Physical knowledge in patterns: Bayesian
network models for preliminary design
Berardo Naticchia

Computer applications in design have pursued two main development directions:
analytical modelling and information technology. The former line has produced a
large number of tools for reality simulation (i.e. finite element models), the latter is
producing an equally large amount of advances in conceptual design support (i.e.
artificial intelligence tools). Nevertheless we can trace rare interactions between
computation models related to those different approaches. This lack of integration
is the main reason of the difficulty of CAAD application to the preliminary stage of
design, where logical and quantitative reasoning are closely related in a process
that we often call ‘qualitative evaluation’. This paper briefly surveys the current
development of qualitative physical models applied in design and propose a general
approach for modelling physical behaviour by means of Bayesian network we are
employing to develop a tutoring and coaching system for natural ventilation
preliminary design of halls, called VENTPad.
This tool explores the possibility of modelling the causal mechanism that operate
in real systems in order to allow a number of integrated logical and quantitative
inference about the fluid-dynamic behaviour of an hall. This application could be
an interesting connection tool between logical and analytical procedures in
preliminary design aiding, able to help students or unskilled architects, both to
guide them through the analysis process of numerical data (i.e. obtained with
sophisticate Computational Fluid Dynamics software) or experimental data (i.e.
obtained with laboratory test models) and to suggest improvements to the design.
Keywords: Qualitative physical modelling, preliminary design, Bayesian
networks.

Introduction
This paper describes VENTPad, a learning
environment we are implementing, that captures a
substantial fraction of natural ventilation knowledge
and is designed to help civil engineering
undergraduates to appreciate and therefore learn the
principles of fluid-dynamic response of wide halls (i.e.

concert halls and theatres).
VENTPad relies on a probabilistic causal
representation, to qualitatively express the knowledge
of fluid-dynamics needed to explain the ventilation
behaviour of a space.
We view VENTPad as part of a virtual laboratory,
a conceptual CAD environment consisting of a set of
parts, corresponding to physical parts or important
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abstractions in the domains of interest, tools for
assembling collections of these parts into designs,
and facilities for analysing and testing designs. By
working in this software environment, students can
‘build’ their designs and try out improving them without
expense or danger. In simpler domains some
commercial software exists that can be viewed as
virtual laboratories (e.g. Electronics Workbench). A
novel contribution of VENTPad, compared with these
tools, is the ability to generate explanations about the
system response, diagnosing the contribute of each
relevant design parameter or boundary condition to
the system behaviour. For educational applications,
explanation generation is vital, to help students see
what aspects of a situation are important and to tie
what they are observing back to fundamental
principles.
This aim requires a qualitative understanding and
representation of how the studied system behaves,
by deriving from raw and unstructured numerical data
and from a ground knowledge of general physical
laws, a framework of explicit relationships among a
selected set of variables which describes the specific
system behaviour.
This idea constitutes the original motivations of
the research area called ‘qualitative physics’ whose
main aim is the development of intelligent tutoring
systems and learning environments for physical
domains and complex systems. This paper
demonstrates how a synergistic combination of
qualitative physics and other AI techniques can be
used to create an intelligent learning environment for
students learning to analyse and design natural
ventilation in buildings. Pedagogically this problem is
important because natural ventilation involves the
integration of complex physical, thermodynamic and
fluid-dynamic knowledge, an area normally closed to
architects.
The methodological approach of qualitative
physics is based on capturing the tacit knowledge
engineers use to organise and control knowledge
gained through formal training. The initial motivation
for qualitative physics was to set up and guide the
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solution of textbook motion problems (de Kleer 1975).
Since then, research has mainly focused on purely
qualitative reasoning (Bobrow 1984), and significant
progress has been made. I believe the time is right to
begin exploring the integration of qualitative and
quantitative reasoning again. In particular, the longrange goal of my research is to develop a system
which can automatically perform engineering analyses
of design problems in a human-like way. This paper
describes a first step towards that goal.
Studies of natural ventilation problem solving have
tended to focus on quantitative reasoning. We begin
instead with the view that qualitative models are the
starting point for the accumulation and use of more
sophisticated, quantitative models.
This view is widely held in the mental models
literature (Gentner and Stevens 1983), and widely but
less formally in the engineering community.
In problem-solving, the analysis begins by
constructing a qualitative understanding of the
situation. This initial understanding provides the
framework for further analyses, such as deriving and
solving sets of equations. Developing a correct
qualitative understanding of the problem is essential
to solving complex problems. Qualitative simulation
is used to verify that questions make sense by
ensuring that the behaviour mentioned can actually
occur.
We have tested these ideas through
implementation in a program called VENTPad, which
solves simple natural ventilation design problems
typically addressed at the preliminary design stage.
Section 2 of this document, describes the
pedagogical problems that motivated the design of
VENTPad, including a brief overview of nature of fluiddynamic problems in design. Section 3 outlines the
need of integrating predictive with diagnostic
inferences in order to guide the preliminary design
stage and its successive improvement or correction.
How VENTPad represents the causal framework
which operates in the airflow behaviour of halls is the
subject of Section 4, with Section 5 outlining our plans
for future work.

