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Abstract Whereas computer simulations involve no direct physical interaction
between the machine they are run on and the physical systems they are used to
investigate, they are often used as experiments and yield data about these systems.
It is commonly argued that they do so because they are implemented on physical
machines. We claim that physicality is not necessary for their representational and
predictive capacities and that the explanation of why computer simulations generate
desired information about their target system is only to be found in the detailed analy-
sis of their semantic levels. We provide such an analysis and we determine the actual
consequences of physical implementation for simulations.

Keywords Experiments · Data · Machine implementation · Programs

1 Introduction: the practice of computer simulation

Some computer simulations undoubtedly share some epistemic functions with field
experiments: they are run to provide new data about systems that are difficult or impos-
sible to investigate with ordinary instruments. For instance, neutron–matter interaction
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has been studied intensively by means of molecular dynamics simulations. Owing to
these simulations, it is possible to investigate, among other phenomena, the diffusion
of neutrons by a phonon, diffraction, anomalous dispersion.

Comparing computer simulations with field experiments is a good way to shed light
on many distinctive features of simulations. In both cases, vast amounts of data are
first produced and then analyzed with the help of similar techniques. How are these
data produced and validated? This question is even more difficult to answer in the
case of simulations than in the case of field experiments, for computer simulations do
not involve any direct physical interactions with the systems they are used to inves-
tigate. We use “direct physical interaction” in the sense of measurement interaction
between us and the target system. Even if sometimes simulations are initialized with
data obtained by measuring the target system, they never involve any direct physical
interaction with it.

This paper aims to give a qualified answer to the above question for the case of
computer simulations. We argue that, after its earlier, mostly descriptive phase, the
epistemology of computer simulation can now take an explanatory turn (cf. Winsberg
1999, 2001, 2003). Putting simulations and models on the same philosophical footing,
we claim in this paper that the best candidates for such an explanation is to be found in
a detailed semantic analysis of computer simulations, showing how the physical states
of the computer can step after step be interpreted as computational states, as values of
variables and finally as representations of the target system’s successive states. When
performing this semantic analysis, we do not ignore the fact that a decisive component
for a good simulation for a simulation to generate desired information about its target
system is that it relies on a good model of the target system. This model has to be trans-
formed (sometimes drastically) into algorithms. We carefully analyze some of these
transformations, which lead to well-calibrated simulations, obtained by trial-and-error
procedures and comparisons with already available results.

A frequently given explanation as to why (some) computer simulations are used as
experiments appeals to their being run on physical machines. We call this claim the
“physicality claim”. In Sect. 2, we present different arguments in the literature that
may be used to support the physicality claim. In Sect. 3, we try to answer what we
believe to be the best argument in favor of a strong version of the physicality claim.
In Sect. 4, we present our own semantic analysis of computer simulations as well as
its implications. In Sect. 5, we ground our analysis in a renewed analysis of the actual
meaning of machine implementation.

2 Simulations can be used as experiments because they are run
on machines

Setting up an epistemology for computer simulations begins with considering the
following explanandum E :

E : Computer simulations, although they are basically computations and do not
involve any measurement interactions, nevertheless do generate new data about
empirical systems, just as field experiments do.
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Explanations of E often point out a distinctive relationship between the physicality of
computer simulations (i.e. the fact that computer simulation are physical processes)
and their being used as data generating experiments. We call the appeal to such a
relationship the “physicality claim”. In this section, we review different theses relying
on the physicality claim. Our aim is to show that this appeal to physicality as an
explanatory feature of how computer simulations generate data is left under-analyzed.
In particular, what physicality implies is never stated explicitly.

The physicality claim seems to underlie the metaphor of the computer a “a stand
in for, or a probe of” the system upon which experiments are made, a metaphor used
by Winsberg (2003) as well as Norton and Suppe (2001). This metaphor is central in
Norton and Suppe’s paper. Since computer simulations allow one to vary initial and
boundary conditions, as well as the values of control parameters, in the same way
one can in real experiments, and even more so, the methodology of experimentation
provides Norton and Suppe with a powerful argument in favor of this thesis (cf. Norton
and Suppe 2001, pp. 56–57). In their attempt to explain why this is the case, Norton and
Suppe resort to ontological properties of simulations. Simulations, according to them,
“embed” theoretical models in real-world physical systems (computers). Therefore,
even though computers used for simulations do not physically interact with their target
systems, they can yield data in the same way field experiments do, namely by probing
analogues of their target systems. The “embedding” of theoretical models acts as
a reliable substitute for detection and measurement interactions. We shall return to
Norton and Suppe’s theses in Sect. 3.

Hughes (1999) presents a four-part comparison clarifying the notion of simulation.
He first succinctly describes three non-computer simulations of physical processes,
namely: a model water-wheel used to understand full-size water-wheels; the electrical
model of a damped pendulum; and a cellular automaton, conceived as a physical sys-
tem whose behavior can be the direct subject of experiment.1 He then contrasts these
examples with a computer simulation of the atomic interactions between a pine and
a plate described in Rohrlich (1991). According to him, in the first three examples,
contrary to the computer simulation case, there is “an obvious correspondence between
the process at work in the simulating device and those at work in the system being
modeled”. “Nevertheless”, he adds, “like the systems examined [the first three simula-
ting systems], the computer is a material system, and in using it to provide answers to
our questions we are relying on the physical processes at work within it.” (p. 139, our
emphasis) Here again, physicality seems to be a crucial feature but Hughes provides
us with no further details about his own interpretation of the physicality claim.

