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Scalar timing theory is a clear, complete, modular, and precise theory of timing that explains much
of the data from many timing procedures, but not all of the data from all of the procedures. The
multiple-time-scale theory of timing provides an alternative representation of time that has not yet

been tested with respect to its fit to timing data.
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The article by Staddon and Higa provides
a criticism of scalar expectancy theory (SET)
and presents an alternative multiple-time-
scale (MTS) theory of timing.

Criticisms of Scalar Expectancy Theory

The authors report that “in terms of cita-
tions and numbers of published papers, SET
is by far the most popular theory of interval
timing” (p. 215). This may partly be an his-
torical accident of having been developed
earlier than others. Once a theory has been
announced and found to be useful, alterna-
tive theories are held to the higher standard
of being demonstrably better. Four particu-
larly attractive features of SET are that it is
clear, complete, precise, and modular (i.e., it
consists of separable parts). Realistic alterna-
tive theories of time will undoubtedly also
have these features.

A distinction should be made between the
underlying formal model of scalar timing the-
ory developed in the 1970s by Gibbon (1971,
1972, 1977) and the information-processing
interpretation of this process developed in
the 1980s (Church & Gibbon, 1982; Gibbon
& Church, 1981, 1984; Gibbon, Church, &
Meck, 1984). The criticisms of Staddon and
Higa apply to the information-processing in-
terpretation of scalar timing theory, particu-
larly its representation of time.

In the information-processing interpreta-
tion of scalar timing theory, the assumption
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was made that psychological time is a single
function that changes in some regular way
with physical time. This function was assumed
to be produced by a pacemaker that emitted
pulses at some rate and distribution form that
were summed in an accumulator (Gibbon et
al., 1984). Although a random emitter and a
fixed emitter without variablility would not, as
the sole source of variance, produce the We-
ber-law property, and a fixed emitter without
variability was far too regular, multiplicative
sources of variance in memory storage and
decision threshold produced the Weber law
property of interval timing (Gibbon, 1992).
One of the strengths of SET was that it did
not require a particular distribution form of
the interpulse interval to fit data functions
that had the Weber law property. Staddon
and Higa’s conclusion that pacemaker-accu-
mulator mechanisms ‘“are fundamentally at
odds with the Weber law property of interval
timing” (p. 215) suggests that no distribution
of interpulse intervals has a constant coeffi-
cient of variation (a constant ratio of standard
deviation to mean number of pulses at differ-
ent times), but the Rayleigh distribution has
this characteristic (Reid & Allen, 1998), as
well as a Poisson or fixed emitter with a var-
iable rate, either between or within trials
(Gibbon, 1992). To distinguish between dif-
ferent assumptions about interpulse distribu-
tions requires data from extensive psycho-
metric studies with very short time intervals
(Fetterman & Killeen, 1995).

In their discussion of the pacemaker, Stad-
don and Higa gave the impression that the
development of SET proceeded as follows:
(a) A Poisson pacemaker was assumed, (b) it
was found to be incompatible with Weber’s
law, and (c) the deficiency was corrected by

253



254

adding additional assumptions about memo-
ry and decision processes. This is historically
incorrect. The development was that (a) an
extensive review of the behavioral data sup-
ported Weber’s law for timing (Gibbon,
1977), and subsequently, (b) an information-
processing analysis of scalar timing theory
with a Poisson pacemaker, and other distri-
butions, was found to account quantitatively
for the data (Church & Gibbon, 1982; Gib-
bon, 1991; Gibbon & Church, 1984; Gibbon
et al., 1984).