The complexity of handling natural
ventilation in design

Figure 1 (right). Air
movement patterns within a
concert hall, obtained with
numerical simulation.

A variety of problems arise when teaching students
how to design and analyse the natural ventilation
design principles.
The main problem stems largely from the
complexity of the fluid-dynamic behaviour, because
of its evident non-linearity and instability which often
forces to place one’s trust in computational techniques
without critics or possibility of explaining numerical or
experimental results.
Advances made in methods to predict and
measure building airflows have truly revolutionised
the fields of building ventilation and air quality research
and practice in the past two decades. Tracer gas
techniques have been extended and refined to allow
more accurate, better characterised, and more
complete multizone measurements of airflows within
buildings. A variety of rigorously defined ventilation
effectiveness metrics have grown out of these
advances and have placed ventilation system
evaluation on a solid objective basis.
Macroscopic methods of airflow analysis have
been generalised to allow integrated modelling of
wind-driven,
buoyancy-driven,
and
mechanically-forced airflow in multizone building
systems of arbitrary complexity. The global predictive
capability of macroscopic simulation methods have
been complimented by a constellation of microscopic
methods of analysis, together placed under the more
familiar rubric of Computational Fluid Dynamics
(CFD), that allow investigation of the details of airflow
around buildings and within single and, at this point,
simply and well-connected collections of rooms.
Consequently, we presently find ourselves armed
with a veritable arsenal of tools to evaluate the thermal
comfort, air quality and energy conservation efficacy
of existing and proposed building ventilation systems.
Yet, ironically, we have yet to develop tools to directly
answer simple design questions relating to building
ventilation: How wide should windows be opened in
a given building for wind-driven cross ventilation on a

