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nature, to realist views of science (which

1 INTRODUCTION hold that science aims at the truth about the

Many philosophers underestimate the gen-
eral disillusionment in the philosophical
outlook on science caused, in part, by
Kuhn’s Structure of Scientific Revolutians
The response to Hume’s problem of induc-
tion has always kept the issue of scientific
truth at the forefront of philosophical re-
search, and philosophers have expended
great energy in defending a broad spectrum
of replies to Hume’s skepticism, ranging
from the view that theories are merely in-
struments for the control and prediction of

world, and is rational in the pursuit of this

goal). Kuhn (1970, p.171) now insists that
this approach to studying science is unhelp-
ful, and many outsiders have followed his
lead:

Does it really help to imagine
that there is some one full, objec-
tive, true account of nature and that
the proper measure of scientific
achievement is the extent to which
it brings us closer to that ultimate
goal? If we can learn to substitute



evolution-from-what-we-know for

evolution-toward-what-we-wish-to-

know, a number of vexing prob-
lems may vanish in the process.
Somewhere in this maze, for exam-
ple, must lie the problem of induc-
tion.

For Kuhn (1970), and his followers, the
rationality of science has nothing to do with
truth. Rather: ‘As in political revolutions, so
in paradigm choice-there is no standard
higher than the assent of the relevant com-
munity’ (Kuhn, 1970, p.94).

To be a card-carrying philosopher of sci-
ence it is almost obligatory to reject Kuhn'’s
point of view. It is natural that any intellec-
tual community attends mostly to the inter-
nal issue that divides the community, rather
than defending their shared beliefs. Kuhn
was right about intellectual communities in
this regard. But should they behave in this
way? Perhaps, philosophers of science
should unite against the common enemy. If
so, then the strongest and most convincing
rebuttal of Kuhn’s position must be based on
the weakest and most secure premises,
which are the ones on which most philoso-
phers of science agree. Almost all philoso-
phers of science agree that scientific theories
are (successful and rational) instruments for
prediction. The strategy of the present essay
is to do as much as possible with as little as
possible.

Many philosophers of science believe
that the many replies to Kuhn are already
completely adequate for this purpose. | do
not share that conviction. To support my
viewpoint, | present a problem to philoso-
phers of science—the problem of idealiza-
tion (section 5)—which appears to support
Kuhn’s view that rationality with respect to
truth is a bankrupt notion. The problem is
not merely that idealizations are used eve-
rywhere in science. The problem is that
such falsehoods can actualiycrease the
predictive accuracy of the resulting equa-

tions. There is necessarily a need, in some
cases at least, to trade off truth in one re-
spect for truth in another respect. It is this

trade-off that threatens the rationality of

truth as a univocal goal of science.

The traditional ‘solution’ to the problem
of idealization is well represented in Mus-
grave’s writings, especially his 1981. There,
Musgrave argues that idealizations are
rational from a realist point of view if either
they are lead to no loses in predictive accu-
racy (‘negligibility’ assumptions), or they
are only presented for heuristic reasons
(‘heuristic’ assumptions) to make it easier to
learn the full theory. The solution assumes
that if the idealization were removed, then
the resulting equations would bring us closer
to the truth, or at least no further from the
truth. That is, the solution assumes that it is
possible to simultaneously optimize ever
aspect of truth at the some time, so that truth
is a univocal goal of science. It is exactly
this assumption that has been shown to be
false in recent research on idealizations in
science (Forster and Sober, 1994; Forster,
1999; Forster, 2000; Forster, forthcoming).

To formulate and to solve the problem of
idealization, one needs to make a clear
distinction between three levels of theoriz-
ing (section 2)-theories like Newton’s
theory of motion, at the most general level,
modelsapplied to concrete systems in the
middle, and predictive hypothesesat the
lowest level, which result from fitting mod-
els to data. The essential point of this tripar-
tite distinction is that predictive accuracy is
a property of predictive hypotheses at the
very bottom of the hierarchy, and there is
traded-off against the truth at the next level
up—the level of models.

The same distinction is also useful for
the explication of Kuhn’'s views about sci-
ence (section 3). In particular, normal sci-
ence concerns the development of the mid-
dle layer of theory—at the level of models.
Revolutionary science involves a change of



theory at the top. If theory change is ration-
ally motivated by the success or failure of
normal science, and normal science consists
in the development of models, and models
are not evaluated according to their truth,
then there is a prima facie problem here for
realists. Kuhn may not have explicitly
pointed to the problem of idealization, but it
supports his view of science, at least on the
surface.

Therefore, philosophers of science who
want to defend a standard of rationality
higher than the assent of the relevant com-
munity must address the problem of ideali-
zation. To do this, they need a finer-grained
definition of the goal of science than truth
simpliciter (section 4). Traditionally, phi-
losophers of science have made a distinction
between epistemic and pragmatic goals of
science. Epistemic goals include all goals
that depend on what is true of the world.
This includes not only the truth of theories,
but also the predictive accuracy of predictive
hypotheses. Truth and predictive accuracy
operate at different levels of theorizing, so
that they depend on each other in compli-
cated ways. The three levels of theorizing
are essential to the correct formulation of the
problem. If the problem is not understood
correctly, it cannot be solved correctly.

Once these distinctions are in place, a
space of possible philosophical positions is
opened up, and the core instrumentalist view
of science is strengthened in the process. It
is not only survives the problem of idealiza-
tion, but it explains the use of idealization in
a way that makesssential reference to
epistemic values. It's not that idealization is
epistemically harmless, as Musgrave be-
lieves. It has positive epistemic value,
which cannot be explained except by refer-
ence to predictive accuracy.

Predictive accuracy, like truth of theo-
ries, is something that hypotheses do not
wear on their sleeves. But unlike the truth
of theories, it can be directly tested by see-

ing whether the predictions come out to be
true, or approximately true. This requires
that a hypothesis constructed from one set of
data is tested against a different set of data.
This is quite different from testing hypothe-
ses against the combined set of data. The
difference might be described dmchronic
testing as opposed teynchronic testing.
The suggestion is that models and theories
should be evaluated according to their sur-
vival of diachronic tests.