Staddon and Higa conclude that the psy-
chological representation of time is approxi-
mately a logarithmic, rather than a linear,
function of time. This provides part of an ex-
planation of the form of the psychophysical
bisection function which is quite symmetrical
when the duration of the stimulus is plotted
in logarithmic units (e.g., Church & Deluty,
1977). Church and Deluty described a model
containing three parts (clock, criterion, and
response rule) and considered three func-
tional relationships between physical and psy-
chological time (linear, logarithmic, and re-
ciprocal). They concluded that the simplest
explanation of these data was the logarithmic
representation of time, although they explic-
itly recognized that an alternative response
rule could be consistent with a linear repre-
sentation of time. One problem, however, was
to resolve why the function relating mean re-
sponse rate to time in the peak procedure is
a fairly symmetrical function. In their first col-
laborative experiment, Gibbon and Church
(1981) attempted to find a single function
that would account for both the approximate
symmetry of the psychophysical function on
a logarithmic axis and the approximate sym-
metry of the peak function on a linear axis.
Staddon and Higa assume that animals use
the logarithmic function in the bisection pro-
cedure but the inverse function (antilog) in
the peak procedure. This dual code may pro-
duce some conflicts in a bisection procedure
in which the two manipulanda are always
available (Platt & Davis, 1983). Can an animal
use a linear representation of time to stop
responding on one lever and start respond-
ing on the other, and a logarithmic represen-
tation of the time to decide when to switch
between the levers?

In their discussion of the psychological rep-
resentation of time, Staddon and Higa gave
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the impression that the development of SET
proceeded as follows: (a) A linear represen-
tation of time was assumed, (b) it was found
to be incompatible with the psychophysical
function relating the probability of a long re-
sponse to stimulus duration, and (c) the de-
ficiency was corrected by adding additional
assumptions about memory and decision pro-
cesses. This is historically incorrect. The de-
velopment was that (a) in the initial devel-
opment of an information-processing
interpretation of scalar timing theory, there
was no satisfactory basis to determine wheth-
er the psychological representation of time
was linearly or logarithmically related to phys-
ical time, (b) the time-left procedure was de-
signed to force the animal to do an operation
with its psychological time scale before using
it in behavior, (c) clear quantitative results of
several time-left experiments were consistent
with a linear representation of time, but not
with a logarithmic representation of time
(Gibbon & Church, 1981).

In their discussion of the analysis of indi-
vidual trials of the peak procedure, Staddon
and Higa gave another example that suggest-
ed that the development of SET proceeded
as follows: (a) An assumption was made, (b)
it was invalidated by data, so (c) a new feature
was added to the theory to correct the flaw.
They report that, in the peak procedure, (a)
an initial prediction of SET was that the later
an animal began responding the earlier it
would stop, (b) the data showed that the later
an animal began responding the later it
would stop, therefore (c) SET was modified
to correct the flaw. In fact, the purpose of the
individual-trials analysis was to decompose
the sources of variance from clock, memory,
and decision processes based on a quantita-
tive analysis of individual trials (Church,
Meck, & Gibbon, 1994; Gibbon & Church,
1992). Previous analyses using mean response
functions had emphasized the importance of
memory variance, which would lead to the
observed positive correlations between the
times that an animal starts and stops respond-
ing in the peak and temporal generalization
procedures (Church & Gibbon, 1982; Gibbon
& Church, 1984; Gibbon et al., 1984).

Because scalar timing theory is clear, mod-
ular, and precise, it is possible to test the pre-
dictions of the theory with different experi-
mental procedures and different dependent
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measures. In some cases, the predictions have
been outstandingly close to the data; in some
cases they are obviously wrong; in some cases
there are small but systematic differences be-
tween the predictions and the data. The fail-
ures to fit, even more than the successes, pro-
vide the impetus for theoretical development.
One example of a failure is that scalar tim-
ing theory (as described by Gibbon et al,,
1984) makes no provision for extinction and
various related phenomena. Another prob-
lem is that it does not account for the behav-
ior in variable-interval schedules of reinforce-
ment without changes that pertain only to
some procedures (Brunner, Fairhurst, Stolov-
itzky, & Gibbon, 1997). A theory of the ani-
mal should apply to all procedures, or a pro-
cedure-classifier module should be added to
the theory. These problems may not be pres-
ent in vector memory representations used in
some well-specified timing theories (Gross-
berg & Schmajuk, 1989; Machado, 1997),
rather than the distribution memory repre-
sentation used in scalar timing theory.
Examples of small but systematic differenc-
es between the predictions of scalar timing
theory and the data have been reported in
animal experiments (Church, Lacourse, &
Crystal, 1998; Crystal, 1999; Crystal, Church,
& Broadbent, 1997) and in human experi-
ments (Collyer, Broadbent, & Church, 1992,
1994; Collyer & Church, 1998). These system-
atic effects may reveal a mechanism that pro-
duces a psychological representation of time
that is approximately linear but that has local
maxima and minima. A multiple-oscillator
model of timing (Church & Broadbent,
1990) has provided some qualitative fits.