moderate summer day? How should a ventilating
monitor and building windows be configured to
mitigate internal and solar gains on the same summer
day? What size fan is needed to assist stack-driven
air flow through the monitor on a more extreme
summer day?
A typical numerical output of computational fluiddynamic software is showed in figure 1, where the
natural ventilation air velocity field computed for a
concert hall design is graphically rendered. As we can
readily realise, the sophisticated data that appear to
give all needed information of interest, become
intractable when for example we ask ourselves what
can we do to reduce the re-circulation of air due to
the two eddies that obstruct the extraction of exhaust
air from the hall.
There’s no tool at moment to support this design
problem.
Because of this lack only a trial and error approach
is available to building, improving or correcting design
from a natural ventilation point of view. This fact leads
students to avoid exploring multiple design
alternatives and to avoid carrying out trade-off studies;
moreover they tend to get bogged down in carrying
out routine calculations often spending time merely
in solving data input problems.
VENTPad was designed specifically to help
students learn natural ventilation by providing an
intelligent learning environment that handles
qualitative routine calculations, facilitates sensitivity
analyses, helps students keep track of modelling
assumptions, and detects physically effectiveness of
designs.
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The nature of fluid-dynamic problem in
design
A building system may be considered to be continuum
within which the state variables of temperature T,
pressure p, air velocity v, and concentration of species
‘i’ Ci vary in space, x, y, z, and in time, t. The variation
of these state variables is governed by fundamental
mass, momentum and energy conservation principles,
bound by environmental and thermal-mechanicalchemical boundary conditions, that allow prediction
of the spatial and temporal variation of these state
variables (see Awbi 1991 for an overview).
Broadly speaking, two numerical approaches are
commonly used for this prediction:
Microscopic analysis, based typically on finite
difference or finite element techniques, approximates
the continuously defined state variables by a finite
set of spatially discrete but temporally continuous state
variables defined at or associated with discrete (mesh)
points ‘j’ within the continuum. Microscopic methods
of analysis provide the means to predict comfort
variables and, importantly, their spatial variation within
rooms (air dry bulb temperature and velocity are
directly predicted while mean radiant temperature and
RH distributions may be easily computed at each of
the room air mesh points from computed surface
temperatures and vapour-phase water concentrations
respectively). As a result, microscopic analytical
evaluation of comfort in rooms has become one of
the primary applications of computational fluiddynamics (see, for example Awbi and Gan 1994, Gan
1996). In spite of the direct utility of the microscopic
approach to comfort prediction, several limitations
must be noted, because of its expensiveness (in terms
of data input and computation time often longer than
a day), the special expertise needed to implement it
and to evaluate the results. For this reason it remains
a research tool and is very seldom applied in practice.
Macroscopic analysis, based on idealising the
building system as a collection of one or more control
volumes (a space whose behaviour is well known)
linked by discrete heat or mass transport paths, also
approximates the continuously defined state variables
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by a finite set of spatially discrete but temporally
continuous state variables but now the discrete state
variables are associated with either the control
volumes or discrete transport paths (windows and
doors). Macroscopic methods can provide an
economic and accessible means to predict simple
measures of thermal comfort within rooms (e.g.,
spatially averaged room air dry bulb temperature,
mean radiant temperature, air velocity, and relative
humidity). While they can not provide the spatial detail
offered by microscopic analysis (frequently missing
local phenomena which may considerably affect
comfort as air re-circulation which reduce the diffusion
of fresh air in specific zones), macroscopic methods
can be readily applied to whole building systems and
configured to allow an integrated consideration of
interacting building systems (e.g. heat transfer in the
building fabric and envelope, HVAC systems, lighting
systems, and natural ventilation systems).
As in the microscopic case, however, these
methods have been formulated to support only a trial
and error approach to building design, nevertheless
macroscopic analysis allows to link the response of
the system directly to key design parameters.

Integration of predictive and
diagnostic inferences with Bayesian
networks
The original motivation of VENTPad is related to the
integration of both approaches peculiarity; on the one
hand the ability of detecting local characteristic of air
motion within a wide hall but on the other hand the
possibility of linking these characters directly with key
design parameters.
Moreover our efforts was aimed to represent these
links in a model suited to support decision making,
with particular attention to the preliminary stage of
design when the student is involved in complex
inferences which integrate prediction and diagnosis
in order to guide its trial and error activity. Both the
numerical analysis approaches previously described
are directed instead only to predictive analysis while

