.29%
success rate, as demonstrated in Figure 4. The mea-
surement of time shown relates not only to the con-
struction of the hierarchy, but also the generation of
all related semantics modules, as well as the writing
of all necessary information to the database. For ev-
ery 50 objects there appears an average 6.33 second
increase in overhead (Figure 5).

The process iteself is a one-time operation over-
head; once a hierarchy is produced there is no need
to re-run the tool except for when modifications to
the hierarchy itself are made.

4.2 Semantic Modularization
The underlying focus of modularizing smart object
components to facilitate the construction of better,
more accessible virtual environments relies not only
on the ability of the system to manage this informa-
tion during runtime, but also on the capacity to orga-
nize and manage this information during the design
process. For these reasons, an XML-like schema was
used utilized, as demonstrated in Figure 6.



Figure 3: The agent interacts with the virtual environment with the assistance of semantic affordances.

Figure 5: Increasing the number of unique ob-
jects in a scene has minimal effect on
the time taken to compute a new hier-
archy and generate the appropriate se-
mantic modules.

The structure of each file is provided to be easy to
maintain and extend by the simulation author. The
name of the file corresponds to the specific WordNet
synset from which it was produced to avoid conflict
with similarly-defined objects. Semantic affordances
are stored as qualitative properties of the form
<type value>. This allows us to further delini-
ate our semantics into textual descriptors relating to
higher-level illustrative properties and those relating
more directly to specific actions which may be af-
forded by the object.

Modules themselves are not limited to establish-
ing attributes of specific objects as the example
demonstrates, but may be defined instead as collec-
tions of related affordances of any general type. As
a result, it is possible to have modules such as Dry,
Mammal, or John.

bowl 01.mod
<name>bowl_01</name>
<modType>object</modType>
<class>PhysicalObject</class>
<state>entity</state>
<qualitative>

<prop val="round"/>
<prop val="vessel"/>
<prop val="holding"/>
<prop val="top"/>
<prop val="food"/>
<prop val="container"/>
<act val="hold"/>
<act val="contain"/>

</qualitative>

Figure 6: A sample semantic module containg
relational semantics for object bowl.

To specify the relation of modules to their respec-
tive virtual objects at runtime, the existence of these
modules are stored in an indexed list within the pro-
vided runtime database. Correspondences between
object and module are then stored in a separate
table which is then referred to when loading objects
into an environment.

4.3 Runtime Performance
The management of semantic modules at runtime is
controled by a separate handler, the SMH, in an im-
plementation similar to the actionary as developed
by Bindiganavale el. al. [7]. A hierarchical approach
was necessary to allow for a greater level of preci-
sion and control over the dissemination of semantics
accross an increasinly complex virtual environment.
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Modules are loaded into the simulation once on
an per-need basis, utilizing the open source tool
RapidXML [20] to limit the overhead cost to frac-
tions of a second per file. As each file is loaded
a corresponding container, an SMod, is created into
which the appropriate semantics are stored, to be dis-
tributed to further instances of the object without ne-
cessitating subsequent rereadings. Instances of smart
objects themselves are appended with site containers
which act as intermediaries between the object and
handler. The site containers themselves store seman-
tic regions, which are capable of representing indi-
vidual segments or the whole of an object. It is these
regions into which semantics from the handler are
transferred and subsequently interacted with. The
complete system hierarchy is illustrated in Figure 7.

Given a hierarchy constructed of 50 objects cho-
sen at random, with a resulting 300 generated seman-
tic values, the scalability of the system was tested
over a set of randomly-generated environments. The
two primary areas of concern over the applicability
of the given implementation were the initial overhead
of injecting semantics into the environment (Figure
8) and the processing time required for semantic-
based agent-object interaction (Figure 10).

The processes of loading an environment and in-
jecting it with the necessary semantics occur in par-
allel. Therefore, in order to measure the speed at
which semantic affordances were both loaded into
the system as well as disseminated across all appro-
priate virtual objects, it was necessary to first cal-
culate the average time required to load each scene

without the given affordances. From this we were
able to approximate the injection speed of seman-
tics within each environment, as shown in Figure 8.
Overall, the speed at which semantics were injected
increased at a rate proportional to two seconds per
100 objects, or 600 semantic inclusions (Figure 9).

Objects Approx.
Semantic
Count

Injection
Speed (s)

Total
Load
Time (s)

100 600 13 36
200 1200 14 37
300 1800 17 40
400 2400 18 41
500 3000 21 44

Figure 8: The measured performance of the
distribution of semantic affordances
across a suite of increasingly large
randomly-generated environments.

Figure 9: The time necessary to inject a vir-
tual environment with semantic affor-
dances proportional to the total load
time of the scene.

While the preprocess overhead time required for
injection is demonstratably linear with respect to the
size of the environment, it must also be computation-
ally feasible to utilize these semantics during run-
time, particularly through the carrying out of agent
tasks. To test this, the agent was placed within the
generated environments and directed to walk from
one end to the other, such that all objects were caused
to enter its field of perception. Figure 10 presents the
results of these tests. The complexity of agent search
through its environment is roughly O(log(n)), with
respect to the number of searchable semantics.



Objects Approx.
Semantic
Count

Average Search
Time (ms)

100 600 1
200 1200 2
300 1800 2
400 2400 3
500 3000 3

Figure 10: The process of searching through
the semantics of objects within an
agent’s field of perception has a neg-
ligible impact on the overall perfor-
mance of the simulation.

5 Conclusion
In this paper we have proposed a method geared to-
wards facilitating the construction of semantic on-
tologies for virtual environments, as well as an ap-
proach for the generation of semantic affordances
and their inclusion within these environments. The
method has been shown to be computationally ef-
ficient in its implenentation and scalable across di-
verse environments of varying size and semantic in-
clusion.

A future extension of this work would be to more
fully integrate the framework with high-level agent
planning systems, using the embedded semantics in
a more direct manner in order to assist behaviour and
decision making processes.
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