Finally, Humphreys (1994) argues that when a program runs on a digital computer,
the resulting apparatus is a physical system, i.e., any runs of the algorithm are just
trials on a physical system. This is a new version of the physicality claim. Humphreys
further points out that “there is no empirical content to these simulations in the sense
that none of the inputs come from measurements or observations. […] It is the fact that

1 Hughes here contrasts CA with computer simulations because, what is characteristic of CA, according to
him, is that “the structure of the automaton is designed to match crucial structural properties of the system
being modeled, like its topology and its symmetries”, not that it can mimic the system’s behavior.
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they have a dynamical content due to being implemented on a real computer device
that sets these models apart from ordinary mathematical models” (1994, p. 112).

The notion of a “dynamical content” is not a standard one and is thus difficult
to understand. Even if allusions to the “essentially dynamic nature of simulations”
are common-place (as shown in the “Research questions” presenting the “Models
and Simulations” Workshop held in June 2006 in Paris), this “dynamic nature” is
left unanalyzed. However, it is undoubtedly connected with the fact that computer
simulations are, at a basic level, physical processes occurring on concrete devices2

(cf. also Hartmann 1996). Since they are sequences of physical events, namely physical
state transitions, they are particular processes, localized in space and time, exactly as
field experiments are. Moreover, the cognitive importance of the fact that, during
the performing of (at least some) simulations, something happens before our eyes
on the computer’s screen so that we can see the evolution of the model we have
“put in” the computer, cannot be overestimated in any epistemological description of
how we explore computational models. However, Humphreys’ claim that “there is
no empirical content in these computer simulations” is apparently at odds with the
fact that, whereas simulations do not involve measurement interactions, some of them
nevertheless contribute like field experiments to providing knowledge about physical
systems. This contrast calls for explanation.

Let us introduce an important distinction relative to the notion of “empirical
content”. The term “data” is commonly used in two senses that are conflated when it is
applied to field experiments, but need to be distinguished when applied to simulations.
Data may be:

– of empirical origin (“dataE”), namely produced by physical interactions with
measuring or detecting devices,

– and/or about a physical system (“dataA”).

We claim that dataA may be produced by means of dataE, but also via other processes,
among them analytical or numerical pen-and-pencil-computed solutions of systems
of equations representing the target systems, and computer simulations.

In field experiments, the system investigated produces data in the first sense
(“dataE”), as well as in the second sense (“dataA”). Take a simple optics experiments
as an example. Interference fringes are obtained that can be seen on a screen orthogo-
nal to the optical axis of the experiment. In this case, the observed fringes and their
measured characteristic distance are the relevant dataEproduced by the experimental
apparatus. These dataE guarantee the dataA we are interested in, namely the presence
of interference fringes at such and such distance in such and such optical conditions.
It is because our optical system and measuring apparatus produce dataE that we can
process dataAin order to gain genuine knowledge about it.

Sometimes, the situation is more complicated. Take astronomical observations as a
further example. In this case, we record temporal series of light intensities by means
of a sensor and a telescope, that we further interpret as indicating stellar positions. The
numbers we obtain are dataE produced by our observational apparatus plus the target

2 Humphreys insists that he is only concerned with computations that have “a dynamic physical
implementation” (1994, p. 104).
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stars. These numbers are also dataA: they are about the light intensities that came across
the telescope at such and such times. We may call these dataA “dataT”, for “data about
the telescope”. We ordinarily use dataT to obtain other dataA, namely data about stellar
positions. Let us call these “dataS”. In the inferential process from dataT to dataS, the
physical origin of dataT is a necessary condition for our obtaining of any knowledge
about stellar positions. For such an inference to be possible, it must be ascertained
that dataThave been produced by a physical process that has been happening at such
and such time and place. A central feature of this physical process is that the target
system, namely the stars, are causally connected with the measuring apparatus. It can
be checked as follows. For the inference from data dataT to dataS to be satisfactory,
dataT have to be analyzed and corrected by dedicated computer programs in order to
remove interferences due to the presence of planes or satellites during the recording
times.

Let us finally turn to computer simulations. For sure, computer simulations,
qua physical systems, produce dataE and dataA about themselves3 that we may call
“dataC”. We emphasize that dataC are normally interpreted without hesitation as the
results R of a computational process. This computational process is meant to solve
the equations of the model(s) we use to investigate the phenomena we are interested
in. Its very meaning depends on the hypotheses we put in these models. In order to get
the R we are interested in, namely the numbers that provide desired information about
the system, a hard methodological and epistemological work has to be done in terms
of calibration, using available results, be they analytical, numerical or empirical, and
also in terms of trial and error, exploration of intermediary models, etc. (cf. Winsberg
1999). As Winsberg puts it, many “tricks of the trade” need to be employed, invol-
ving simplifying assumptions, removal of degrees of freedom, substitution of simpler
empirical relationships for complex ones (ibid., p. S445).