A Multiple-Time-Scale Theory of Timing

The phrase “theory of timing” is some-
times reserved for quantitative theories that
are fully specified such that two independent
investigators can apply the theory to fit the
results produced by any procedure in the do-
main of the theory and obtain the same pre-
dictions. In order to predict behavior, a tim-
ing theory must include (a) a representation
of the physical time since the occurrence of
an event, (b) a memory of the time of rein-
forcement, and (c) a response rule.

The phrase “theory of timing” has also
been used to refer to a set of ideas or theory
fragments that may be worthy of consider-
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ation. The primary idea of MTS is that time
is represented as the output of a series of cas-
caded habituation units. The necessary and
sufficient conditions for a function to be
“pacemaker free” were not described, but
the term may refer to a function that is con-
tinuous or nonlinear, or one that has multi-
ple inflection points. Real-time conditioning
models (such as that of Sutton & Barto, 1981)
made use of stimulus traces as the represen-
tation of physical time. More recent versions
of real-time conditioning models have used a
cascade of stimulus traces (Moore & Choi,
1998). Cascades of functions have also been
used in the spectral theory of timing (Gross-
berg & Schmajuk, 1989) and in a version of
the behavioral theory of timing (Machado,
1997); parallel coding of multiple periodic
functions was used in the multiple-oscillator
theory of timing (Church & Broadbent,
1990). In these cases, physical time is coded
as a vector of values of multiple functions that
change in some regular way with physical
time.

Without an explicit proposal about mem-
ory storage, memory retrieval, and decision
processes, it is not clear the sense in which
the MTS theory of interval timing can ac-
count for data from many different time-re-
lated experiments. Although the article con-
tains 21 equations, there is no quantitative
comparison of observed with predicted be-
havior. None of the 13 figures provides visual
evidence of a correspondence between ob-
served and predicted behavior. One ap-
proach would be to substitute the output of
a series of cascaded habituation units for a
pacemaker-accumulator system in scalar tim-
ing theory; that is, to change the perceptual
representation of time without changing as-
sumptions about memory storage or retrieval
or the decision rule. This would provide a ba-
sis for a quantitative comparison of the two
models (Church, 1997).

Staddon and Higa’s critique of SET sug-
gests that it may be possible to develop a tim-
ing theory that is simpler, is applicable to a
wider range of procedures, is connected
more firmly to the biological basis of behav-
ior, and makes more accurate predictions. In
my judgment, such a theory will, like SET, be
clear, complete, modular, and precise.
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TIMING WITHOUT A TIMER
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Inferred-process theories propose various internal timing mechanisms to provide discriminative stim-
uli for temporal control of behavior. Biobehaviorally informed computer simulations indicate that
timing may emerge from the action of reinforcement on neural circuits without the need to postulate

timers of any sort.

Key words: timing, neural networks, neuroscience, fixed-interval schedule

Three separable aspects of the Staddon-
Higa article may be distinguished: (a) a gen-
eral critique of accounts of temporal regular-
ities in behavior that appeal to inferred
entities such as “internal clocks” or “‘pace-
makers,” (b) a proposal for an alternative ap-
proach to temporal control—the multiple-
time-scale (MTS) model (Staddon & Higa,
1996), and (c) a comparison of MTS with a
particular inferred-process theory—scalar ex-
pectancy theory (SET) (Gibbon, 1977; Gib-
bon & Church, 1990). The first and second
aspects of the article are addressed in this
commentary. (As a preliminary matter, we
use the phrase temporal control as shorthand
for an orderly relation between behavior and
time measured from some event. Clearly,
time itself is not a stimulus. There is no en-
vironmental or neural event that uniquely
and uniformly covaries with time from an ar-
bitrary stimulus and, hence, no possibility that
natural selection could have produced a neu-
ral system for its detection.)