Once the problem of idealization re-
solved, one needs to determine whether the
truth of competing theories can be rationally
evaluated. The problem that Kuhn presents
in this regard is the problem of incom-
mensurability, which, in part, denies the
comparability of the theoretical content of
rival theories. | have no argument against
incommensurability in this sense. Rather, |
present it as a non-problem. If theories are
to be rationally compared according to their
truth, or verisimilitude, then the judgment
should supervene on the degree of predictive
accuracy that can be obtained within each
theory. In section 6, | explain what this
means, and describe the difficulties that crop
up in making such judgments. Kuhn’s
incommensurability is not on that list.

In one sense, the solutions presented
here are small achievements relative to the
wide diversity of methodological issues in
science. Modest though they may be, they
go beyond the assent of the relevant scien-
tific community in an essential way. They
go beyond the assent of any scientific com-
munity because our understanding of predic-
tive accuracy is relatively recent—scientists
have been unaware of positivapistemic
benefits of idealization. It is not therefore a
part of any story about the psychological
goals of scientists, or of community of
scientists, or their beliefs. Nevertheless, the
payoff is real, and its explanation argues for
the rationality of science in the objective



sense recommended by many philosophers
of science, and rejected by Kuhn.

To take the argument further—towards
establishing the rationality of science with
respect to the full realist goal of truth—is an
unsolved problem. However, to respond to
the common Kuhnian enemy, the first step is
the essential one. The modest problem-
solving exercise described in this essay is
sufficient to establish that the rationality of
science should not be conflated with the
rationality of scientists.

2 THEORIES, MODELS AND PRE-
DICTIVE HYPOTHESES

Perhaps the easiest way of introducing the
distinction between theories, models and
predictive hypotheses is to consider how
observational predictions are derived from
theories. For this purpose, | will suppose
that predictions aréogically deducedrom
theories. Such an assumption will not be
true in statistical theories, which have only
probabilistic consequences. However, the
idealized picture is sufficient for the task at
hand.

Suppose thaE is an observational state-
ment about the position of a planet relative
to the fixed stars at some particular time, or
the frequency of light emitted by burning a
certain substance, or the rate at which a
species will colonize a new volcanic island.
Let T stand for the fundamental theoretical
principles involved in making such a predic-
tion, like Newton’s laws of motion, the laws
of quantum mechanics, or the principles of
population ecology. Everyone agrees that it
is impossible to logically dedude from T
because there are missing premises. | will
divide these additional assumptions into two
kinds. First, there are thleackground em-
pirical data—statements of past observation
that are used in the theory to fix initial con-
ditions and estimate parameter values. Let
me refer to this background data by the letter
D (‘D’ for data). However, there are other

assumptions needed, which are not directly
determined by past experience. | will refer
to these asuxiliary assumptionsdenoted
by the letterA. On this analysis, a predic-
tion E is deduced from a theor¥ via the
logical entailmenT & A& D O E.

Auxiliary assumptions are typically more
theoretical than those included in the back-
ground data. They most commonly include
simplifying assumptions about thebsence
of interfering factors, like the absence of
confounding causal factors in causal model-
ing, the absence of other forces like air
resistance in Newtonian mechanics, the
purity of a chemical substance in chemistry,
or the absence of genetic mutations in popu-
lation ecology. Auxiliary assumptions also
include the assumptions made by applied
mathematicians when they omit high order
terms of a Taylor expansion, or when they
drop terms on the basis of an order of mag-
nitude analysis. They are oftenownto be
false, in which case we refer to them as
idealizations

It is important to distinguish between
theories and models. Unfortunately, the
term ‘model’ has several unrelated uses in
the philosophy of science. Here are three
senses in which the term wiibt be used in
this essay. (1) A ‘model’ as in a model
airplane. Such models do appear in science,
such as in the ‘model of DNA’” Watson and
Crick used to ‘model’ the helical structure of
the DNA molecule. But it is not the sense of
‘model’ used here. (2) ‘Model’ in the sense
used by mathematicians in model theory
(e.g., Sneed, 1971; Stegmiller, 1979). This
has a rather technical meaning, which corre-
sponds roughly to what logicians call an
interpretation of a languagéan assignment
of objects to names, a set of objects to prop-
erties, a set of object pairs to relations, and
so on). It is not the sense of ‘model’ used
here. (3) | have heard people speak of
Darwin’s model of evolution, where they are
referring to the core postulates of the theory.



‘Model’ in this instance refers to what we
are calling a ‘theory’, and is not the sense of
term used here.

| am more concerned with the way in
which scientists speak of models. To cap-
ture their usage, it is better to say that a
modelis a theoretical statement (often in the
form of an equation) that is specific enough
to be applied to a concrete system. Theories
do not have this specificity. For example,
Newton’s theory of gravitation says that
every body in the solar system attracts every
other body in the solar system in a certain
way without making any implications about
the number or nature of such bodies. Nor
does it say whether the system should be
treated as isolated, or whether electromag-
netic forces play a role. This is the function
of auxiliary assumptions. That is, a model
M is obtained from the theofywith the aid
of a set of auxiliary assumptiords In sym-
bols, T & A) 0 M. Note that the entailment
does not work the other way. Models do not
‘contain’ the theory from which it is de-
rived—in fact, it is not essential that they be
derived from theories at all. | have ex-
plained the meaning of models by their
relationship to theory only because that is
when we need to be careful about the dis-
tinction.

Consider a famous case in the history of
planetary astronomy. In the 60 years before
the discovery of Neptune in 1846, there was
a series of Newtonian models of planetary
motion which assumed that Uranus is the
outermost planet in the solar system. When
the discrepancies between the predictions of
this model and the observed motions of
Uranus remained after the interactions of the
known planets were taken into account, Le
Verrier and Adams adopted a model that
assumed the existence of dh @anet. Let
me label this new model @4’. M’ postu-
lated the existence of aff' ®lanet, but made
no precise assumptions about its position.
But when it was combined with the daa,

about the past positions of Uranus and the
other planets, the new model did predict its
position, whereupon Neptune was discov-
ered when telescopes were pointed towards
the predicted position of the planet. That is,
M’& D O E, whereE is a statement about
the position of the eighth planet.

A model is unable to make precise pre-
dictions because it postulates a number of
free parameters, like mass values, or initial
conditions, whose values are not given by
the theory, or the auxiliary assumptions. Let
a predictive hypotheside aversion of the
model together with a precise numerical
assignment of values to all adjustable pa-
rameters. It is gredictive hypothesis be-
cause once all parameters have precise
numerical values, the hypothesis is able to
make precise numerical predictions. There
aremanysuch versions of the model, so the
model is really afamily of predictive hy-
potheses. Logically speaking, is an open-
ended disjunction that says that one of its
members is true. (Scientists often refer to
predictive hypotheses as ‘models’ as well—
‘fitted models’ might be the appropriate
translation in most instances).