We acknowledge that in order to obtain dataA (about the system that is investigated),
we do use these results R. This is why the physicality claim is so attractive: computers
being physical systems does matter. So it is of course true that whatever kind of
information may be obtained by a simulation, it is provided by a computer, namely by a
physical device, as Hughes, Humphreys, Norton and Suppes emphasize. However, this
leaves unexplained why and how dataC (about the computer), interpreted as the results
of a computation, can be used to produce dataA (about the system that is investigated).
And yet, the way from dataC to dataA is precisely the conceptual place grounding the
comparison between computer simulations and field experiments. Consequently, the
physicality claim does not in itself explain much about E .

We can nevertheless make sense of Humphreys’ intuition that “there is no empirical
content in computer simulations”. In a computer simulation, dataE only allow us to
obtain dataC (about the computer), but in no way to understand why and how we may

3 Simulationists do not have access either to dataE or to dataC. DataC are lists of electric intensities,
magnetic intensities, and electric potentials at different points of the computer, as well as values of possibly
relevant parameters like temperature, plus a precise description of the architecture of the computer, including
the materials of the condensors, resistors and the like. What the simulationists work with is only the
interpretation of dataC as results of a computation. These latter results, taken alone, can hardly be considered
as exploitable data about the computer.
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obtain dataA (about the target system). As we shall claim, provided that we know which
computation we have the results R of, the way the computation is physically carried out
becomes irrelevant to interpretating R as a set of dataA. Would the results R have been
obtained differently, e.g. by analytical or pen-and-pencil-obtained numerical solutions
(appropriately visualized with the help of an oft-used data-analysis software), their
interpretation as dataA would remain unchanged. As we saw above, this is not true for
field experiments.

We now need to understand how dataC (about the computer), namely the results
R of a computation, can be transformed into dataA (about the target system). A first
option is to claim that the conversion of dataC into dataA is possible because there
is a common structure between the target system, the theoretical model of it and
the simulation as a physical process. This is what we call the “strong version” of
the physicality claim. In the next section, we discuss Norton and Suppe’s analysis
of computer simulation because we think that it offers the most powerful argument
we are aware of in favor of the strong version of the physicality claim. Against the
strong version of the physicality claim, we show later that there need not exist any
common structure between the computer simulation and the target system. We shall
claim instead that only a detailed semantic analysis, explaining how the physical states
of the computer can be interpreted as computational states, then as values of variables,
and finally as representing the target system’s properties, can explain why datac can
be turned into dataA. When analyzing the semantic layers constituting a simulation,
we do take into account the fact that a decisive component for good a simulation is
definitively that it relies on a good model of its target system. This model has to be
transformed into algorithms that enable us to get the information we desire about the
target system.

3 Toward a semantic analysis of computer simulation

It is unquestionable that the computer running the program is a physical system.
However, it is unlikely that the physical properties of this device are the only ones
relevant for its scientific use. Whereas the representational properties of a simulation
certainly depend on the physical states of the computer on which the corresponding
program is run, this dependence is a rather complex one that cannot be flattened by
saying that the computer on which the program is run is a stand in for the physical
system upon which experiments are made.

Since Norton and Suppe’s is the most detailed analysis of the representational
capacities of simulations and of the role played by implementation, we examine
it in details in this section. Norton and Suppe acknowledge the importance of the
semantic properties of simulations, namely of the way physical states of the compu-
ter may be interpreted as computational states, themselves interpretable as numerical
values representing physical states of the target system. They distinguish two important
mappings that are involved in the use of simulations as experiments. (1) The “lumping
mapping” connects a base model consisting of sets of simultaneous values for parame-
ters describing the system on to an “embedded lumped model”. (2) The “simulation
mapping” connects a programmed computer on to the embedded lumped model.
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Base model

Programmed computer

Embedded
lumped model

Lumping mapping

Inference or projection from
the lumped model to the
base model

Simulation mapping

Fig. 1 General simulation modeling situation. Both the base model and the programmed computer realize
the lumped model, which is embedded into the computer. (Reproduced from Norton and Suppe 1999, Fig.
3.6, p. 88)

Intuitively, the “embedded lumped model” is a theoretical, mathematical model written
in a computer-acceptable language.

In Fig. 1, we have reproduced Norton and Suppe’s diagram illustrating the relation-
ships between the base model, the lumped model, and the programmed computer. The
lumping mapping as well as the simulation mapping are represented by plain arrows.
Let us give Norton and Suppe’s own example in order to illustrate their analysis. The
simulation’s aim is to investigate average annual regional precipitations. The base
model is a series of gridded daily precipitation levels. In the lumped model, daily grid-
point values are “lumped” together as regional annual averages. Norton and Suppe
claim that if the simulation is a good one, lumped-state transition sequences allowed
by the lumped model’s equations mimic the base model’s possible state transitions.

