Vol. XVII
Part 1

T h e British Journal of Statistical Psychology

May
1964

ASYMPTOTIC LEARNING I N PSYCHOPHYSICAL THEORIES1

University of Pennsylvania
The major types of models that have been proposed to account for the
psychophysical data that are obtained when the stimulus differences are small are
described briefly. Because it is clear that contingency variables, such as presentation schedules and payoffs, as wet1 as the physical stimuli affect the response
probabilities, recent models have included a trial dependent decision mechanism
in addition to the (usually) static sensory one. Such models all appear to be special
casee of two very general, but mathematically distinct, families of models, which are
formulated in eqns. 1 and 5. Hypotheses about how the subject selects the
response-bias parameters of the decision process are examined. T h e assumption
that they are chosen so as to maximize the expected payoff leads to incorrect
predictions for special cases of both families. The alternative hypothesis studied
is that the bias parameters are altered from trial to trial on the basis of information
feedback according to one or another stochastic Ieiuning model. Primary attention
is paid to the asymptotic expected values predicted for these parameters. Several
such learning processes are described, their relations to static psychophysical
models outlined, and their ability to explain data discussed.

Modern psychophysicists divide into two camps, the one concerned with
people's responses to small stimulus perturbations and the other with responses
to large perturbations. It is doubtful if anyone believes the present cleavage in
method and theory to be a fundamentaI scientific distinction, but it is nevertheless
real now, I shall be concerned here with the psychophysics of small differences.
Included is the research on thresholds and, more generally, on the detection of
stimuli that are difficult to detect, on the recognition of one of several possible
stimuli, and on the discriminability of stimuli. The methods used are well
known and in many cases classical: constant stimuli, single stimuli, pair cornparisons, yes-no and forced-choice techniques, and so on. T h e methods for
studying large perturbations are the (superficially) direct scaling techniques
applicable to the whole sensory continuum, e.g., the methods of bisection,
fractionation, magnitude estimation, category scaling, etc.
Perhaps the neatest distinction between the methods of the two camps of
psychophysicists rests upon the fact that in studying small differences one can
sensibly class responses as correct and incorrect i n terms of physical properties
of the stimuli, whereas this cannot be done with the methods used in studying
large differences. This means that information feedback and payoffs can be, and
often are, used in experiments of the first type but not in those of the second
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type. For a more detailed discussion of these matters, see the chapters on
psychophysics in Luce, Bush, and Galanter (1963).
An important conceptual revolution in the study of responses to small
differences occurred during the past decade, and it is still affecting the collection,
analysis, and theoretical interpretation of data. At the risk of repeating the
familiar, let me be explicit about this development since the material covered in
this paper is one of its current phases. Perhaps the revolution is best symbolized
by the so-called receiver operating characteristic (ROC) curve or, to use the
term I prefer, the iso-sensitivity curve. I n the simplest case of a Yes-No
experiment, consider the plot of the conditional probability p ( Y 1s) of a ' yes '
response, Y, to a stimulus presentation, s, against the conditional probability
p ( Y 1 n) of a ' yes ' response on those occasions when no stimulus is presented, n.

FIGURE
1. Iso-sensitivity data (subject 6 ) reported by Norman (1962) for fixed energy
increments in a 1000 c.p.8. pure tone. The increment was 2.2% of the background
energy; the presentation probability of the signal was 0.5 ; and the payoff matrices
(in cents) are shown. Each point is estimated from 200 to 300 observations.

An iso-sensitivity curve is the locus of points that is generated when certain
variables are varied but when the stimulus conditions are heldfixed. The important
observation is that such loci appear, in fact, to be curves running from the (0, 0)
point to the (1, 1) point; they certainly are not single points in the unit square.
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With fixed stimulus conditions, any experimental variable that generates an
iso-sensitivity curve I shall call a contingency variable; examples are the instructions to the subject, the presentation probability of the stimulus, the information
feedback to the subject about the accuracy of his performance, and payoffs.
Figure 1 gives an example of the data obtained when payoffs are varied. I t is
not certain whether the several contingency variables all generate the same
iso-sensitivity curve-most of the theories suggest that they do and certainly to
a first approximation they do. The important conclusion from a large amount
of data is that these non-sensory variables seriously influence a subject's performance in experiments designed primarily to study sensory phenomena.
In what sense can this be called a revolution when, after all, psychophysicists have long known that contingency variables affect behaviour? Certainly
these effects are implicitly acknowledged when an experimenter, who is attempting to determine a threshold, introduces catch trials and then reprimands the