Inferred-Process Theories

Staddon and Higa reiterate the behavior-
analytic critique of attempts to explain regu-
larities in behavior by invoking structures and

Correspondence and requests for reprints may be ad-
dressed to John W. Donahoe, Department of Psychology,
Program in Neuroscience and Behavior, University of
Massachusetts, Amherst, Massachusetts 01002 (E-mail:
jdonahoe@psych.umass.edu) or to José E. Burgos, Apar-
tado 48276, Los Chaquaramos, Caracas, 10041, Venezuela
(E-mail: jburgos@ucab.edu.ve). A compiled version of
the learning algorithm and copies of the files used to
simulate fixed-interval behavior are on deposit at the
Cambridge Center for Behavioral Studies, 1770 Massa-
chusetts Avenue, 123, Cambridge, Massachusetts 02140.

processes that are based solely on inferences
from behavior. In the case of SET, functional
relations between behavioral measures (rate
and choice) and time from the onsets of stim-
uli serve as the basis for inferring that behav-
ior is controlled by the output of an internal
pacemaker. The recourse to inferred process-
es is a hallmark of cognitive theorizing gen-
erally (e.g., Atkinson & Shiffrin, 1968), and
SET fits squarely within that tradition. In con-
trast, behavior analysis regards theories em-
ploying inferred processes as “having all the
virtues of theft over honest toil,” as Bertrand
Russell remarked in another context. Stad-
don and Higa note that theories of this sort
postulate that which they seek to explain.
Such theories endow the organism with the
very capabilities that are needed to encom-
pass the relation in question. In so doing, in-
ferred-process theories embrace an essential-
ist view of science (Palmer & Donahoe, 1992)
that impedes genuine explanation and that
inadvertently encourages circular reasoning
and the nominal fallacy (Donahoe & Palmer,
1994, pp. 9, 152; Skinner, 1938).

Temporal control presents special tempta-
tions to inferred processes: Behavior changes
in an orderly fashion in the absence of a cor-
related change in the external environment.
Consider responding during a fixed-interval
schedule. Following the reinforcing stimulus,
it is reasonable to regard responding as un-
der the control of the discriminative effects
of the reinforcer because food never occurs
during this period. The sequence of events
instantiates a three-term contingency that is
known to establish a stimulus as discrimina-
tive for infrequent responding. This account



258

of the postreinforcement pause in fixed-in-
terval schedules meets the criteria for scien-
tific interpretation: Independent evidence dem-
onstrates that responding declines in
frequency under conditions that are satisfied
by the interpreted situation (see Donahoe &
Palmer, 1994, pp. 126-129). Moreover, the in-
terpretation can be experimentally evaluated
because the event of concern—the reinforc-
ing stimulus—can be manipulated. For ex-
ample, the reinforcer can be introduced as a
probe stimulus into the fixed interval at a
time when responding would otherwise be
substantial. Under these circumstances, the
reinforcing stimulus brings responding to a
halt, thereby documenting its discriminative
effects. (Reinforcing stimuli have other than
discriminative effects, but this complication
does not detract from the point being made
here; cf. Papini & Hollingsworth, 1998.)

Responses that occur somewhat later in the
fixed interval present quite a different chal-
lenge. Independent experimental analysis
does not indicate, in general, that putative
discriminative stimuli can acquire control
over responses when the two events are sep-
arated by such long intervals. Moreover, the
time between these later responses and the
subsequent reinforcer is too long for the be-
havior to be maintained by that reinforcer.
Again, independent experimental analysis
does not confirm, in general, that behavior
can be strengthened by putative reinforcers
that occur after such intervals (but see Lattal
& Gleeson, 1990). The interpretive challenge
is complicated further by the fact that envi-
ronmental stimuli within the test chamber re-
main constant throughout the fixed interval.
These invariant stimuli cannot support
changes in responding in any obvious fashion
(cf. Donahoe, Palmer, & Burgos, 1997; Shull,
1995). The question remains, how can we in-
terpret behavior that covaries with time in a
constant environment?