The lumping mapping and the simulation mapping are described with the help of two
semantic relations, the “realization” and the “embedding” relations. These relations
may be called “semantic” because they both fall within the province of the interpreta-
tion either of symbols or of states of a system. With the help of these relations, states
of a system are interpreted as states of another. According to Norton and Suppe, the
existence of the “realization” and the “embedding” relations is instrumental in explai-
ning how computer simulations can be knowledge-creative. The realization relation is
defined as follows: “A system S2 is said to be a realization of another system S1 when
there is a many–one behavior preserving mapping from the states of S2 onto the states
of S1” (Norton and Suppe 2001, note 5). The intuitive definition of the embedding
relation is that “a model B of A is embedded into A just in case the mapping from A to
B partitions complete states of A into equivalence classes that become the complete
states of B. Whenever A undergoes a complete state transition from s to s* in B, the
equivalence class containing s will be succeeded by the equivalence class containing
s*” (ibid., note 6).

With the help of these definitions, Norton and Suppe claim that both the physi-
cal system represented by the model of data and the computer on which the “lumped
model” is run are realizations of the lumped model and that this double instantiation of
the realization relation is responsible for the experiment-like character of simulations.
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First, they claim that “Programmed computers realize lumped models by embed-
ding them into the computer. [The lumped model] embedded into [the programmed
computer]—a simulation model M—is a real-world physical system of the lumped
model that can be run and observed”.

From this, they conclude that “since [the computer] is a real system, observations
of it are epistemically creative in the sense that new knowledge of the world can the-
reby be obtained” (Norton and Suppe 2001, p. 88). Finally, since “what legitimately
can be determined about [the target system] from observations of the [implemented
model] depends essentially on the extent of behavior preserved under [the two]
mappings” (ibid.), Norton and Suppe claim that the following three conditions have
to be fulfilled for simulations to yield data or knowledge about the physical systems
under investigation.

(i) The lumping and simulation mappings hold;
(ii) Equivalence classes of states of the model of data are mapped onto the states of

the lumped model;
(iii) The physical system is isolated from influences not identified in defining the

states used in the lumping mapping.

Condition (ii) implies that Norton and Suppe require the lumped model to be embed-
ded both within the computer program and within the model of data for the simulation
to be informative. This amounts to postulating that the lumped model, the compu-
ter program and the model of data share a common structure. Norton and Suppe
add that one must in turn do “much experimental work and modeling [in order to
determine] whether or not and to what degree, these conditions hold” (ibid., p. 89).
The structure identity of the base model, the lumped model and the programmed
computer, expressed in condition (ii), is used for: (a), justifying that simulations, qua
real-world physical systems, can be run, observed, and experimented with; and for (b),
giving a precise meaning to the intuitive notion of a running program “mimicking”
the temporal evolution of a physical system. We shall now show why both claims are
unsatisfactory.

We first note that the running computer is not observed qua physical system, but
qua computer, i.e., qua symbolic system, so that the claim that the computer running
the simulation is a stand-in or a probe is at best metaphorical. What is going on on the
screen, before our eyes, should not deceive us about the actual nature of the simulating
process. Moreover, strictly speaking, the “lumping mapping” holds between the values
contained in the data model and the values of the lumped model’s solutions, while the
“simulation mapping” holds between the values corresponding to the successive inter-
preted computational states of the computer program, on the one hand, and the values
of the lumped model’s solutions, on the other. In other words, the computer program as
such does not itself “realize” the values of the lumped model; the computer’s “current
state”, regularly updated, does.

Let us now show that in most simulations, the computer’s physical states cannot be
said to realize the lumped model. It may happen that one and the same physical part of
the machine always realizes the memory part of the program, i.e. the list of the values
of all variables within the lumped model. It may even happen that the different values
of each variable are always stored in the same physical place. However, in most cases,
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the computer only keeps a record of the addresses where the values of the variables
that are used in the program are stored and the storage places can shift. It actually shifts
in big simulations when several connected computers are used at the same time, or
successively, depending on their availability. In other words, the relation between the
programmed computer and the lumped model is a many-many relation: the value of a
variable in the model may have many physical locations while a same physical location
in the computer may implement the values of several variables at different times.4

To sum up, if one views the computer as a physical system, there scarcely need be
anything like values of physical variables “realizing” the lumped program. Therefore,
the lumped program and the programmed computer qua physical system need not
share one common structure. We can conclude that, as far as digital simulations are
concerned, the fact that simulations yield empirical data cannot be legitimated by
a supposedly shared structure between the base model, the lumped model and the
programmed computer qua physical system. The appropriate justification is to be
found at the computation level or at even higher levels.5

Let us further show that a common structure cannot be found between the base
model, the programmed computer and the lumped model. We first insist that a more
precise expression should be given to this hypothesis: the supposed common structure
would exist between the values of the variables within the base model, the values
computed by the programmed computer and the solutions of the lumped model.6 The
main reason why this hypothesis is false is that the embedding and realization relations
do not have the required properties for the existence of a common structure between
these three sets of numbers. Embedding and realization relations are relations between
states or between states and equivalence classes of states; in order that they guaran-
tee a common structure, the correspondence they define should be fixed. However,
the lumping mapping, for instance, may only hold statistically between the states of
the target physical system and the output states.7 For example, in a computational
fluid simulation, the local time-average turbulent energy, or a velocity distribution, or
different momenta of a velocity distribution, may be correctly represented in a turbu-
lent fluid simulation, while the exact velocity or vorticity field are not because they
depend upon the particular trajectory computed which, contrary to the laminar case,
is sensitive to slight perturbations of the velocity field.8