FIGURE
2, Psychometric functions (subject 6) reported by Norman (1962) for energy
increments in a 1000 c.p.s. pure tone with the increment size varying from 0% to
4.8%. The payoff matrices and presentation probabilities are shown. Each point
is estimated from 100 to 500 observations.

subject for not paying attention when he makes too many false positive responses.
Such negative experiences usually have the desired effect of reducing 'the false
alarms to an ' acceptable ' level, and the experimenter is pleased with his skill
at getting the subject to pay attention to the task; later, when reporting the data,
he feels content to act as if the only relevant variables in the experiment were the
physical parameters of the stimuli. Thus, for example, he speaks of the psychometric function, i.e., the function relating p(Y1 s) to a physical measure of s, as
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if it were unique and quite independent of the reprimand. He seems to believe
that the unreported, but low, false alarm rate was obtained only at the price of
increased attention which ~ermittedthe unique psychometric function to shine
through clearly, not beclouded by the subject's daydreaming. Perhaps this
view is tenable, but one cannot help but be uneasy when one tries to decide just
how severe to make the reprimand and just how often to administer it in order
to arrive at the desired function. T h e diffculty becomes clear when we replace
occasional reprimands by trial-by-trial payoffs and information feedback. One
then generates families of psychometric functions by using different payoff
matrices. Figure 2 shows two psychometric functions obtained from the same
subject under identical stimulus conditions. The only difference is the payoff
matrix and the presentation probability used. Which, if either, is the true
psychometric function? Note that the one more like the usually reported
psychometric funtions arises from a highly asymmetric payoff matrix.
Accompanying, and in some cases leading, this acceptance of the ubiquitousness and significance of contingency variables in psychophysics has been the
development of new theories that included provision for their effects. I n general,
the theories are of the following form: the conditional probability of response r
to stimulus s, p(r 1 s), is some specified function of two classes of parameters, one
of which is altered when and only when the stimulus conditions are altered and
the other of which is altered when the contingency conditions are altered. F o r
brevity, I shall refer to the former as stimulus parameters of the model and to t h e
latter as response-bias parameters. Thus, an iso-sensitivity curve is generated b y
changes in a response-bias parameter with the stimulus parameters fixed, a n d
the .curve is unique if and only if there is a single response-bias parameter. A
particular psychometric function is generated by changes in the stimulus parameters with the response-bias parameters held fixed.
Before turning to the main topic, let me point out that this new point of
view can have appreciable substantive consequences. For example, several
studies (GoetzI, Ahokas, & Payne, 1950; Hammer, 1951; Yensen, 1959) on taste
thresholds for sucrose have been interpreted to mean that the threshold is
higher following a meal than preceding it and, hence, that the ingestion of food
affects sensitivity. Recent work by Dr. Mary Moore and her colleagues (Moore,
Linker, & Purcell, 1964) in which the above notions were used in the analysis
of the data, suggests that, on the contrary, the sensitivity is fixed but that t h e
subject may exhibit a greater tendency to say 'yes' before eating than after eating.
These results are consistent with the earlier ones in showing that p ( Y 1s) is often
reduced by eating, but in addition they show that the false alarm probability
p(YJn) is also reduced by eating. The two changes are so coordinated that
they appear to arise from a shift in bias, not a modification in sensitivity.
11. STATICMODELS
As in most fields, the first psychophysical models to be examined were
static in character. Although there are quite a number of models that differ i n
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many details, I believe that they all fall into one of two quite general classes. I n
one class, which may be called the internal state models and which includes, for
example, Thurstone's law of comparative judgement, signal detectability theory,
and the low and multi-state threshold models, the stimulus s is assumed to activate
in a probabilistic fashion an internal state x which in turn leads via some decision
mechanism to the response r. The overall response probability on trial m is
assumed to arise from these two processes acting independently, thus leading to
the expression
where the integral is just that if there is a continuum of states or it is a sum if
they are discrete. I n the truly static models none of the probabilities depend
upon the trial number m ; however, I have included m explicitly so that
it will be clear what is assumed to vary when we turn to dynamic models. The
conditional probability p(x 1 s) represents the sensory mechanism and pm(r 1 x )
the decision mechanism. I n specific models assumptions are introduced about
these probabilities and the free parameters thus introduced are called stimulus
parameters in the first case and response-bias parameters in the second case.
I n signal detectability theory (Green, 1960; Swets, 1961; Tanner & Swets,
1954), for example, p(x I s) is assumed to be a normal density function and in a
two-response situation p,(r 1 x) is assumed to have the form :
( 1 ifx>cm,