diagnosing numerical data (obtained through
simulations or testing physical models) is essential to
take corrective action, if necessary.
Bayesian Networks (also known as Belief
networks or causal diagrams) we have employed in
VENTPad, were developed to model distributed
processing in reading comprehension, where both
semantical expectations and perceptual evidence
must be combined to form a coherent interpretation.
The ability to co-ordinate bi-directional inferences filled
a void in expert systems technology of the early
1980’s, and Bayesian networks have emerged as a
general representation scheme for uncertain
knowledge. Bayesian networks are directed acyclic
graphs in which the nodes represent variables of
interest and the links represent informational or causal
dependencies among the variables. The strength of
a dependency is represented by conditional
probabilities that are attached to each cluster of
parents-child nodes in the network.
For variables without parents (as the boundary
condition variables), the probabilities are unconditional
distributions.
With these data, a Bayesian network allows one
to calculate the joint distribution over all variables [A]
from which all probabilistic queries, involved in
reasoning, can be answered coherently using
probability calculus.
They can be used to model the causal
mechanisms that operate in real systems rather than,
as in many other knowledge representation schemes
(e.g., rule-based systems and neural networks), the
reasoning process. This model is obtained by
representing the causal dependencies among the
system variables as probabilistic functions (i.e., the
probability that variable C assumes the value z when
variable A assumes the value x and variable B
assumes the value y is equal to 0,85).
Bayesian networks effectively allow a number of
integrated logical and quantitative inference about the
behaviour of physical systems and their application
could be an interesting connection tool between logical
and analytical procedures in preliminary design aiding.

The inference process based on bayesian
networks is described in large body of literature and
is best summarised in (Pearl 1988). Anyway I refer to
following basic works for key concepts and
terminology related to these issues (Pearl 1988, 1996;
Shachter 1990; Jensen 1996; Spirtes et al. 1993).
Bayesian networks have been applied to problems in
medical diagnosis (Heckerman et al. 1992;
Spiegelhalter, et al. 1989), map learning (Dean 1990),
language understanding (Charniak and Goldman
1989a, 1989b). In architecture design and construction
early applications are related to reliability analysis of
innovative building products (Naticchia 1999a) and
to diagnosis of building failures (Naticchia 1999b).

Overview of VENTPad
Consider a hall idealised as a collection of locations
(the stage zone, the stalls zone and so on). Using
macroscopic analysis discrete state variables of
pressure and temperature could be associated to each
of the zones (i.e. the air velocity associated with a
specific location in the stalls). Similarly, outdoor
ambient variables are associated with the ambient
pressure and temperature. Surface temperature
variables are associated with the surface of each of
the several conductive heat transfer paths within the
building system and finally, the mass flow rate of air
through each of the several discrete airflow paths will
be identified.
The model in usual case is constituted of rather
complex coupled systems of non-linear equations. For
example the individual pressure-flow relations for the
discrete paths are generally non-linear but
nevertheless depend on key design parameters of the
flow path (e.g. size of ceiling openings, slope of ceiling
and stalls, height and length of the all and so on). In
most practical situations, however, it will not be
possible to establish this relationship formally as the
combined system of equations will be hopelessly
complex.
Consequently, it will be necessary to establish the
relation numerically by systematically varying key
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design parameters over a range of reasonable values
and solving for the system response (i.e. for a given
building and ambient and operating conditions).
Whether formally or numerically derived, one may
establish the relation between system response and
the key design parameters for a given type of hall
(characterised by some common relevant features).
This relationship could be very complex, because
of the non-linearity and the instability of the system
whose behaviour can drastically change with varying
design parameters or boundary conditions.
Nevertheless suppose for instance, to study the
relationship between the position of opening on the
ceiling and the airflow patterns within the hall. One
may find that in a hall whose air inlets and outlets are
arranged in a way like that in figure 1 there are always
two air re-circulation and that the characters of these
movement patterns depends on the position of the
opening on the ceiling as depicted in figure 2.
This fact can be represented in a causal network
made of three nodes, the first denoting the position of
the ceiling air outlet, and the other denoting the width
of the two eddies A and B as depicted in the part of
graph in figure 3, bounded with the dashed contour.
The graph can be expanded building further
causal dependencies we find studying the hall
behaviour by systematically varying key design
parameters. It is generally possible to assemble a
causal network which graphically represents the
relationships framework among these parameters (the
rectangles in figure 3, denoting the position of outlet,
the slope of the around the outlet, the inlet width), the

boundary conditions (the wind velocity and direction)
and the type of system behaviour which affect the
comfort level in different locations of the hall. The
network that we obtain is showed in figure 3.
Building the causal network involves many skills
as the ability of selecting those parameters which
contribute is relevant for the system response and
classifying the response of the system in a limited
number of behaviours.