4 Since the physical hardware of the different computers can be different, there is no reason either that
the same type of physical state codes for the same computational states. For example, the physical states
corresponding to the 0s in one computer may correspond to the 1s in another.
5 We shall indicate later, in Sect. 5, what about the physicality of the simulation does matter.
6 Norton and Suppe do not themselves distinguish the various levels at which the computer can be described.
7 To respond to this concern, one might imagine the following trick. One might carry out the lumping
operation again, namely lump together the averaged states. This amounts to making up a super-state of such
newly-lumped states. The next step would be to make this super-state into an argument of the mapping.
However, different averaged properties can be realized on different and sometimes overlapping intervals
of the same temporal series of representational states of the computer. As a result, it is usually possible to
find two statistical properties on the same temporal series of representational states of the computer such
that they would not be lumped into the same super-state according to this rule. Consequently, no general
embedding relation can be built.
8 Cf. Chassaing (2000, p. 32).
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It is now clear that the base model, the lumped model, and the programmed com-
puter scarcely need have the same structure describable in terms of states and state
transitions. They usually share some properties corresponding to the information that
can be faithfully extracted from the simulation.9 However, these only properties do
not suffice to define a common dynamical structure, i.e. a set of fixed correspon-
dences among states. More details are needed to define such a dynamical structure,
for instance, the exact values of the velocity fluid in a turbulence simulation. Since no
dynamical structure may be common to the base model, the lumped model, and the
programmed computer, a careful analysis of why and how simulations “can be used
as instruments for probing or detecting real-world phenomena” is still missing. We
provide the main elements of it in the next section.

4 Simulations can be used as experiments because they represent phenomena

We agree with Winsberg, Hughes, Norton and Suppe that an important task for the
philosophy of science is to provide a better understanding of the type of knowledge
gained through computer simulations. However, since computer simulations do not
produce dataE (data from empirical origin) concerning their target systems, contrary
to what is the case in field experiments, it cannot be inferred from the fact that they
are implemented on concrete machines that they are knowledge-creative. As we have
shown, the notion of a computer simulation “mimicking” a physical process is far
from clear; even less clear is the idea that the computation’s being a physical process
itself should explain the “mimicry” relation.

In order to provide a better explanation of the epistemological usefulness of compu-
ter simulations, we suggest that their being both computations and representations may
be a more fruitful starting point than their being implemented on concrete machines.
Since the representational properties of computer simulations are both intricate and
layered, the representational analysis must go much deeper than has previously been
considered, and a careful analysis of the layers involved is likely to capture what
is specific to them and what kind of epistemological benefits they can, or cannot,
provide.

4.1 General features of computer simulations

Any general analysis of computer simulations must clearly distinguish between:

(a) an incomplete program that includes every single algorithm that is actually used.
To be completed, this program only requires that someone enter the values of the
relevant variables;

(b) a completed program that only requires someone to press the “run” key to run.
This program includes various operations such as the writing of data in a
folder, test operations, opening of visual interfaces for visualization. These

9 Determining which ones they are is what simulationists struggle to do.
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operations do not have any representational role. The completed program in turn
gives way to:

(c) the running completed program, a process corresponding to the exact running
of (b);

(d) the data resulting from (c). These are the data written in the files, i.e. the numbers
that can be interpreted as raw data about the represented systems; and finally,

(e) the computer-made analysis of the vast amounts of data (d).

Let us give further details about the items of this “kit form” for simulations.
The computer program in (a) is piecemeal and includes many different subprograms

coming from different libraries that usually do not run all together at the same time.
Many of them were not typed by the programmers themselves. They include black-
boxed software, such as Fluent in computational fluid dynamics. To use them, one need
only specify the type of flow (e.g. turbulent or not), the geometry of the configuration,
the initial and boundary conditions, etc. (see Lebanon 1996).

Program (b) is especially important in the analysis of computer simulation, since the
oft made reference to the physical states of the computer is a reference to the realization
of the states of this program. However, program (b) is not what usually seen as the
simulation, since only a part of it, that we shall call the “Simulating Portion” (SP), has
a representational function or is indispensable to compute these representing parts.
There are many other segments of program (b) that do not have any representational
function; for instance, subprograms testing that each denominator is different from 0.
SP is constituted by the various parts of program (b) that are used in the computation of
mathematical functions whose results are interpreted as giving information about the
target system. SP is thus designed to do the scientific work required by a simulation,
namely passing from one interpreted computational state to another, but it is not the
program that actually runs.

Data analysis (e) is the actual aim of a simulation. This analysis is usually sophis-
ticated and involves an important amount of computational resources. It provides the
basis for several, hierarchically organized “models of the phenomena” in Winsberg’s
sense (1999). A “model of the phenomena” is the result of the (partially automated)
interpretation of the very large sets of data produced by the simulation: “it can consist
of mathematical relations and laws, images (both moving and still), and textual des-
criptions” (Winsberg 1999, p. 283). It summarizes “the basic robust qualitative features
of structurally similar phenomena” (ibid.).