where em, which is usually called a cut-point or criterion, is the response-bias
parameter. If one supposes that the subject chooses cm so as to maximize his
expected payoff, then cm is a simple monotonic function of the experimental
parameter

where P is the probability that stimulus s, is presented and the payoff matrix is
$1

(4)
$2

I t is known (Green, 1960) that the assumption that the expected payoff is
maximized combined with the signal detectability model is not correct in detail.
However, for many purposes having to do with the sensory aspects of the model,
the dependence of cmon the payoffs and presentation probabilities does not matter
and so this overall failure has not caused much concern.
I n the discrete (or threshold) models (Luce, 1963 ; Norman, 1962, 1963) the
internal states form a discrete (finite or countably infinite) set. . Let xi denote the
ith state. I n some models certain of the parameters p(r I xi) are assumed to be
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0 or 1 and the rest are free. Again, if we assume that the subject maximizes the
expected payoff, the overall model is wrong if, as the data suggest, only a few
states play any significant role. The reason is that the response probabilities are
linear functions of the response bias parameters and so the maximum occurs with
some of them equal to 0 and the rest equal to 1 ; this means that the iso-sensitivity
curve is confined to a discrete set of points in the plane, in number one less than
the number of states. Thus, for example, with four states the iso-sensitivity
' curve would consist of only three points, which is not consistent with the data
shown in Fig. 1.
The other class of models, specific examples of which have been discussed
by a number of authors including Clarke (1957), Luce (1959), Shepard (1957),
and Shipley (1960,1961), have been called choice models, These models attempt
to capture the belief of many psycl~ologiststhat at least three independent
processes combine to generate the responses observed in psychophysical
experiments. First, the presentation of a stimulus results in a subjective
magnitude that, in general, is non-linearly related to the usual physical measure
of the intensity of the stimulus. Such a function is sometimes called a psychophysical function. Second, the subject exhibits some degree of confusion or
generalization either between stimuli or between responses or both. Third, for
a variety of reasons, a subject may exhibit a bias toward using one of the permitted
responses as compared with another response. Let #(s) denote the subjective
magnitude of stimulus s, so I/J is the psychophysical function. Let c(t, r ) b e
proportional to the amount of generalization from a subjective magnitude t t o
response r-in the model to be stated it is immaterial whether we suppose t h e
generalization occurs at the level of responses or of stimuli. Finally, let bm(r)
be proportional to the bias toward using response r on trial m. I t has been
assumed that $I and [ are fixed functions independent of the trial number, f o r
they are assumed to describe two facets of the sensory apparatus, and that b is
trial dependent, for it is assumed to represent the decision mechanism. F o r
reasons that are too lengthy to go into in this paper, the following relation between
the conditional response probability and these three functions has been postulated:
pm(r 1s) =K m[[#(s), rlbm(r),
(5 )
where K m is simply the normalizing factor l/Jf[[#(s),x]bm(x)dx. (For m o r e
details, see Ch. 5 of Luce, Bush, and Galanter, 1963.)
The model formulated in eqn. 5 is similar to the internal state model, eqn. I ,
in the sense that it too postulates unobservable internal effects that are combined
in a prescribed manner to generate the response probability. The two classes of
models, although similar to this degree, are treated separately because so far as I
know the choice models generally cannot be recast in terms of internal s t a t e s
satisfying eqn. 1.
Both the internal state and choice models involve unspecified and unobservable functions. In the former they are p ( x ) s ) and pm(r 1 x), and in the l a t t e r
they are t,h(s), ((t, Y), and bm(r). Thus, a test of either model is possible only if
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additional assumptions are made about the form of the unknown functions so as
to reduce appreciably the amount of freedom involved, or if experiments are
designed so that one or more of the functions play no effective role, or if the data
from a number of closely related experiments are analysed simultaneously.
Usually, some mixture of all three techniques is used. For example, with a few
stimuli and responses, t,h is generally assumed to be the experimenter prescribed
correspondence between stimuli and responses, ( is assumed to satisfy certain
constraints such as symmetry, i.e., [(t,r) = 5(r, t), the bias b is assumed to be
constant over responses for certain symmetric experimental designs, and the
stimulus parameters are assumed to be the same in going from a Yes-No to a
forced-choice design.
As with the internal state models, auxiliary assumptions are needed to describe
how the subject adjusts the bias parameter b with changes in presentation
probabilities and payoffs. Once again, the evidence suggests that the choice
model is incorrect when combined with the assumption that the expected payoff
is maximized.
111. DECISION-MAKING
VIEWED
A S LEARNING
Although the evidence is far from conclusive as to where these psychophysical
models go wrong, one particularly suspect feature is the assumption that the
expected payoff (or even expected utility) is maximized. Unfortunately, the
fact that the axiomatic structure of utility maximization is known is of little help
in this problem. I t is extremely difficult to design experiments adequate to test
this hypothesis directly within the context of psychophysics. Among the problems,
not the least is the fact that the behaviour appears to be probabilistic whereas
the relevant utility models are algebraic.
The only alternative decision process that has been seriously investigated,
and that for only a few years, is the assumption that subjects adapt and adjust
their response biases in the light of their recent experience in the experiment;
that is, they learn. Surely such an assumption is a prior; reasonable, and any
psychophysicist is aware that it or some other sort of systematic change occurs
over trials before the behaviour settles down to the ' asymptotic ' values that are
usually reported. So the question is whether we can effectively couple a
stochastic learning process with a model for the sensory process in such a way
that its asymptotic predictions describe behaviour in detection, recognition, and
discrimination experiments.
Quite a number of possibilities are available, only a few of which have been
examined so far. Specifically, we can distinguish three types of sensory processes
according to whether they postulate no internal state, a discrete set of states, or a
continuum of them. Second, we have several alternative learning models,
including the linear operators, certain non-linear commutative operators, and
the family of Markov chain models that arise from stimulus sampling theory.
Finally, there is the question of whether the learning applies to the sensory
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mechanism, the decision mechanism, or both. So at a minimum, there are 3 = 27
possible models. I shall discuss only a few of these, for only a few have been
worked out.