There are two kinds of models—
statistical and non-statistical. Philosophers
of science mostly think about non-statistical
models, which make precise predictions.
Most the predictive hypotheses in suchivan
are logically inconsistent with the back-
ground datdD. Naturally, we only want the
unrefuted members d¥l to play a role in
prediction. Ideally, only one member bf
is consistent wittD, in which caséM & D is
singles out a unique predictive hypothesis.
If no members oM are consistent witlD,
thenM is falsified byD. If many members
of M are consistent witl, then the predic-
tions will be imprecise.

In the case of models that make only
probabilistic assertiond) may be logically
consistent with every member bf (e. g, if
we assume Gaussian error distributions),



although some members will always fit the
dataD better than others. In that case, a
unique member df1 is picked out by choos-
ing the best fitting member ofl, where
‘best’ is defined by some statistical measure
of fit, as in the method of maximum likeli-
hood or the method of least squares. There-
fore, in either casehe role of background
data is to single out a unique predictive
hypotheses from a modellf we label this
predictive hypothesis b, then T & A &

D) O H, or equivalently, & D) 00 H.

A theory may be thought of as a family
of models. Different models are derived
from a theory using different idealizations,
different simplifying assumptions, and
different auxiliary hypotheses. Many differ-
ent models can be derived from a single
theory. For instance, if we assume that there
are six planets, which are small point
masses, then we get one Newtonian model
of the solar system. But if we assume that
there are 7 planets, or if we model the Earth
as bulging at equator, then we get a different
Newtonian models of the solar system.

Not all theories are as precisely formu-
lated as Newton’s or Einstein’s theories of
motion. For example, connectionist model-
ing (Rumelhartet al, 1986) of animal or
human behavior is based on the idea that
behavior is caused by information processed
by neural networks. There is a collection of
basic models, or what Kuhn would call the
exemplars of connectionist science, which
serve to guide the construction of new mod-
els. But there is no well articulated proce-
dure for constructing models from some-
thing like Newton’s three laws of motion.
That is why science at the level of models
and predictive hypotheses is perhaps the
most important. Models appear in every
science, while theories do not. That is why
it is essential to include models as a species
of scientific hypothesis—to speak only in
terms of theory and auxiliary assumptions is
to either exclude such sciences from the

discussion, or to conflate models and theo-
ries.

3 KUHN’S PICTURE OF SCIENCE

Some of the most notable examples of sci-
ence are those spawned by the great books
in science, such as CopernicuBis Revolu-
tionibus Newton’sPrincipia, and Darwin’s
Origin. These books were not the end, but
the beginning, of highly productive periods
of science. For Kuhn (1970), these periods
of science are examples nbrmal science.
Normal scientific research is conducted
under aparadigm or disciplinary matrix He
lists four elements of a disciplinary matrix;
symbolic  generalizations, metaphysical
presumptions, valuegndexemplars. | will
assume that a model is a kind of symbolic
generalization, and that the goals of research
come under the heading of ‘values’.

In contrast,revolutionaryscience is the
process by which one paradigm is replaced
by another. In the history of science, Kuhn
sees periods of normal science punctuated
by revolutions followed by new periods of
normal science. While this broad picture is
consistent with the traditional philosophies
of science, Kuhn’'s explanation of how and
why the changes come about is quite differ-
ent.

In the terminology of the previous sec-
tion, normal science is about the construc-
tion of newmodelsor the improvement of
old ones, whereas paradigm change or revo-
lutionary science is aboutheory change.
Kuhn’s account of these two different kinds
of change is sketched below.

Anomalies are the driving force behind
normal science. For Kuhn (1970, p.52) an
anomaly is a violation of ‘the paradigm-
induced expectations that govern normal
science’ In terms of the previous section, an
anomaly is one of two things: (adecrep-
ancy between the best worked-out model of
a theory at the time and the known phenom-
ena or (b) aiscrepancybetween two mod-



els, each of which is accepted as a good
representation of different parts of the phe-
nomena. The ‘puzzles’ of normal science
are puzzles about how to change the ‘para-
digm-induced’ expectations so that an
anomaly is removed. Scientists solve these
puzzles by constructing new models that
removes the anomaly without creating too
many new ones. Model construction is the
engine of normal science, while anomalies
provide the fuel. Kuhn does not use the
term ‘model’ in this sense, but | believe that
it does fit well with how contemporary
scientists describe the activities of normal
science.

Kuhn’s account of model construction
departs from the deductive account de-
scribed in the previous section, which is
more familiar to philosophers. He tends to
downplay the role of the formal derivation
of models from a background theory, and,
instead, suggests that models are constructed
by analogy fromexemplarsof the science
taught in textbooks. By an ‘exemplar’ Kuhn
(1970, p.187) refers to ‘the concrete prob-
lem-solutions that students encounter from
the start of their scientific education,
whether in laboratories, in examinations, or
at the ends of chapters in science texts.” ‘All
physicists, for example, begin by learning
the same exemplars: problems such as the
inclined plane, the conical pendulum, and
Keplerian orbits; instruments such as the
vernier, the calorimeter, and the Wheatstone
bridge.” Exemplars provide the scientist
with a kind oftacit knowledge that cannot
be articulated explicitly, but is nevertheless
an essential part of the paradigm. The ad-
vantage of ‘substituting paradigms for rules’
is that it ‘should make the diversity of scien-
tific fields and specialties easier to under-
stand.” (Kuhn, 1970, p.48) Kuhn therefore
rejects the deductivist view that models are
the logical consequences of theory and
auxiliary assumptions. If we are concerned
about the psychology of scientists, then

Kuhn is right that scientists do not always
follow a rigorous pattern of deduction.

However, philosophers of science are not
concerned with the psychology of models
but with their evaluation. The deductive
picture may be useful for this purpose,
although 1 will be neutral on this point

during the remainder of this essay.