4.2 Running computer programs

In this section and the following one, we shall show that every single semantic step
of the hierarchy has to be taken into account in order to describe how simulations
can be used in the investigation of empirical systems. The items that are usually asso-
ciated with simulations are (b) (mostly SP) and (c). However, items (b) and (c) are
usually poorly analyzed from a semantical point of view in the philosophical litera-
ture. This is why we now turn to the properties of running computer programs, namely
of (c).
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When the program is running, the memory parts of the computer10 can themselves
be viewed in a variety of ways, each of which must be taken into account if one is to
understand how they can provide knowledge about physical systems:

(1) as a succession of physical states of the machine on which the program is run;
(2) as a succession of computational states of the machine;

(3.1) as successive sets of values for mathematical, discrete iterative functions;
(3.2) in some cases, as successive sets of values of solutions of differential equations

taken at regular intervals;
(4) as successive numerical representations of physical states of a physical system

governed by laws.

We call this list the multi-layered (“lasagna”) description of the (memory part of
the) running computer program. This list does not provide identity conditions for
simulations. It aims at shedding light on the variety of the interpretative mappings that
come into play when going from (1) to (4).

Analyzing the relationships between computational states of the computer and
numerical representations of states of the physical system under investigation is the
best way not to take the representation relation between the simulation and the physical
phenomena for granted. Without such an analysis, one cannot assess how scientists
select the relevant information within a simulation’s output. Our proposal makes that
point clear, for it pursues the research that has been done into the representational
capacities of models over the past few decades and applies them to simulations.11

It has to be emphasized that simulations are usually described the other way round,
namely as mainly directed to item (4). This is also the way computational physicists
designs their programs. When such descriptions are used, the implementation relation
is often taken as a straightforward matter involving no special difficulty. However,
since it is almost never obvious how to design a discrete representation of a given
continuous function or how to struggle with round off errors, infinite limits, and the
like, from the physicist’s point of view, the way from (4) to (2) is replete with hard
to make decisions.12 Computational scientists know that there is a gap between what
they wish they could implement and what they can implement. They also know that
the target properties may not finally all be faithfully represented. Since applied mathe-
matics does not always inform us about this gap, the way the various elements of a
computer simulation should be interpreted in order to produce reliable information
about the target system has to be established by trial and error, calibration, and the
like (see Humphreys 2004, pp. 116–121). This suggests that when the implementa-
tion relation is left unanalyzed, one does not exactly know which set of mathematical
functions are iteratively computed and, therefore, what physical phenomenon is being
simulated.

10 In a computer, only some (physical) locations are dedicated to the storage of the values of the variables
that are used in the running program. We call them the “memory parts” of the computer. They constitute
the physical basis of the interpretation cascade we describe.
11 Cf. for instance, Morgan and Morrison (1999); Hartmann and Frigg (2006).
12 Clearly listed by Winsberg (1999).
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4.3 Implications of the layered analysis of computer simulations

We shall now provide a classification of the various ways of interpreting running com-
puter programs and show that it allows for a better view of the implementation relation
than Norton and Suppe’s analysis does.13 A major feature of this relation is that the
computer’s physical states in (1) can be divided into equivalence classes, each of which
represents a computational state in (2), for example 0110…101. In a given computer,
only a minuscule subset of physically discernible states are computationally discrimi-
nable. This implies that the definition of the computational states has to be relativized
to some convenient mapping from physical states of the computer to computational
states called Instantiation Function by Pylyshyn.14 Owing to the Instantiation Func-
tion, it is possible to interpret a sequence of nomologically governed physical state
changes as a sequence of computational states, namely, to view a physical object as
a computer. The Instantiation Function is machine-relative, since there is no uniform
way of giving a physical description of the equivalence class of physical states of a
machine that correspond to each of its computational states. The final point to empha-
size is that all that has been said about the Instantiation Function is not special to
simulations but is a feature of computations. The semantic work allowing to validate
results of computations as dataA is not done at this step.

Let us proceed further in our hierarchy. Not only do mathematical computations
depend on an Instantiation Function, they also require another interpretation func-
tion, namely a Semantic Function that maps articulated functional (computational)
states of the machine onto some domain of intended interpretation. In our case, the
domain of intended interpretation is the set of values of discrete mathematical func-
tions, themselves (sometimes) representing (sometimes approximately) other discrete
or continuous functions (see below). The identification of the exact domain of the
Semantic Function is required in order to answer question (P): “What computation
is being performed?” (Pylyshyn 1984, Chap. 3) In our case, this question turns to
question (P’): “What discrete mathematical function is being computed?” To quote
Pylyshyn again, “the way the machine must work to be correctly described as follo-
wing a semantic15 rule [like computing the values of a given discrete mathematical
function] is, on every occasion in which the rule is involved there must be physical
properties of the machine’s state capable of serving as physical code for that semantic
interpretation” (Pylyshyn 1984, p. 68).

