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1 Research Problem

A long standing goal of artificial intelligence research
is to create autonomous agents that are able to learn
rules describing how their environment works (e.g.
the effects of actions), and not have to rely on in-
flexible ‘hard-coded’ knowledge. This project aims to
create an agent that learns such rules in real time by
observing and experimenting. The agent is situated
in a complex virtual world that provides a rich sim-
ulation of real world physics, processes, other agents,
and an unlimited variety of objects. The agent is
able to interact with its environment by executing
actions and making observations, it ’sees’ the world
in terms of objects, properties and relationships. The
agent will learn symbolic qualitative models that de-
scribe how objects behave over time and the effects
of actions. This differs from the usual approach of
treating actions and behaviour as separate learning
problems. The simulation is designed to be as real-
istic as possible by incorporating many features that
make learning difficult. For example, the direct ef-
fects of a particular action may not be visible to the
agent.

The goal of this research is to the answer the ques-
tion of how an agent can simultaneously learn models
of action effects and qualitative behaviour in a com-
plex environment. The problem is challenging be-
cause realistic environments contain a variety of fea-
tures that each lead to non-trivial learning problems.
These include:

There are an unlimited number of objects
Other agents operate in the world

There are many interacting complex processes
Properties can be continuous or discrete
Actions can have multiple effects

Actions can have different effects in different sit-
uations

e Action effects can be stochastic, unobservable
and/or delayed

e Observations are noisy

The aim is not to solve all these problems by creating
an agent that learns perfect models; rather, the aim
is an agent that learns models which are sufficient to
plan future actions. An inaccurate model may cause
the agent to replan or abandon a goal, this is accept-
able.

The problem addressed here (of learning actions
and behaviour simulataneously in an unconstrained
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environment), is more general than that attempted
in previous work, however, a simplified approach is
taken by learning a state machine based model, rather
than the more sophisticated action and behaviour
representations normally used. Also, my system par-
titions the world into simple mechanisms and learns
each individually rather than trying to extract general
rules that apply in every situation. The remainder of
this paper explains these ideas in greater detail.

Related Work

This work builds on learning methods used in two
existing areas of research: algorithms that learn the
effects of actions, and algorithms that learn qualita-
tive rules. A body of work exists in both these areas
but there is no work that addresses the problem of
simultaneously learning both action effects and qual-
itative behaviour.

Frameworks for reasoning about systems qualita-
tively were first formalised in the 1980’s (see For-
bus (1984)). Since then, a number of algorithms
have been proposed for extracting qualitative con-
straints from sets of example behaviours (Coiera 1989,
Richards et al. 1992). These algorithms work in
highly constrained environments and assume only a
single process. More recently, powerful learning tech-
niques have been adapted to qualitative learning, in-
cluding inductive logic programming (Coghill et al.
2002, Srinivasan & King 2008), Bayesian networks
(Boxer 2001), and induced decision trees (Bratko &

Suc 2004). However, these systems still require rela-
tively constrained environments and do not allow for
the effects of actions.

An early formalisation of action models (including
their pre-conditions and effects) was a planning sys-
tem called STRIPS (Fikes & Nilsson 1971). A variety
of methods have since been developed for learning the
effects of actions, all of which use a STRIPS-like rep-
resentation. The focus of this area has been to learn
actions in increasingly difficult environments. For ex-
ample, Amir (2005) proposes a technique for dealing
with unobservable action effects. However, there are
none that work in a truly complex environment: they
rely on one or more aspects of the environment being
controlled and therefore eliminated as a learning dif-
ficulty. For example, the system described by Wang
(1994) requires there to be no changes to the environ-
ment between actions, which eliminates all processes
with ongoing behaviours.

The work most closely aligned to the goals of this
project is an agent that learns probabilistic rules by



observing a virtual environment (Zettlemoyer et al.
2005). It also addresses the same problem of mod-
elling a 3-dimensional world with realistic physics, in
particular the actions involved in building a tower of
blocks. The key difference is that it need only learn
the immediate effects of actions; it does not model
how objects behave once the action has completed
(e.g. a wobbly tower eventually falling over).

2 System Design/Methodology

The learning system consists of four parts:

e A 3-dimensional simulated virtual environment

e A mechanism for interacting with the environ-
ment

e A representation for modelling the behaviour of
the environment

e An algorithm for learning models from observa-
tions

The simulation: The agent’s world is built using
a free off-the-shelf game engine (www.blender.org)
with a real time rigid body physics engine
(www.bulletphysics.com). The flexibility of the game
engine means that any number of everyday scenar-
ios can be easily constructed. The learning difficulty
can also be easily controlled by introducing features
such as other agents, clumsy actuators, etc. The
agent’s current world is a kitchen containing a mul-
titude of everyday objects including a sink, oven and
dirty dishes. One limitation of the game engine is that
liquids are not simulated and therefore collections of
small spheres are used to approximate qualitative lig-
uid behaviour. Figure 1 shows a typical kitchen en-
vironment built in Blender for the agent to operate
in.

Figure 1: Interactive 3D Kitchen Environment.