Kuhn recognizes that the removal of
anomalies by using ‘fudge factors’, ad
hoc gerrymandered changes in auxiliary
assumptions, is not an acceptable puzzle
solving strategy in science. At the same
time, he is denying the existence of rules for
the construction of models, so he is not able
to say thatad hoc models are disallowed
because they violate theules for model
construction. So, how are they disallowed?
One such example that he considers is
Ptolemaic astronomy:

Given a particular discrepancy,
astronomers were invariably able to
eliminate it by making some par-
ticular adjustment in Ptolemy’s sys-
tem of compounded circles. But...
astronomy’s complexity was in-
creasing far more rapidly than its
accuracy and... a discrepancy cor-
rected in one place was likely to
show up in another. (Kuhn, 1970,
p.68)

This passage is ambiguous. On the one
hand, it could point to a practical difficulty
in fitting a particular Ptolemaic model (de-
fined by a specific number of epicycles
assigned to each celestial body). The ad-
justment of radii and periods of motion to
remove one discrepancy might fail to pro-
vided good fit with other known data. This
is a problem concerning synchronic fit with
data. On the other hand, he may be referring
to fact that after a complex model success-
fully fit all known data, it was likely to fail

in its prediction of new data, and therefore
the corrected discrepancy would show up in
another place. This concerns a diachronic



notion of fit. The second diachronic concept
of fit is the epistemologically important
notion, for it is a well known character of
complex models that accommodation is easy
and prediction is hard. This is therefore the
more charitable reading of Kuhn.

This brings us to Kuhn’s description of
revolutionary science, in which the concept
of a ‘crisis’ plays a key role. Arisis in
normal science occurs when puzzle-solving
breaks down; either because no solutions are
found, or because the discrepancy corrected
in one place shows up in another. Although
crisis is necessary to end a period of normal
science; it is nosufficient A second re-
quirement is that there is a competing para-
digm that shows greater promise in puzzle-
solving potential. ‘The decision to reject
one paradigm is always simultaneously the
decision to accept another, and the judgment
leading to that decision involves the com-
parison of both paradigms with natuaed
with each other.” (Kuhn, 1970, p.77)

At the time of publication, Kuhn intro-
duced the new and controversial idea that
scientists do not see anomalies, or even
crises, asesting the paradigniself.

Though they may begin to loose
faith and then to consider alterna-
tives, they do not renounce the
paradigm that has led them into cri-
sis. They do not, that is, treat
anomalies as counterinstances,
though in the vocabulary of phi-
losophy of science that is what they
are. (Kuhn, 1970, p.77)

For Kuhn, ‘...science students accept theo-
ries on the authority of teacher and text, not
because of evidence’ (Kuhn, 1970, p. 80).
All the standard confirmation theories of the
time, assumed that scientists are constantly
evaluating predictive hypotheses, models,
and theoriesagainst the latest empirical
evidence. However, writers like Popper
recognized that the mediation of auxiliary
assumptions often protected theories from

direct falsification. The issue was whether
there were ever occasions when the auxiliary
assumptions were sufficiently well tested
independently of the theory so that the arrow
of modus tollens could be directed at the
theory some of the time. If Kuhn is right to
claim that no such process actually takes
place in normal science, then it is a genuine
embarrassment for the Popperian point of
view. This is still a controversial issue.
However, at best it undermines one particu-
lar account of how theories are evaluated. It
does not preclude the possibility that theo-
ries can be objectively evaluated in a differ-
ent way.

However, at the level of models, Kuhn
(1970, p.80) concedes that ‘Normal science
does and must continually strive to bring
theory and fact into closer agreement, and
that activity can easily be seen as testing or
as a search for confirmation or falsification.’
Scientists may try out a number of solutions
to a puzzle, ‘rejecting those that fail to yield
the desired result’ (Kuhn, 1970, p.144).
Scientists do, therefore, test themodels
This is an important difference between
theories and models on Kuhn's account.
Models are constantly evaluated in normal
science, whereas the theory is only evalu-
ated in times of crisis, and only against a
competing theory

The lesson is clear: If Kuhn is right,
then there is a huge difference between the
way scientists evaluate theories and the way
they evaluate models. Philosophers of
science have paid too little attention to
normal science. If one has no clear concept
of ‘model’, then one has no clear conception
of normal science. To consider only the
conjunction of theory and auxiliary assump-
tions, T&A, will not do, because a ‘model’
in the proper sense does not imply such a
conjunction. Otherwise it would be impos-
sible to derivetrue models from a false
theory, or false auxiliary assumptions. The
proper concept therefore allows for the



separation of the questions: (A) Is the theory
true, and (B) Are the models true? If normal

science aims at true models, then it may not
matter that the theory is false. It may makes
sense that the truth of theory is not ques-
tioned in normal science, because its false-
hood does not preclude the success of nor-
mal science.

Nevertheless, there is a need to refine the
guestion. As | shall argue in the following
sections, the use of idealizations makes it
difficult (though not impossible) to defend
the view that normal science aims at true
models. It is better to argue that normal
science aims at predictively accurate mod-
els, and then to ponder how this can lead to
truth at a higher level of theorizing. To
defend the objective rationality of science, |
believe that it is important to decompose the
problem in this way.

4 HEMPEL'S CRITICISM OF POP-
PER AND KUHN

Hempel (1979, pp. 50-51) makes the point
that a procedure ‘can be called rational or
irrational only relative to the goals the pro-
cedure is to attain.” He notes that ‘Popper,
Lakatos, Kuhn, Feyerabend, and others have
made diverse pronouncements concerning
the rationality or irrationality of sci-
ence...without...giving a reasonably explicit
characterization of their conception of ra-
tionality which they have in mind and which
they seek to illuminate or to disparage in
their methodological investigations.” The
point is not that there is one unique sense of
scientific rationality, for there are many
goals of science (some of which are argua-
bly more essential to sciencgua science,
than others). The point is merely that clarity
demands that the goals are made explicit,
and that rationality with respect to different
goals should be discussed separately, one at
a time.

Suppose that we can agree thae goal
of planetary astronomy, from Ptolemy to

Einstein, was to search for thele trajecto-
ries of the planets in the future and the past.
That seems clear enough. But is it entirely
clear? | think that the goal implied by this
statement is thpredictive accuracyForster
and Sober, 1994) of a predictive hypothesis,
rather than its truth. The trouble with ‘truth’
as a goal is that there is no automatic crite-
rion of partial success. The only obvious
criterion for achieving truth is black and
white—you either achieve it, in which case
you are 100% successful, or you do not, in
which case you are entirely unsuccessful.
This is not the way we understand the
‘search for true trajectories’. Some false
trajectories are better than others, and pre-
dictive accuracy defines what counts as
better. Some false hypotheses are predic-
tively more accurate than other false hy-
potheses, even though none is truer than any
other. This feature of predictive accuracy is
good.