Let us take an example. Let us say that the states of the memory registers are
designated by such expressions as 0, 1, 01, 10, 11, etc. Let us suppose that when a
certain pattern, say “

⊕
”, occurs in a portion of the machine called the “instruction

register”, the machine’s memory registers change their states according to a certain

13 It also gives more detailed reasons as to why the three conditions given by Norton and Suppe are unlikely
to be fulfilled.
14 Pylyshyn’s book provides us with a clear and consensus view about the different levels involved in a
computer.
15 It is semantic because it corresponds to the way the syntactic rules between the computational states are
interpreted.
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rule. For example, when the portion of the machine corresponding to register 1 is in a
physical state that maps onto string 101 and the portion of the machine corresponding
to register 2 is in a physical state that maps onto string 110, then register 3, whatever
its physical state, changes to a physical state mapping onto string 1011. This illustrates
what it means for the computer to be governed by a physical regularity that can be
interpreted by means of the Instantiation Function as a rule between computational
states. At a particular time in the computational process, this rule might be used to
represent addition of numbers, provided we adopt the appropriate semantic function.
In the example, the required semantic function is simply the binary number system,
which maps strings of 0s and 1s onto numbers.

As we have shown in Sect. 3, the global time-independent mapping relation from
physical states to values of variables representing the physical system is not in most
cases an embedding relation because it is many–many. This is particularly obvious in
our example. The same registers will be used at different times for different purposes
and will therefore be interpreted by different Semantic Functions. Therefore, which
physical state corresponds to which representing element at each time is partly for-
tuitous and keeps changing. This basic fact about computation threatens at its roots
the view that the physical process of computation simply mimics the target physi-
cal process. The relation between the physical states of the computer and the values
of representing variables can be many–one in a classical computer if the Simulating
Portion is always located at the same physical place and if each part of this location
always codes for the same part of the Simulating Portion. In this case, the physical
states of the computer corresponding to this location do form an equivalence class and
are indistinguishable from the point of view of their function in the machine’s abstract
computational description (Pylyshyn 1984, Chap. 3).

All this concerns computation proper, namely the way a Turing machine realizes
a discrete mathematical function. Physicists do not have to be involved with these
levels, which are the realm of computer scientists. The levels specific to simulations
are the upper ones (see Sect. 4.4), where semantic mappings are more complicated.

4.4 The level of computational physics

Throughout the “lasagna” hierarchy, each level shows a particular “semantic sensiti-
vity”, namely, each level includes detailed features that may have unexpected semantic
effects at the upper level(s). Therefore, each level’s representational capacities have
to be carefully assessed.

Programmers never deal with the computational states of the machine (2), or with
the Semantic Function (see above). Instead, programs already packaged in languages
such as C, Fortran, etc. enable them to select the discrete usual mathematical functions
that they want to use such as, “+”, creations of lists, operations on matrices, etc.
Whenever the software writes the corresponding program at level (2), the Semantic
Function is black-boxed. In practice, this black-boxing is totally reliable as far as
elementary functions are concerned, except that continuous functions and real numbers
are replaced by close discrete representations that are easier to compute—close, but
different.
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This is why when the exact discrete functions aimed at are replaced by easier-to-
compute discrete functions,16 undesirable effects might occur. For example, one may
have to use an algorithm that only computes a Fast Fourier Transform within a given
margin of error. Another case of semantic sensitivity to the program’s details is the
representation of real numbers by 32, 64, 80, or even more bytes. Switching from 32
to 64 ,bytes may improve the overall precision of the output, but can also generate
huge changes on the final result whenever small scale phenomena govern the overall
behavior of the system studied. In such cases, the exact discrete mathematical function
that is computed may have important consequences at every higher level. This implies
that the details of what is actually computed at each level influence the simulation’s
overall quality. In order to assess how reliable the discrete functions implemented
actually are, one may rely on results from applied mathematics,17 on successive trial
and check methods, or again on calibration techniques when the exact results are know
for some values (Humphreys 2004, pp. 116–121).

Semantic sensitivity may also appear at the articulation between discrete and
continuous equations. What matters here is having the computed numerical solution
converge towards the solution of the continuous equation and having the computation
be stable. According to Lax’ equivalence theorem, stability is a necessary and suffi-
cient condition for convergence (Farge 1986, p. 164). Von Neumann analysis provides
conditions for stability, but only in the case of simple linear problems.18

Let us conclude this semantic analysis with the articulation between levels (3)
and (4), where even more semantic mappings come into play. Here we find the intri-
cate hierarchies of models mentioned by both Hughes (1999) and Winsberg (1999).
Winsberg describes the heart of the practice of computer simulation as a matter of
building hierarchies of models: mechanical models in Cartwright’s sense,19 dynami-
cal models, ad hoc models, computational models, and models of phenomena. He
insists that on the way from the dynamical models, usually including partial diffe-
rential equations, to level (3.1), simulationists usually encounter many obstacles, for
the intractability of dynamical models may be computational as well as analytical.
This means that difficulties do not only appear at the articulation of levels (3.2) and
(3.1), but also within level (3.1), when there is not enough computational time and/or
power to compute the various functions at this level. In order to obtain a satisfactory
description at level (3.1), simplifying assumptions have to be made, degrees of free-
dom have to be removed, simpler empirical relationships have to be substituted for