Two complementary strategies for address-
ing temporal control are consistent with be-
havior analysis: (a) The behavior that occurs
in the situation of interest may be further an-
alyzed in that situation. (b) A subset of the
events that occur in the original situation may
be analyzed in other situations. In either case,
the additional information is then used to in-
terpret behavior in the original situation (see
Donahoe, 1993). As an illustration of the first
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strategy, other characteristics of the operant
can be measured, such as interresponse times
(e.g., Anger, 1956; Williams, 1968). These
measures reveal the discriminative effects of
stimuli that are occasioned by immediately
preceding responses (Morse, 1966). As an-
other example, responses in addition to the
operant may be concurrently measured dur-
ing the interval, responses such as the ad-
junctive behavior of drinking (Roper, 1978)
or general activity (Killeen, Hanson, & Os-
borne, 1978; see also Domjan, 1994; Silva,
Timberlake, & Cevik, 1998). Temporally con-
strained adjunctive behavior is a potential
source of immediately preceding stimuli that
can exert discriminative control over the op-
erant. Indeed, such stimuli have been exploit-
ed in the interpretation of temporal control
by the behavioral theory of timing (BeT) (Kil-
leen & Fetterman, 1988) and related formu-
lations (Machado, 1997). Staddon and Higa
ironically remark that interpretations based
on the discriminative effects of adjunctive be-
havior address the temporal problem “in a
less ad hoc (and more easily disprovable)
way”’ (p. 215) than models such as SET. We
prefer to characterize such behavioral models
as incomplete rather than incorrect. Scientif-
ic interpretations can never be wholly wrong
if they are based on valid experimental anal-
ysis. Indeed, this is the great advantage of sci-
entific interpretations over inferred-process
theories such as SET and, we believe, MTS as
well.

The second strategy for understanding
temporal control is to identify possible vari-
ables that may have acted in the original sit-
uation and then to subject them to experi-
mental analysis in a different situation. The
new observations may be made at any level—
behavioral, neural, cellular, biochemical—
without violating the basic strategy. At the be-
havioral level, it is often assumed that some
stimulus, such as an ““aftereffect” of the re-
inforcer, changes progressively during the
fixed interval and that the operant is con-
trolled by this aftereffect in proportion to its
magnitude (cf. Capaldi, 1966). To determine
whether events correlated with time since a
reinforcer can serve a discriminative func-
tion, Ferster and Skinner (1957) introduced
into a fixed-interval schedule an environmen-
tal stimulus whose characteristics varied with
time since the preceding reinforcer. To wit,
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the response key grew brighter as time
passed. When the values of this stimulus
(called an added clock) were later manipu-
lated, responding changed in a manner that
was consistent with the presumed role of the
unobserved stimuli within a standard fixed-
interval schedule. (This finding is a necessary
but not a sufficient condition for the propo-
sition that otherwise comparable, but unob-
served, stimuli are discriminated in fixed-in-
terval schedules without added clocks.) As a
second behavioral example, a stimulus of ei-
ther of two durations may be presented fol-
lowed by a two-choice concurrent schedule in
which the reinforced component is a func-
tion of the duration of the first stimulus. To
wit, after a short stimulus duration on a mid-
dle key, pecking the left concurrent key is re-
inforced, whereas after a long duration, peck-
ing the right key is reinforced. If the duration
of the first stimulus is correlated with distinc-
tive stimuli that change with time, then those
stimuli should acquire control over concur-
rent responding, as, indeed, they do (e.g.,
Rilling, 1967). The formation of a concurrent
temporal discrimination under these circum-
stances is consistent with the interpretation of
fixed-interval performance as a product of
control by unobserved stimuli that vary with
the passage of time.

Neural processes are particularly likely to
be invoked in discussions of temporal con-
trol. Because the external environment is
constant, internal time-dependent stimuli are
proposed to serve as the controlling stimuli.
SET appeals to internal clocks, and even BeT
relies on a pacemaker to coordinate transi-
tions between behavioral states. “For our
characterization of the pacemaker we are im-
mediately driven inside the organism. . .. The
pacemaker itself is almost certainly a biolog-
ical oscillator” (Killeen & Fetterman, 1988, p.
289). The tactic of moving to a finer level of
analysis when the explanatory variance at the
behavioral level has been exhausted is consis-
tent with the behavior-analytic approach:

The physiologist of the future will tell us all
that can be known about what is happening
inside the behaving organism. His account will
be an important advance over a behavioral
analysis, because the latter is necessarily ‘“his-
torical”’—that is to say, it is confined to func-
tional relations showing temporal gaps. ...
What [the physiologist] discovers cannot in-

259

validate the laws of a science of behavior, but
it will make the picture of human action more
nearly complete. (Skinner, 1974, pp. 236-237)

And, commenting on the interval “between
the stimulating action of the environment
and the response of the organism, ... only
brain science can fill these gaps. In doing so,
it completes the account; it does not give a
different account of the same thing” (Skin-
ner, 1953, p. 18; see also Michael, 1998, p.
160).