IV. SINGLE-PROCESS
LEARNING
MODELS
Let us examine first a class of single-process learning models in which t h e
sensory mechanism is distinctly subordinate to the learning. Until recently
most applications of mathematical learning theories have been to so-called
simple learning situations in which the same stimulus condition obtains on every
trial; however, serious work has now begun on models for what are usually
called discrimination experiments in learning. It should be noted that their
formal analogues in psychophysics are detection and recognition experiments,
not psychophysical discrimination experiments. The main difference between
the psychophysical and learning versions of these formally identical experiments
is that in the psychophysical setting the experimenter-determined connection
between stimuli and responses is a ' natural ' one that is known to the s u b j e ~ t ,
but the stimuli are difficult for him to identify; whereas, in the learning context,
the connection that the experimenter has established between the stimuli a n d
responses may not be particularly natural and, more important, initially is n o t
known to the subject, but the stimuli, once they are attended to, are easy to
identify. I n both classes of experiments, the subject's association of a particular
response to a particular stimulus is usually measured by the estimated conditional
response probabilities. T h e simplest learning model to consider is the one in
which these conditional response probabilities increase or decrease systematically
as a function of what has just occurred to the subject in terms of stimulation,
responses, and outcomes. These are the single-process models.
As an illustration, consider the simple case of two responses and two stimuli,
with response r1 correct for stimulus s, and response r , correct for stimulus s,.
Since the response probabilities have to sum to 1,it is sufficient to consider what
happens to the probability of r1 when s, is presented and also when s , is presented.
If an s1 occurs on trial m-this the subject only finds out after his response-then
it is plausible to suppose that p(r, Is,) is increased, perhaps by a linear operator
of the form
Pm+l(rlI~1)
= (1- eJPrn(r1 Is,) + 0,.
(6)
If, however, the stimuli are difficult to identify, then there should b e s o m e
generaIization from stimulus 1 to stimulus 2 and so p(rlI s,) should also increase,
but by a lesser amount. If we again assume that a linear operator describes the
change we can writerit as
9m+1(r1I ~ n =
) (1 - 7 2el)Pm(rl I $1) + 7 261,
(7)
where we represent the learning rate parameter as a proportion T , of the learning
rate parameter for stimulus 1, so 0 5 q , 6 1. In like manner, if s , occurs, t h e n
p(r,)sa) increases linearly by a direct effect and p(ralsl) increases linearly by
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generalization or, what is the same thing, p(r, I sa) decreases directly and p(rllsl)
indirectly. If we suppose s, and s, are presented according to a simple random
schedule with P=Pr{sl) and 1 -P=Pr{s,), then it is not difficult to show (Bush,
Luce, & Rose, 1963) that the asymptotic expected response probabilities are of
the form
1
rle
PCO(~I
1sI) =
and P,(rl I sa)= -