Interaction: An interaction module built on top
of Blender allows the agent to act on and observe
objects. The agent receives a regular series of snap-
shots (at least one every second) containing all ob-
jects, properties and relationships in the scene (unless
they are marked as unobservable). For example, a cup
object may have a blue colour property and be related
to a plate as ‘touching’. Relationships and properties
requiring measurement are observed qualitatively —
the agent cannot observe exact quantities. For exam-
ple, the speed of a falling ball might be perceived as
the following triple < 0...00,inc, + >, indicating that
the current speed is greater than 0 (‘0...00”), the speed
is currently increasing (‘inc’), and has increased since
the last snap-shot (‘+’). Actions are implemented by

allowing the agent to attempt any pre-defined action
(push, move, drop, etc) on any object.

The model: The agent uses a representation that
supports partitioning the world into ‘systems’ of ob-
jects with a recognisable behaviour. Each of these
systems contains a set of objects, a context (specify-
ing a set of property values that must hold true for
the objects to constitute the system), a set of states
(each specifying a set of properties that are true for
this state), and finally, a set of transitions between
states (specifying actions or events that move the sys-
tem between states). Two categories of transitions are
used to model the qualitative behaviour of the system:
action transitions and ‘time passes’ transitions. Ac-
tion transitions represent the immediate effect of an
action; time passing transitions represent qualitative
state changes in the absence of an action.

There are a number of advantages to this ap-
proach. Firstly, actions and qualitative behaviour can
be learned together rather than employing separate
algorithms for each. Secondly, by focusing on a sin-
gle system the agent can learn a small subset of the
behaviour of its environment: extraneous events in-
volving objects not considered part of a system can be
ignored during the learning process. Thirdly, complex
systems can be broken down into easier to learn sub-
systems and then combined to describe the behaviour
of the system as a whole.

Learning Algorithm

The purpose of the learning algorithm is to construct
a qualitative system from real-time observations of a
small number of examples. It will learn from the re-
sults of the agent’s own actions and those of a teacher.
The algorithm proceeds by incrementally building the
system’s context, states and transitions. The algo-
rithm detects qualitative changes in the environment
and uses them as evidence to enhance the model.
Learning terminates when the model has stabilised
(i.e. no new states are being added); alternatively
the teacher can signal that learning should cease.

A key component of the algorithm is the heuristic
used to determine if a change in the environment is
relevant to the current system or should be ignored.
Irrelevant observations can arise from several sources
including the actions of other agents, background pro-
cesses and noisy sensors. The current implementa-
tion makes this distinction by focusing only on ob-
jects with properties that change immediately after
the agent (or teacher) performs an action. This ap-
proach fails to identify correct differences when the
agent performs an action and an irrelevant change co-
incidentally occurs immediately after the action. (A
more robust heuristic is in development that takes
into account a number of factors that indicate an ob-
servation is more likely to be relevant. For example,
an object is considered more likely to be relevant if it
is physically connected to or touching an object that
is already a part of the system.)

Figure 2 shows the pseudocode for the learning
algorithm. The rest of this section describes the key
steps in detail...

Step 1, initialisation. The three core components
of the system are: the context that specifies which ob-
jects are currently considered relevant to the system,
the qualitative states (which are specified by assign-
ing values to properties of objects in the context), and
finally the transitions between states. These all begin
as empty sets.

Step 2, the next snapshot of all objects in the cur-
rent scene is obtained by making a request to the
vision system. The response is a set of object obser-
vations and a set of action observations (if any).



LearnQModel

Let C be the set of objects in the system context
Let <S, T> be a directed graph of qualitative states
S and transitions T

Let scyrrent € S be the current state of the system

1) Initialise C, S, T to

Repeat:
2) Get next snapshot of observations

3) Update context with any new objects...
If an action occurred:
Find the set of objects O that have changed
Update the context, C = C U O
For each state s € S:
Add properties of objects in O to s

4) Determine new state...
Snew = the set of all properties of objects in C
Set all properties in s, to current observations

5) Add new state and transition...
If spew and Seyrrent are different:
If Spew ¢ S:
Add state, S = S U {spew}
Find transition t,,cy from S,e and Scyrrent
If thew ¢ T:
Add transition, T = T U {tpew}
Else:
Increment t,,¢,,.count
Update current state, Scyrrent = Snew

6) Stop if system is complete
Figure 2: Learn@QModel Pseudocode.

Step 8, update the context. If an action occurred
then we retrieve the set of objects whose properties
have changed since the last snapshot. These objects
are assumed to have changed as a result of the ac-
tion and should therefore be included in the system.
Therefore, any of these objects that are not already
in the context are added to it. All existing states
are updated with the properties of the new objects.
The value of the each property is set to ‘don’t know’
because the objects were ignored up to this point.

Step 4, determine the new state. The new system
state is specified using the properties of all objects
in the context. Each property is set to its currently
observed value.

Step 5, add new state and transition. The new
state is compared with the state of the previous snap-
shot. If they are different, then a state change has
taken place and a new state and/or transition may
be added. If the new state is not one of the system’s
existing states (i.e. the state has not been seen be-
fore) then it gets added. Similarly, a new transition
is added if the action (or lack of action) has not pre-
viously caused the current state change.