Other features of predictive accuracy
appear to be bad. Predictive accuracy is
defined by first fitting a model to one data
set,D4, and then considering the accuracy of
its predictions in another data sBg. The
predictive accuracy is the expected fit with
respect toD,, or equivalently, the fit with
the true hypothesis within the domain of
data defined byD,. For example, suppose
thatD; is the set of observations of Haley's
comet available to a group of scientists at
the present time. That set will include ob-
servations at an assortment of times over a
fixed period of times. Suppose we find the
Newtonian hypothesis that best fits this data.
There are at least two kinds of predictive
guestions we may ask: (1) If there other
observations of Haley’'s comet during the
past that we have not seen, how well does
our hypothesis predict these data. (2) How
well will our hypothesis predict future posi-
tions of Haley's comet. There are two
distinct kinds of predictive accuracies at
issue here—the first involves the interpola-



tion of our observations to the past, while
the second involves their extrapolation to the
future.

So, predictive accuracy is subject to
Hempel's warning—one should be precise
about the notion of predictive accuracy
appealed to. Moreover, the distinction
amongst different kinds of accuracy allows
philosophers of science to raise an interest-
ing variety of methodological questions.
For example, suppose that there is no
method that will do the best job at optimiz-
ing the accuracy of interpolation and ex-
trapolation at the same time. Then there is
no unique answer to questions about objec-
tive rationality. The objective answers are
conditional in nature: If you are interested
in interpolation, then use method 1; and if
you are interested in extrapolation, then use
method 2.

In Forster (2000) | describe one com-
puter simulation that shows that such trade-
offs do exist (see also Busemeyer and Wang,
2000). One of the two methods compared
involved synchronic fit with data together
with a complexity factor. The standard
methods of model selection, including the
method of maximum likelihood, AIC, and
BIC, are of this kind. They performed
reasonably well at interpolation, but per-
formed poorly at extrapolatioeven in the
limit of infinitely large data setgsorry,
convergence theorems (Earman, 1992) do
not help here because you can’'t converge on
the truth if the true predictive hypothesis is
not in any of your models). The second
method involved a diachronic method of fit,
whereby a model fitted to one data set was
tested against new data. Unsurprisingly,
perhaps, the past predictive success of mod-
els provided a better indicator of future
predictive success than the standard methods
of model evaluation.

Not only does the standard Bayesian phi-
losophy of science (Earman, 1992) not
answer these harder methodological ques-
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tions, it does not allow for the formulation
of the questions so long as it defines the
rationality of science in terms of the truth or
the probability of truth of hypotheses.
Hempel's criticism of Popper, Lakatos,
Kuhn, and Feyerabend was that the goals of
science are not clearly specified. The prob-
lem with Bayesianism, in its standard form,
is that it specifies a single goal, and is un-
able to consider other epistemic achieve-
ments (this criticism does not apply to deci-
sion-theoretic Bayesianism, but this is not
the standard form of Bayesianism).

The point of this section has been to ar-
gue that the multi-faceted nature of predic-
tive accuracy is actually one of its biggest
advantages. For it provides a fine-grained
analysis of the epistemic effectiveness of the
many methods actually used in real science.

S5 THE PROBLEM OF IDEALIZATION

What follows is an example of the explana-
tory work done by looking at predictive
accuracy (only the kind of predictive accu-
racy associated with interpolation is consid-
ered here). The question is: why should
idealizations be used in science even when
more ‘realistic’ models are available? Why
should complicated modelsiot always
supercede simpler ones? Also, why should
Newtonian science flourish today even
though Newton’'stheory is false? In brief,
the explanation is that false theories and
false models may sometimes help, rather
than hinder, the search for truth at the level
of predictive hypotheses. To understand
when, and why, this should be the case, we
need to examine the relationship between
predictive hypotheses and models.

Recall that a modél must make use of
background dat® in order to make predic-
tions. Suppose that there is a unique predic-
tive hypothesis itM, namelyH, that best fits
that dataD. Then it is this best fitting hy-
pothesisH, that is used to make predictions,
and it is therefore the predictive accuracy of



H that defines the predictive accuracy of the
modelM at that particular time. The predic-
tive accuracies of the other membershbf
are irrelevant.

In particular, it is irrelevant that there are
some predictive hypotheses in the model
that are more predictively accurate thdn
and this is the key point. If we denote the
most predictively accurate member Mfby
H*, thenH may not be close td*, in which
case the predictive accuracy of the model is
below itspotentialpredictive accuracy.

Potential predictive accuracy is irrele-
vant if it is not actualized. Think carefully
about this last statement. It implies the
possibility that a true model (in whidh* is
true) may achieve less accurate predictions
than a false model. Let CIRCLE and EL-
LIPSE be competing models of a planet’s
trajectory, and suppose that the true trajec-
tory is actually an ellipse. Then ELLIPSE is
true, and CIRCLE is false. However, the
data may be such that best fitting circle may
be closer to the true trajectory than the best
fitting ellipse. If this happens, it is because
the best fitting ellipse is not close to the best
ellipse. There are at least three reasons why
this may happen.

One reason is that there are errors of ob-
servation in the background daf@, Con-
sider the fact that it is always possible to fit
an n-degree polynomial throughh data
pointsexactly Thus, thed obtained fromM
will achieve perfect fit, but is unlikely to
have high predictive accuracy. This is
similar to the case of Ptolemaic or Coperni-
can astronomy, where a model with a suffi-
cient number of epicycles can fit any finite
set of observational data to an arbitrary
degree (as proven by Fourier’s theorem). In
such cases, it is necessary to sacrifice the
potential predictive accuracy of the model in
order the maximize thectual predictive
accuracy of the model. Note that this makes
sense of Kuhn'’s observation (section 3) that
the complexity of Ptolemaic astronomy was
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increasing far more rapidly than its accuracy
in the sense that a discrepancy corrected in
one place was likely to show up in another.