l+?lb

1a+b9

where

Since we interpret l1and 7, as representing stimulus generalization, they are
the stimulus parameters of the model. The parameter b is interpreted as a
response bias parameter which depends explicitly upon the presentation
probability and implicitly upon the instructions and payoffs through the learning
rate parameters.
These asymptotic predictions are identical to those given by the static
choice model mentioned earlier (eqn. S), and so this linear learning model can
be treated as a justification of that static model for two stimuli and two responses.
This learning analysis can be generalized readily to the case of k responses to K
stimulus presentation and only slightly less readily to the case of 2 responses to
k stimulus presentations, which is the design usually used in psychophysical
discrimination experiments, and again close relationships to the choice model
are found. Certain interesting subtleties arise when the number of responses
differs from the number of stimulus presentations which suggest, for example, that
data obtained using the method of constant stimuli are much more complicated
to analyse than those obtained using pair comparisons (see Bush, Luce, & Rose,
1963).
If one looks at the iso-sensitivity curve that is predicted when r), and r ) , are
held fixed and b is varied from 0 to a,it is seen to be a symmetric curve about
the diagonal from (0, 1) to (1, 0), as is the curve predicted by the signal detectability model with equal variances, For human Yes-No detection data this is
clearly wrong and for two-alternative forced-choice detection data, which do
appear to be symmetric, it may very well be of the wrong shape. For human
recognition experiments in which perfectly detectable stimuli are to be identified
it has not yet been shown to be wrong. For animal experiments it is unclear
whether or not one can get asymptotic behaviour which lies interior to the unit
square. If the stimuli are perfectly discriminable, then asymptotically the animals
usually learn and end up at (0, 1); if the stimuli are not perfectly discriminable
or if the animals do not learn, they frequently end up at (0, 0) or (1, 1) which
are position habits or, in present terms, pure response biases. The recent data
of Hack (1963), although variable and surely not asymptotic, suggest that perhaps
intermediate behaviour is possible. Much more work on the psychophysics of
animals is needed before we can be sure what the qualitative facts are.
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If one sets up the analogous learning process with stimulus generalization
using the non-linear beta model operators (Luce, 1959) of the following form
vm+l=Pvm and
= P"urn,
(9)
where
Vm
urn
P&l Is11= l+v, and pm(r, 1 s,) = 1+um9
then Bush (1964) has shown that at asymptote either P,(rl Is,) = 1 or P,(rl Is,)
= 0 or both provided that the parameters are chosen to produce changes paralleling those of the above linear model. Such a model is clearly wrong for human
data, but perhaps it may describe how animals perform.

Most students of psychophysics believe that the single-process models of
the type just described are too simple to account adequately for what underlies
the subject's response behaviour. At the very least they feel that the perceptual
and decision stages of the process must be dealt with separately and that the two
classes of mechanisms are somewhat different. Perhaps the most prevalent view
is that the sensory process is static in the sense that it is totally unaffected by
the contingency variables of the experiment and that all of the learning takes
place in a decision process that converts the internal sensory states into responses.
Thus, for example, in signal detectability theory one assumes that the normal distributions over the continuum of states depend only upon the stimulation and the
subject, but not on the payoffs or instructions. The contingency variables are
assumed to affect only the subject's choice of the criterion cm. Thus, the learning
process is assumed to describe how the subject adjusts cm from trial to trial.
Relatively little has yet been done in the learning literature that seems
applicable to continuous processes of this type. The only suggestion that I am
aware of is due to Kac (1962) who postulated the following random walk for
the criterion. Let cm denote the criterion and xm the internal state on trial m,
then Kac assumed that
A if s, is presented and xm > cm
- A' if sl is presented and xm< ~m
(10)
0 otherwise.
An exact solution for the asymptote of this process is not known, but by making
the approximation F(a+x) ciF(a) +&"(a), where F is a cumulative normal
distribution, Kac showed that the asymptotic expected criterion, c,, is the solution
to