Staddon and Higa criticize the notions of
timers and pacemakers (rightly so in our
view) but then introduce in their place a se-
ries of hypothetical units with decreasing
rates of habituation. According to MTS, tem-
poral discriminations are dependent on com-
parisons between a ‘“long-term memory” of
the output of this cascade—stored at times
when the operant was reinforced in the
past—and the present value of the output
(“short-term memory”). If the difference be-
tween the two memories is less than some
threshold value (i.e., if the present time is
similar to past times when the response was
reinforced), then the operant is emitted. In
evaluating MTS and other proposals, recall
that an account meets the demands of sci-
entific interpretation only if it draws upon
events and processes that have been subject-
ed to independent experimental analysis.
What experimental evidence at the neural
level substantiates the existence of clocks,
pacemakers, and habituation units (or sys-
tems of such units) that operate in the be-
haviorally relevant range of seconds and min-
utes? To our knowledge, none exists. And
others concur: “There are no physiological
data that support the existence of pacemak-
ers and counters processing temporal infor-
mation on the order of [even] hundreds of
milliseconds” (Buonomano & Merzenich,
1997, p. 139). The habituation units of MTS
are no more the product of independent ex-
perimental analysis than are the pacemakers
of SET. Habituation units are pacemakers un-
der another name.! Thus, it is possible to

!'The reference cited in support of biological pace-
makers (Spitzer & Sejnowski, 1997) does not appear to
be relevant to timing mechanisms of the type proposed
in SET and MTS. The finding that units “deeper” in the
brain are less likely to be activated as the time between
stimulus presentations decreases (Williamson, described
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agree with Staddon and Higa (p. 245) that
“the jury is still out on whether [pacemaker]
theories or the MTS theory have the stronger
claim to biological plausibility” without en-
dorsing either theory. Of course, circuits have
been identified that respond differentially to
very small differences in the time of arrival
of biologically important stimuli within the
same modality, such as those that mediate
echolocation in bats (see Carr, 1993). Also,
neural circuits have been identified that me-
diate circadian rhythms, although these are
strongly entrained by environmental stimuli
(see Rusak, Abe, Mason, Piggons, & Yang,
1993). Finally, circuits have been identified
that temporally coordinate repetitive motor
patterns, such as the tongue movements that
accompany drinking (see Marder & Cala-
brese, 1996). Note, however, that all of these
circuits mediate temporal relations between
events that are biologically important over
the evolutionary history of the species. None
of these circuits mediates temporal control by
arbitrary stimuli over the time ranges that are
encountered in behavioral experiments. The
remainder of this commentary describes an
approach to temporal control that is more
nearly consistent with the demands of exper-
imental analysis.

Temporal Control as an Emergent
Effect of Reinforcement

Biobehaviorally informed computer simu-
lations indicate that behavior that covaries