The second reason why may not be
close toH* has nothing to do with observa-
tional error. Suppose thit is not true, and
that there are no errors of observation. Then
M will never fit the data perfectly.H, by
definition, is the member dfl that fitsD the
best, and differerD will lead to differentH,
for no other reason than that they are sam-
pled differently. It is impossible for all of
theseH'’s to be equal tdH*. ThereforeH
may be quite different frorHl*.

The third reason is the dad may be
unrepresentative of the domain over which
the predictive accuracy is defined. In that
case, even an infinite number of data may
fail to pick out anH that is close tdH*.
This is the case of ‘extrapolation error’
discussed in the previous section.

The magnitude of this effect is relatively
small when two models have close to the
same degree of complexity, such as CIR-
CLE and ELLIPSE. However, the effect is
significant when comparing models of
widely different degrees of complexity.
This is philosophically important because it
means that a theory should not be blamed
for the poor predictive performance when
the idealizations are removed. Or to put it
another way, theories must be compared by
the predictive success of their idealizations.
Exactly how this can be done has yet to be
worked out in detalil.

Philosophers of science might take the
ubiquitous use of idealizations in science to
mean one of two things: (a) Science should
avoid idealizations, because the goal of
science is to obtain true theories and models.
(b) Science should continue using idealiza-
tions, in which case truth is not the goal of
scientific theorizing. For example, Cart-
wright (1983) opts for (b) in a book called
How the Laws of Physics LieOur discus-
sion shows that there is a third possibility:



(c) Science should continue using idealiza-
tions, because they are necessary in order to
optimize the predictive accuracy of our
models. The explanation is that science
seekspredictive hypothesehat are as close
to the truth as possible.

This shift of focus from trutlsimpliciter
to predictive accuracy has subtle but impor-
tant consequences for any view of testing or
confirmation in science. First, there is a
problem for any form of Bayesianism that
assumes that theories, models, and predic-
tive hypotheses should be evaluated by their
probability of truth. If scientists ought to
maximize theprobability of truth of their
models, then why should scientists be so
indifferent about the falsity of their models?
It is no good appealing to posterior prob-
abilities to get around this objection, for the
background datd), will most often confirm
that the world is really ‘messier’ and more
complicated than the model assumes. There
appears to be a conflict between what scien-
tists actually believe about the probability of
their models being true, and the decisions
that Bayesians recommend in response to
those beliefs. Are we to say that scientists
are irrational, or should we resolve the
conflict by supposing that their goal is
something other than truth?

Philosophers of science frequently talk
about hypothesis testing and selection in
terms of ‘confirmation’, ‘justification’,
‘proof’, ‘warrant’, ‘credence’, ‘support’,
‘verification’, and ‘corroboration.” All of
these terms suggest that hypotheses are
evaluated with respect to their truth or fal-
sity. It is time that these terms were re-
placed by words that do not build in that
assumption from the start. For that reason, |
prefer to talk about hypothesigesting
evaluation appraisal or assessment The
main thesis of this section is that the prob-
lem of idealizationcannotbe solved by any
philosophical theory of confirmation, given
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the way that the term ‘confirmation’ is
usually understood.

6 KUHNIAN COMMENSURABILITY

Kuhn (1970) and Lakatos (1970) say a lot
about the comparison of programs and
paradigmsas a whole but say little about
the pairwise comparison afiodelsin differ-

ent programs or paradigms. Why is this?
Einstein’s solution to the precession of the
perihelion of Mercury was surely evaluated
against the attempted Newtonian solutions.
Planck’s model of black body radiation
(which introduced the quantum hypothesis
for the first time) was surely evaluated
against the best classical solutions of the
day. These are examples of inter-theory
model comparison.

Perhaps the obstacle is Kuhn's famous
incommensurability thesis (IT), which says,
roughly, that there is a failure of translatabil-
ity between paradigms—that is, the puzzle
solutions of one paradigm cannot be trans-
lated and understood in terms of another
paradigm. Since | plan to argue that IT is
not an obstacle to model comparison, it is
appropriate for me to examine IT in more
detail.

Kuhn traces his idea back to Butterfield
(1962, pp.1-7), who claims that ‘of all the
forms of mental activity’ in scientific revo-
lutions, ‘the most difficult to induce...is the
art of handling the same data as before,

Figure 1 : The duck-rabbit visual gestalt



placing them in a new system of relations
with one another by giving them a different
framework.” Kuhn (1970, p. 85) then carries
on to remark that ‘Others who have noted
this aspect of scientific advance have em-
phasized its similarity to a change in visual
gestalt: the marks on paper that were first
seen as a bird are now seen as an antelope,
or vice versa.’

| am among those who found the gestalt
analogy extremely vague, until | mapped it
onto the Butterfield quote. Let me use the
duck-rabbit visual gestalt as an example
(Figure 1). The marks on the paper repre-
sent the data, and they argrinsically the
same whether or not the drawing is seen as a
duck or as a rabbit. There is no incom-
mensurability at that level. However, the
different modes of perception imply a dif-
ference in thesignificanceor thesalienceof
features. For example, the kink at the back
of the duck’s head is ‘noise’ when it is seen
as a duck, while it is an essential feature
when it is seen as the mouth of the rabbit.
The same is true about the relationships
amongst features. The fact that one ear of
the rabbit lies above the other is a matter of
accident when it is seen as a rabbit, whereas
is the essential that one part of the duck’s
bill is above the other when it is seen as a
duck.

We see exactly these kinds of changes
across scientific revolutions. Copernicus
saw great significance in the fact that the
retrograde motions of superior planets oc-
curred when and only when those planets
were in opposition to the sun. Ptolemaic
astronomers did not, even though they had
no trouble agreeing that it was a fact. Dar-
win saw great significance in the structural
similarities (homologies) across species,
whereas non-evolutionists did not. It is
exactly these kinds of differences that Kuhn
(1970, pp.118-9) finds in the Aristotelian
and Galilean views of pendulum motion:
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To the Aristotelians, who be-
lieved that a heavy body is moved
by its own nature from a higher po-
sition to a state of natural rest at a
lower one, the swinging body was
simply falling with difficulty. Con-
strained by the chain, it could
achieve rest at its low point only af-
ter tortuous motion and a consider-
able time. Galileo, on the other
hand, looking at the swinging body,
saw a pendulum, a body that almost
succeeded in repeating the same
motion over and over again ad infi-
nitum. And having seen that much,
Galileo observed other properties
of the pendulum as well and con-
structed many of the most signifi-
cant and original parts of this new
dynamics around them. From the
properties of the pendulum, for ex-
ample, Galileo derived his only full
and sound arguments for the inde-
pendence of weight and rate of fall,
as well as for the relationship be-
tween vertical height and terminal
velocity of motions down inclined
planes. All of these natural phe-
nomena he saw differently from the
way they had been seen before.