A'P

S"
-m

fg1(x)dx= A(1- P )

f.,(x)dx,
-U)

where fa, and f,, are the normal density functions corresponding to stimuli s,
and s,. No tests of this model have been reported. Also, it is not clear whether
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the first two terms of the Taylor series expansion of F is a n acceptable approximation.
For modele with a discrete set of states, it is relatively easy to introduce a
learning process. In essence, one proceeds as follows. If state xr occurred on
trial rn and was due to stimulus sk, then the probability of making the response
rk that is appropriate to sk when xr occurs, p(rk1 xi), is increased. T h e
probabilities of making any other response to xc are decreased, and the probabilities having to do with the other internal states remain unchanged. If one assumes
linear operators-which is the only case that has been worked out (Luce, 1963;
Norman, 1962, 1963)-then the asymptotic expected biases for the two-response
and two-stimulus case are of the form

where

T h e response probabilities are given by
m

where the p(xtIsk) are the stimulus parameters. For the Yes-No detection
experiment, this leads to predictions of psychometric functions of the form shown

Av
-

v
FXGUFU
3. The multi-stage threshold model psychometric function compared with the
,data of Fig. 2. The parameters of this curve were chosen to fit all of the data for
subject 6, notjust the data shown.
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in Fig. 3. Data which suggest that such a complicated structure may exist have
been obtained by Larkin and Norman (1963) and Norman (1962, 1963); a
sample is shown in the figure.
The iso-sensitivity curves for the multi-state threshold model of the Yes-No
detection experiment, using parameter values appropriate to the data (which,
among other things, means that only the first four states contribute significantly)
are asymmetric curves, not unlike those of unequal-variance signal detectability
theory but with a somewhat sharper corner, A typical curve, fitted to data
(Norman, 1962)) along with the bilinear prediction of the two-state model (Luce,
1963), is shown in Fig. 4.

FIGURE
4. The multi-stage and two-state threshold model iso-sensitivity curves compared
with the data on Fig. 1. The parameters of the multi-stage model were chosen to
fit all of the data for subject 6, not just the data shown.

The only other two-process learning model for psychop hysical experiments
of which I am aware is the recent one proposed by Atkinson (1963). I t is rather
too complicated to describe in detail here. Suffice it to say that it differs not only
in the way that stimulus sampling models all differ from operator models, but
also in its fundamental conception of what is modified by the learning. Atkinson
postulates that the subject's sensitivity to the stimulus is varied systematically as
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a result of experience. Like all of the models discussed above, his has a fair
number of free parameters to be estimated from the data, and this appears to
give it adequate freedom to account for most of the functions that traditionally
have been studied. In addition, he has focused considerable attention on the
sequential properties of the data. It is too early to evaluate the adequacy of
these results, especially since replications of nearly the same experiments have
not yielded entirely consistent data.

VI. CONCLUDING
REMARKS
The task of trying to incorporate learning ideas into formal models for
psychophysical experiments has barely begun, and there are innumerable
directions the research might take. I shall conclude by listing three of the
directions that I feel would be most useful in the near future.
1. A more complete learning analysis is needed to describe the adjustment of
the criterion when there is a continuum of states, as in detection theory. Since
various learning theorists have, for independent reasons, begun to work on
continuous learning problems, perhaps some transfer of ideas will be possible.
2. In the two-process models, there is a choice whether the learning applies
to the sensory or decision process, and so it would be very helpful indeed if one
were to be able to derive fairly sharp differential predictions that could be used to
decide between the two assumptions.
3. In several of the models, the response-bias parameter is expressed as a
function of the presentation probability and the learning rate parameters. Since
we know that payoffs affect the biases, it must be that the learning rate parameters
depend in some fashion on the payoffs. They may also depend upon other
things, including the presentation probabilities. A theory for their dependence
upon, at least, the payoffs would reduce considerably the number of free parameters and might very well lead to some interesting new predictions.
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