in Glanz, 1998) is consistent with MTS, but it can be ac-
commodated without recourse to progressively more
slowly habituating units—an assumption for which there
is no direct experimental evidence. There is direct evi-
dence, however, that all neurons have a refractory period
after firing, and this fact is sufficient to account for the
findings as presented. Let p be the probability that a neu-
ron is in a state in which it can be activated by its inputs
(i.e., not in a refractory period) and let there be n neu-
rons in a series. In order for the nth neuron in the series
to be activated by stimulating the first neuron, all neu-
rons in the chain must become activated. Thus, the prob-
ability that the nth neuron is not activated (p,,) is 1 — p"
(ignoring complications such as spontaneous firing and
parallel processing, neither of which affect the basic
point). The probability p,, decreases as a function of »
and as a function of p, which in turn decreases as the
rate of stimulation increases. (Given any fixed time in-
terval, the proportion of that interval in which an ele-
ment is in a refractory period increases as the rate of
stimulation increases.) In short, the finding is equally
consistent with a series of units all of which have the same
habituation rate.
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with time in a constant environment can
emerge from the action of reinforcement on
neural networks without invoking timers,
pacemakers, or differentially habituating
units (Burgos, 1995, 1997; Burgos & Dona-
hoe, in press; see also Buonomano & Mer-
zenich, 1995). The neural network consisted
of input units (activated by simulated envi-
ronmental events), sensory-association units,
motor-association units, and output units
(simulating the behavior of the network).
Connection weights (simulating synaptic ef-
ficacies) to motor and motor-association units
were modified by a nonspecifically projecting
system (simulating the dopaminergic neuro-
modulatory system subserving reinforce-
ment). Connection weights to sensory-associ-
ation units were modified by a second
nonspecifically projecting system (simulating
projections from the hippocampus to senso-
ry-association cortex) that, in turn, was also
modulated by the reinforcing system. When
input units were stimulated by constant en-
vironmental stimuli, activity propagated
through the network and potentially activated
the output unit simulating the operant. Con-
nection weights were modified (updated) in
successive time steps that simulated the con-
tinuous passage of real time. The weights in-
creased whenever pre- and postsynaptic units
were coactivated and a reinforcing signal was
present. The weights decreased whenever the
pre- and postsynaptic units were coactive but
the reinforcing signal was absent (see Dona-
hoe, Burgos, & Palmer, 1993, and Donahoe,
1997, for additional information about the
learning algorithm).

Figure 1 shows a cumulative record of ac-
tivations of the operant unit over a series of
10 time-step fixed intervals (Burgos & Dona-
hoe, in press). In the training regimen, a re-
inforcing stimulus was presented when the
operant unit had an activation greater than
zero on the 10th time step. After the rein-
forcer, all activations were returned to their
spontaneous levels and the next 10 time-step
fixed interval began. With training, the op-
erant unit was activated at very low levels im-
mediately after the reinforcer, but was in-
creasingly activated as the time to the next
reinforcer approached. Thus, the simulated
behavior bore an orderly relation to time
within the 10 time-step fixed interval, but
there was no timing mechanism. How did this
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30

Cumulative
Activation (a)

Fig. 1. Cumulative record of the activations (0 < a <
1) of an operant unit trained with a 10 time-step (fs)
fixed-interval (FI) schedule of reinforcement. Vertical
lines indicate boundaries between successive fixed inter-
vals. Performance is shown for FI 276 through 300 of
training. (Adapted from Burgos & Donahoe, in press.)

come about? The process whereby temporal
control developed may be sketched as fol-
lows: Early in training, the reinforcer
strengthened connection weights that caused
the operant to be activated on the next time
step in which the stimulus occurred (i.e., the
onset of the next fixed interval). However,
early activations of the operant unit were not
reinforced and, therefore, the set of connec-
tion weights that mediated early responses
weakened. With continued training, the re-
inforcing signal came to select a set of con-
nection weights that permitted the constant
environment to activate the operant unit only
later in the fixed interval. An examination of
the cumulative record of activations in Figure
1 provides some sense of this process. At
point a, the postreinforcement pause was un-
usually brief. These nonreinforced responses
caused the set of connection weights that sup-
ported early responding to weaken. As a re-
sult, postreinforcement pauses were unusu-
ally long during the immediately following
fixed intervals. The temporal pattern of re-
sponding reveals a dynamic process of acqui-
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sition and extinction across successive fixed
intervals.

We wish to make it clear that we do not
regard the foregoing as a full simulation of
behavior reinforced on a fixed-interval sched-
ule. Many other variables would have to be
taken into account in a complete simulation.
However, the simulation does demonstrate
that temporal control can develop in a con-
stant environment as an emergent effect of
reinforcement without recourse to pacemak-
ers and the like. Nothing in the network re-
sembles a timer, and the parameter values for
all the units were identical to those used in
previous simulations (e.g., Donahoe et al,,
1993). Instead of pacemakers or differentially
habituating units, reinforcement simply se-
lected a set of connection weights such that
only prolonged exposure to the constant en-
vironment was sufficient to strongly activate
the operant. After exposure to the contingen-
cies of reinforcement, the network acted as if
there were a timer, but in fact none existed.
Moreover, the characteristics of the network
were constrained by information obtained
from independent experimental analyses car-
ried out at the neural level. These included
the general architecture of the network, the
effects of the hippocampal and the dopami-
nergic systems on synaptic efficacies in sen-
sory association and motor cortex, the effect
of dopamine on long-lasting long-term poten-
tiation, temporal summation of presynaptic
inputs, and competition between presynaptic
inputs for control of postsynaptic receptors
among others (see Donahoe, 1997). A more
adequate simulation would be more fully in-
formed by such information. We are only at
the beginning of biobehaviorally constrained
interpretations of complex contingencies of
reinforcement.