The gestalt analogy, and the scientific
examples, are consistent with Butterfield’'s
idea that the new mode of perception han-
dles the same data as before. In other
words, there may be a failure of translation
in some cases, but there ™ incom-
mensurability of the background dat. If
this is right, then IT claimonly that the
solution to a puzzle in one paradigm cannot
be translated into a different paradigm.

Nevertheless, there is an unanswered ob-
jection here. If we base inter-theory com-
parison on predictive accuracy, then aren’t
we assuming the existence of a theory-
neutral language of observation? And aren’t
there strong arguments against the existence



of a theory-neutral observation language,
some of which Kuhn himself provided? |
am inclined to concede that there is no such
thing as an observation language that is
neutral with respect tall theories, but to
deny that this is required for inter-theory
model comparisons (Sober, 1990). All we
need is a formulation of the problem in
terms that areneutral with respect to the
competing theories Aristotelians, and
Galileans alike, had no trouble understand-
ing what was meant by the ‘number of full
swings of the stone in a given period of
time’ or whether that number changed when
the size of the swings decreased. Einsteini-
ans and Newtonians had no disagreement
about how the magnitude of the precession
of Mercury’s perihelion should be measured,
or about its observed value. And Planck did
not introduce a new way of plotting ob-
served light intensities against wavelengths
when he introduced his new quantum model
of black body radiation. In each case, the
prediction problemswere easily translated
from one paradigm to the next.

Nor was there any reinterpretation of
what counted as successful prediction or
‘good fit" with the data. All of these exam-
ples confirm that the accuracy or inaccuracy
of predictions is measured in the common
currency of fit, usually defined by standard
statistical methods such as the method of
least squares.

Kuhn uses IT to argue that scientific
knowledge is notumulativedespite the fact
that the laws or models of earlier theories
appear to be derivable as special cases of the
later theory. Kepler's laws appear to be
special cases in Newton’s theory, and New-
ton’s equations appear to bpecialcases of
Einstein’s equations. However, for Kuhn,
this appearance is illusory because ‘the
physical referents of these Einsteinian con-
cepts are by no means identical with those
the Newtonian concepts that bear the same
name.” ‘Newtonian mass is conserved;
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Einsteinian is convertible with energy. Only
at low relative velocities may the two be
measured in the same way, and even then
they must not be conceived to be the same.’
(Kuhn, 1970, p.102) However, this only
serves to reinforce thpreviousinterpreta-
tion of IT; namely that no Newtoniamodel
can be translated into Einsteinian mechanics
because they invoke a different set of rela-
tions and place them in a new framework.
Moreover, Kuhn (1970, p.102) is clear
that the derivations do serve some purpose:

Our argument has, of course,
explained why Newton’s Laws ever
seemed to work. In doing so it has
justified, say, an automobile driver
in acting as though he lived in a
Newtonian universe. An argument
of the same type is used to justify
teaching earth-centered astronomy
to surveyors.

That is to say, the derivation of ‘limiting’
cases does serve to explain why the older
models were so successful in thpredic-
tions

Kuhn’s claim that the translatability of
models across paradigms is impossibie
principle is still controversial (Musgrave,
1979). For the purposes of this article, |
will treat this issue as unresolved | argue
only that the acceptance of IT does not rule
out the possibility of comparing Newtonian
and Einsteinian modelwith respect to the
goal of predictive accuracy

So, exactly how is progress with respect
to the truth defined across revolutions? My
suggestion is that at a given time, the
achievement of one program is greater than
another if and only if its best worked-out
model is predictively more accurate than the
best worked-out model of its competitor.
While the definition is vague if the domain
of prediction is not explicitly specified, there
is usually no problem in resolving this am-
biguity in real cases. Planck’s formula was
accurate over the full range of wavelengths,



whereas its predecessors were only accurate
for either the low end of the spectrum or the
high end of the spectrum, but not both.
Everyone agreed that accuracy over the full
spectrum of wavelengths was a goal of the
research.

Lakatos (1970) suggested that competing
research programs should be compared
according to their rate of progressiveness at
the time. So, for example, if one is progres-
sive while another is degenerating, then the
first receives a better evaluation than the
second. | believe that Lakatos’s idea is
plainly wrong. Such an evaluation should
compare theachievementf one program
with the achievements of another. The rate
of improvementwithin each program is not
relevant to their current state of achieve-
ment, though it may be relevant to the ques-
tion about how the current comparison
should be projected into the future. My
point is that those two questions should be
clearly separated and Lakatos does not.

The best worked-out models of a young
research program may not compete well
with those of a more established competitor.
Its best models have yet to be worked out, so
an estimation of the unprovepotential of
the new program is largely an article of
faith, similar to religious faith or blind
political allegiance. Kuhn (1970, pp.157-58)
describes this issue in exactly these terms,
and he is right, not because of the incom-
mensurability of competing paradigms, and
not because models are incommensurable,
but because nobody can predict the future
course of science.

This talk of science based on faith
brought forth various complaints about
Kuhn and the irrationality of science, and
from Lakatos (e.g., 1977, p.7) in particular.
Of course, Lakatos’s charge is unfair be-
cause a decision based on uncertainty is not
necessarily irrational. However, | believe
that Lakatos and Kuhn were talking past
each other in any case, just as philosophers
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and sociologists of science do today. The
rationality of individual scientists, or even of
scientific communities as a whole, is a
different issue from the one that concerned
Lakatos. Lakatos, like many other philoso-
phers of science, was more concerned with
whether science made sense as a knowledge-
seeking enterprise. In other words (irrespec-
tive of what scientistbelievethey are do-
ing) does science achieve knowledge in any
sense, and what evidence exists for such a
view? With respect to this question, the
definition of what it means for one model to
be more predictively accurate than another is
relevant.