The causal bayesian networks
To translate the causal network in a Bayesian Causal
Network we must express the conditional probabilities
which link any variable value with any value
combination of its parent nodes. The solving
algorithms provide to spread the effect of an assertion
(made by updating the likelihood of the related
variable), to any variable of the net. In this way the
causal framework represented in the net, highlights
the system states compatibles with observed data,
by increasing the likelihood of specific values of the
nodes. This feature allows the investigator to answer
a variety of queries, including: associational queries,
such as ‘Having observed the width of vortex ‘A’ and
the air velocity in the ‘Inlet1’, what can we expect of
the air velocity in the stalls?’; abductive queries, such
as ‘What is the most plausible explanation for a given
set of data?’; and control queries; such as ‘What will
happen if we intervene and move the ceiling outlet
over the stage?’. Answers to the first type of query
depend only on probabilistic knowledge of the domain,
while answers to the second and third types rely on

Figure 2 (left). The influence
of the ceiling outlet position
on the air circulation
patterns: moving the opening
over the stage cause a better
diffusion of fresh air upon the
stalls
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Figure 3 (right). A simple
Bayesian Network which
simulates the causal
mechanism of the air
movement phenomena within
the hall in figure 1 (rectangles
represent key design
parameters).

the causal knowledge embedded in the network. Both
types of knowledge, associative and causal, can
effectively be represented and processed in Bayesian
networks.
The probabilistic basis of Bayesian networks
offers a coherent semantics for co-ordinating top-down
and bottom-up inferences, thus bridging information
from high-level concepts and low-level percepts. This
capability is important for achieving selective attention,
that is, selecting the most informative data in a specific
step of the design. In other words the student is guided
not only in diagnosing the reason of a behaviour but
also in focusing its attention to weigh the importance
of each variable in determining that response or in
confirming the diagnosis. The capability of integrating
in a unique graphical model, directly accessible to the
user, many abstraction levels of the domain is a novel
feature which enhance the tutorial role of the expert
system, and modify the interaction with the user that

directly interact with the graphical knowledge
representation envisioning the effect of data he
provides directly on the whole knowledge. This allows
a sort of sensivity analysis about variables and
parameters relevance which enhances the user skill
in perceiving the integrity of design problem normally
hidden in other expert systems.

Discussion
The aim of VENTPad is that of demonstrating that
qualitative physics has advanced enough to support
new applications of AI to educational problems.
Bayesian causal networks modelling provides
representational tools and techniques that can be
used to encode a substantial body of knowledge about
civil engineering physics, with both diagnostic and
predictive inference capabilities.
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Automatically generated explanations enable the
user to explore the consequences of his or her
assumptions, and figure out what modelling
assumptions are needed to make further progress.
To date, VENTPad is still under development (using
the Hugin shell for Bayesian networks analysis) and
has only been tested on simple case study. We will
be testing it with undergraduate civil engineering
students.
Our goal is to have VENTPad continuously
available in architecture design courses. Several
extensions to VENTPad are in progress. First, we will
develop a structural version (named STRUCTPad)
to handle seismic behaviour of buildings in order to
support the early stage of structural arranging and
dimensioning and later a version (SOUNDPad) to
handle acoustical response of halls.
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Notes
[A] In this paper I do not focus calculation problems
related to the resolution of Bayesian networks.
These issue is best treated in (Pearle 1988).
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