16 These functions can be programmed by the simulationist or are already packaged in if one uses ready-
to-use simulation software.
17 For example, even if the FFT exact algorithms are error free, the use of floating commas with finite
precision may be a source of errors. For the ordinary implementation of the ordinary Fourier Transform,
the errors are in O(εn3/2), whereas it is only in O(ε log(n)) for the Cooley–Tukey algorithm (cf. Cooley
and Tukey 1965).
18 This is the reason why, in computational fluid dynamics simulations, the grid has to be fine-grained
enough to have a Reynolds number below 1, i.e., the linear dissipative effects dominate the non-linear
convective effects (ibid., pp. 164–165).
19 “A mechanical model is a bare bones characterization of a physical system that allows us to use the
[underlying] theoretical structure to assign a family of equations to the system”, for instance, the description
of a system as a damped oscillator” (Winsberg 1999, p. 279).
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more complex ones (Winsberg 2001, p. S445). This is the price of a not-too-inaccurate
representation at level (4). It is paid in a currency involving discrete mathematics as
well as various skills transmuting dynamical models into computationally tractable
ones.

Paying attention to the details of the computation, and in particular to the algorithms
used, is the best way to avoid developing idealized conceptions of simulations. Whe-
reas a quick analysis following the scientist’s top-down move leads one to believe that
simulations are just a way to find the solutions of theoretical models by implementing
them, our analysis shows that the semantics of simulation is not that straightforward
and that the assessment of any simulation’s representational faithfulness is only the
final step in painful semantic work.

5 Machines, after all

A distinctive feature of computer simulations, understood as running computer
programs, is that they represent the successive states of a physical system in a way
that excludes indeterminable parameters, since all the physical system’s quantitative
properties that are taken into account in the simulation must have determinate values
(this is what we call “semantic saturation”). This is a consequence of the fact that, to
be run, the program must be syntactically complete or saturated.

A syntactically incomplete program cannot run since it lacks elements that are
necessary for any logical computation to be carried out. This implies that syntactic
saturation is necessary for the simulation to run. That syntactic saturation is required
also implies that it is usually difficult to obtain exactly the same values for similar
simulations on different machines, and a fortiori in different labs, because the sub-
programs or the random generators used to generate them are usually not all accessible
to the simulationists. The different sub-programs or random generators do not bring
about exactly the same sequences of 0s and 1s in each case. These sequences cannot
generally be accessed; however, the details of these sequences can have different
effects at upper levels.

In the conceptual framework we have presented, semantic saturation is a necessary
property for a simulation to acquire any meaning at all. The property of semantic
saturation makes of program (b) above a “saturated object” in Frege’s sense, namely,
an object that logically stands on its own. (A logical function, on the contrary, is
semantically open: it needs to be completed by a logical constant to make a proposition
and thus acquire a propositional meaning). Program (a), as semantically incomplete,
cannot be said to represent any particular behavior of a physical system. In order to
represent such a behavior, program (b) has to be completed by assigning values to all
variables if the program is to run.20

20 Claiming that syntactic and semantic saturation are required for program (b) to run should not be mixed
up with (erroneously) assuming that simulations (in the sense of running computer programs) are irreducibly
singular sequences of events. As computer programs, they can in principle be run in any place and at any
time and still generate the same results. Their being implemented on physically different machines does
not affect this property.
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One might assume that there is a strong connection between semantic saturation
and physical implementation. Both semantic saturation and physical implementation
are necessary for any simulation to run. However, they are not necessary in the same
sense. In order to understand why, two facts about simulations should be clearly
distinguished:

– the fact that they are physical “incarnations” of theoretical models, i. e., that they
are implemented on machines,

– and the fact that they are semantically saturated at the level of the mathematical
functions they involve.

As we have shown, it is the second fact that enables simulations to generate data in
the sense of “data about the investigated system”. Semantic saturation is indeed a
logical condition for a simulation to be a simulation, namely an object endowed with
representational capacities. Were we to be given analytical solutions or computations
made by an immaterial, fictitious being, data (in the sense of “dataA”) would still be
obtained and knowledge gained from these data. It should also be noted that physicists
need not (and usually do not) have any idea about which exact physical processes
realize the computations. Provided they know which exact mathematical computations
have been performed and sent into the output files, they can work on these files,
visualize some of the outputs, and interpret the outputs as data.

Why is the physical implementation so important after all? As described above, with
the help of the Semantic Function, Turing machines or computers can be interpreted
as computing mathematical functions. We can still run a Turing machine ourselves by
following its transitions step after step. Physically implementing the Turing machine
enables us to make physical systems work for us and do massive number crunching.
As a consequence, in order to generate more data and make even bigger computations,
one only needs to build bigger computers (up to a certain point). So physical imple-
mentation matters only in so far as it enables us to perform huge computations and
thereby mechanically unfold what was contained in the discrete dynamical equations.

6 Concluding remark

Let us return to Hughes’ claim, also shared by Humphreys and Norton and Suppe, that
“the computer is a material system, and in using it to provide answers to our questions
we are relying on the physical processes at work within it” (Hughes 1999, p. 139). We
have shown that the physicality of the processes at work within the computer cannot
explain E , namely that computer simulations, although they are basically computations
and do not involve any measurement interactions, nevertheless do generate new data
about empirical systems, just as field experiments do.
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