{ THE OBJECTIVITY OF SCIENCE

Kuhn’s challenge to the philosophy of sci-
ence was to defend the rationality of science
with respect to the goal of truth. Philoso-
phers have responded to this challenge, and
Lakatos’s methodology of scientific research
programs is one such example. | have tried
to argue that there are two obstacles in the
way of evaluating this research. One prob-
lem is a failure to make a clear distinction
between theories, models, and predictive
hypotheses (section 2). A second problem is
that the goal of scientific research is not
always explicit (section 4).

As we have seen, Kuhn (1970) was
mainly interested in the social psychology of
science, while philosophers of science look
to science as an objective source of knowl-
edge. Rationality in this objective sense is
not about what scientists believe. The ques-
tion is not settled by taking a survey of
scientists asking ‘what is the goal of sci-
ence?’ or ‘what are the standards of scien-
tific community?’ Nor is it concerned with
what scientists think that scienoceight to
be. It is about theachievementsor the
potential achievements of science, and the
causes responsible for those achievements.

Let me expand upon the notion of causal
responsibility. Consider any putative goal



of science, whether it be the truth of theo-
ries, the predictive accuracy of models, or
the economic prosperity of the United
States. Call the godX’. Now consider
two, or more, ways or methods of doing
science. Call therd andB. It is now an
objectivequestion whetheA is more effec-
tive than B in achievingX. True, it is a
vague question until more is said about what
‘effective’ means. Secondly, the answer
may not be univocal; that i, may be more
effective in some circumstances, but not in
others. Let me refer to such questions as
goal-oriented questions. These questions
have nothing to do with what scientists
believe.

Goal-oriented theses are answers to
goal-oriented questions: SOA ‘is more
effective thanB in achievingX' is a typical
goal-oriented thesis by my definition. Such
theses argveakly normativen the sense that
they imply ‘ought’ statementwhen coupled
with goal statements For example, if one
could establish thah is more effective than
B in achievingX, and X is the goal of sci-
ence, then it would follow that one ought to
adoptA as the methodology of science.

There is a huge difference between so-
cial psychological questions and goal-
oriented questions, although the distinction
is not always clear. For example, compare
the following normative arguments:

(1) ScientistY believes that method is
better than methoB at achievingX.
ScientistY wantsX. Therefore, sci-
entistY ought touse method\.

(2) MethodA is better than methoB at
achievingX.

ScientistY wantsX. Therefore, sci-

entistY ought touse method\.
There is an important difference between
these arguments. The first providesub-
jective justification for using methodA,
while the second provides a marbjective
justification for the same action. The goal-
oriented claim has nothing to do with the
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beliefs of scientists, and supports a more
objective rationality claim. The hard prob-
lems in the philosophy of science concern
the objectivity of science as a goal-oriented
process.

For example, in the problem of verisi-
militude (Popper, 1963), philosophers of
science seek to (a) define the goal of science
in terms closeness to the truth, and (b) argue
that science has made progress with respect
to this goal (for a survey, see Niiniluoto,
1998). It is this kind of objectivity that is
often lost in Bayesian decision theory,
which currently dominates the philosophy of
science in North America. The Bayesian
theory is that a decision is rational only if
the decision-maker succeeds in maximizing
expected utility The issue of whether the
maximization of expected utility is causally
effective in maximizing utility is the objec-
tive side of the problem, and it receives next
to no attention. By couching the question of
rationality entirely in normative psychologi-
cal terms Bayesians lose sight of the hard
problems in the philosophy of scieneed,
Maher, 1993, especially section 9.4 on
verisimilitude).

It is therefore important to me that an
ambiguity in my formulation of the problem
of idealization is well understood. The
question was: Why should scientists use
models that they know to be false? There
are two different ways of answering this
guestion: one in the style of argument (1)
and the other in the style of argument (2).
Or more exactly, there are two interpreta-
tions of the question. | have attempted to
answer the question in the style of argument
(2) by arguing for an goal-oriented thesis;
namely, that idealized models are effective
means to the goal of predictive accuracy. In
brief, my claim was that idealized models
may often promote the accuracy of predic-
tions because of the way that scientists make
predictions from models. Models are first
fitted to background data, and this intro-



duces errors that may be far smaller for
simpler models, even when the simplicity is
obtained at the obvious expense of truth at
the level of models. This answer refers to
how scientists do science and what is
achieved by what they do, and not to what
theybelievethey are doing.

This solution to the problem of idealiza-
tion is still a good one even if it turns out to
be psychologically false. For example,
scientists might use idealized models be-
cause they (truly) believe that they are
mathematically more tractable, take less
time to apply, and are far less prone to
careless computational mistakes. In fact, |
would hazard a guess this is right in many
instances. However, there is no conflict
between this explanation and mine because
they address different aspects of science.

In a similar vein, | have tried to retrieve
some of the objectivity of science, which
Kuhn threw away in the name of incom-
mensurability (section 6). | argued that
while the normal sciencesolutions to a
Kuhnian puzzle may not be translatable
across paradigms, there is frequently no real
problem in translating the puzzle itself.
Moreover, if the difference between good
and bad solutions is defined only in terms of
the common currency of predictive accu-
racy, then Kuhn’s incommensurability thesis
iS no obstacle. This sense of progress is
weaker than that sought in the verisimilitude
program (Niiniluoto, 1998). But since there
is no universally accepted definition of
verisimilitude, | believe that some objectiv-
ity is better than none at all. And nothing |
have said rules out the possibility of finding
more.

Beginning students in the philosophy of
science often enter our subject with a naive
faith in the objectivity of science. Kuhn's
Structure of Scientific Revolutionshal-
lenges their faith, and many of us use it as a
classroom text for that reason. However, the
truth is always somewhere in between the
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two extremes. Kuhn himself tries to restore
faith in science by appealing to the standards
of the scientific community and the less
fickle nature of collective decision-making.
However, for Lakatos and many other phi-
losophers of science like myself, the objec-
tivity of science is not rescued by the inter-
subjective agreement of scientists within a
community (and might well be antithetical
to it). Rather, the objectivity of science
concerns the properties of science as a
knowledge-seeking process. Is there pro-
gress in science? Is there any sense in
which science provides knowledge of the
real world using methods that are reliable to
some degree in achieving those goals?
These are the hard problems in the philoso-
phy of science, and they will never be an-
swered if the philosophy of science is left in
the hands of social psychologists.
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NOTE

! The alleged language variance of predictive ac-
curacy (Miller, 1975; DeVito, 1997) is not on this
list. For an explanation of why this is so, see Forster
(1999).
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