If the transition is not new then a counter is in-
cremented (any transitions observed only once can be
considered anomalous). Finally, the new state is set
as the current system state.

Step 6, a check is made to see if the system is
complete and learning can finish. The system is con-
sidered complete if no updates have been made for
X number of minutes, where X is a parameter of the
algorithm. An alternative is to have the teacher man-
ually stop the learning. (The requirement that an
observable change must happen every X minutes pre-
vents the agent from learning about processes that
take a long time. This is currently an unresolved is-
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Figure 3: The State Model Learned in the Bouncing
Ball Scenario. Unlabelled transitions are ‘time passes’
events where no action occurred.

sue.)

3 Preliminary Results

Early results indicate that the outlined approach is
feasible. The algorithm has been used to successfully
learn a number of simple systems within a constrained
environment. In these scenarios the agent observes
a teacher performing actions relevant to the system
being learned.

The first scenario concerns a tennis ball and the
effects of gravity. A ball is dropped by the teacher
and then bounces several times before coming to rest.
The agent observes the ball in terms of its qualita-
tive speed, acceleration and direction (direction is
observed relative to gravitational pull, i.e. ‘up’ or
‘down’); the agent also observes the qualitative dis-
tance of the ball to the ground. The resulting model
(see figure 3) shows the expected behaviour of the
ball. The ball can be in one of four states: held
above the ground, or falling (and accelerating), or ris-
ing (and decelerating), or on the floor. Dropping the
ball causes it start falling; over time, the ball moves
between the falling and rising states; eventually the
ball will be on the ground.

The transitions of the model are as expected with
the exception of the transition rising — on floor. It
is present because the time interval between snap-
shots is not fine-grained enough. The vision system
missed the falling state causing the agent to believe
that the ball moved directly from rising to on floor.
This issue is also the reason why the model does not
have a ‘suspended in mid-air’ state between the rising
and falling states. How to deal with the agent miss-
ing these kinds of transitions is a current issue; one
idea is to exploit the fact that a smoothly changing
continuous variable (e.g. the speed of the ball) must
transition through its qualitative quantity space with-
out skipping any values (i.e. if the ball had positive
speed and now has negative speed it must have been
stopped at some point).

The second scenario is more complex because it
involves several objects — a sink, some water, a tap
and a plug — and various different actions — turning
the tap clockwise, turning the tap counter-clockwise,
pushing the plug button. A further complication is
that the state of the plug (‘opened’ or ‘closed’) is hid-
den. The agent must learn how the water level in the
sink behaves. Figure 4 shows the model after just a
few actions. The agent has learned that pushing the
tap will cause an empty sink to start filling; pulling
the tap will cause the sink to stop filling; opening the
plug will cause the sink to start emptying and will
eventually be completely empty. The model is accu-
rate with the exception that it doesn’t distinguish be-
tween states where the plug is either open or closed. A
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Figure 4: The Tap and Sink Model After a Few Ac-
tions.
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Figure 5: A Screenshot Illustrating the Complexity
of the Complete Tap and Sink Model. There are 7
states and 22 transitions.

mechanism is required for detecting hidden variables.

The complexity of the complete tap model is il-
lustrated by the screenshot in figure 5. It shows the
system after all of its different behaviours have been
explored by many actions. This is an accurate model
but the combination of inflow and outflow processes
has meant that a large number of transitions, 22 in
total, were learned. A more useful pair of models may
result from learning the inflow and outflow processes
as separate systems.

The next phase of work focuses on the enhance-
ments already mentioned: a better focus heuristic,
dealing with missing states, and hidden variables.
Subsequent goals include creating a mechanism for
breaking complex systems into sub-systems (and re-
combining them), and introducing more challenging
scenarios.

4 Expert Advice Sought

I seek advice in two areas. Firstly, how to determine
the appropriate scope of research in an area that en-
compasses several hard sub-problems, and secondly,
how best to evaluate my results given that there is no
existing work addressing precisely the same problem.

The problem of scope applies to this project be-
cause it investigates a general problem (how to learn

common sense models in complex environments) that
requires solutions to several difficult sub-problems,
such as, how to deal with noisy observations, prob-
abilistic outcomes, hidden states, etc. One approach
would be to fully explore a single sub-problem. This
would involve creating an agent that learns perfect (or
at least very accurate) models in a constrained envi-
ronment. Work would then proceed by incrementally
increasing the complexity of the environment. Al-
ternatively, it may be more fruitful to use the most
complex environment from the outset, and then pro-
ceed by building and improving a more general (but
less accurate) algorithm.

Advice is also sought on how to evaluate results.
There is no existing work addressing the problem of
simultaneously learning actions and qualitative be-
haviour. The only option for comparative analysis is
to compare against the existing work that focuses on
learning either actions or behaviour as isolated prob-
lems. What might the pitfalls of this be? A second
evaluation technique is to assess the quality of the
models learned in specific scenarios against those cre-
ated by an expert (i.e. a human). What consider-
ations should be taken into account when choosing
these scenarios?
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