The fruitfulness of a biobehavioral ap-
proach is further illustrated by other results
that demonstrate a relation between the time
of maximal responsiveness and the variance
about that time. Simulations were conducted
in which networks were trained in Pavlovian
procedures to respond to interstimulus inter-
vals (ISIs) of different durations: four, eight,
or 16 time steps (Burgos, 1995, 1997). These
simulations used a hybrid genetic-develop-
mental-learning algorithm. The genetic al-
gorithm simulated evolution through natural
selection to determine the network architec-
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Fig. 2. Mean activations of the output units to probe
stimuli of various durations. Different networks were giv-
en 200 trials of Pavlovian training with the criterion in-
terstimulus intervals (ISIs) of either four, eight, or 16
time steps (#s). The ISI of the probe stimulus that was
the same as the training ISI is designated as zero on the
x axis. The differences between the ISIs of the probe
stimuli and the criterion ISI are expressed in logarithmic
units (base 2). (Adapted from Burgos, 1995, 1997.)

ture. The developmental algorithm simulated
the epigenetic processes that affect the initial
connectivity of the networks produced by the
genetic algorithm. The learning algorithm
modified the connection weights of the net-
works produced by the combined actions of
the genetic and developmental algorithms.
The final networks were the result of as many
as 100 generations, with each generation con-
sisting of successive implementations of the
three algorithms.

Figure 2 shows the activation levels of con-
ditioned response units during probe stimuli
presented at the conclusion of the evolution-
ary process. The intervals for which selection
occurred during evolution (i.e., the criterion
ISIs) were four, eight, or 16 time steps. The
value of zero on the x axis indicates that the
ISI of the probe stimulus was the same as the
value of the criterion ISI during evolution.
The durations of the other probe stimuli
were either shorter (negative values) or lon-
ger (positive values) than the criterion ISI.
The values shown are the activation levels at
the time steps immediately prior to the end
of the probe stimulus. Two aspects of the re-
sults are pertinent here. First, regardless of
the criterion ISI, architectures and connec-
tion weights were selected that permitted the
networks to respond maximally to the select-
ed ISI. Thus, the contingencies of selection
were sufficient without recourse to either
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pacemakers or habituation units. Second, the
variance in responding increased as the cri-
terion ISI increased. Increased variance in
temporal control occurred automatically as
an emergent product of selection. (Interpre-
tations of responding to ISI values greater
than those encountered during the selection
process are problematic; cf. Staddon & Higa,
p- 226.) In short, Weber-law-like temporal
control appeared without the need to appeal
to pacemakers, hypothetical units with differ-
ential habituation rates, or transformations
applied to linear processes.

Conclusion

The core problem of temporal control is to
explain how behavior can vary with time in a
constant environment. The problem arises
because experimental analysis has shown that
operants are almost invariably discriminated
(i.e., under the control of some antecedent)
and that the controlling stimulus must occur
almost immediately before the response in
question. What antecedent stimulus is re-
sponsible for temporal control? SET hypoth-
esizes a pacemaker and associated cognitive
machinery to supply the missing events. MTS
hypothesizes a cascade of differentially habit-
uating units together with various memory
and comparison processes. BeT looks toward
stimuli produced by temporally constrained
adjunctive behavior, with a pacemaker to co-
ordinate transitions between behaviorally de-
fined states. What we suggest is that timing
can occur without a timer of any sort. Rein-
forcers simply select a set of synaptic effica-
cies such that, when the neural system is act-
ed upon by a constant environment, the
operant is emitted with changing probability.
Before the action of reinforcement, no timer
(of whatever form) existed. After reinforce-
ment, no timer exists. The system simply
functions as if there were a timer. Natural se-
lection has given organisms a network of rich-
ly interconnected neurons with the capability
for their synapses to be modified by rein-
forcement, and this appears to be sufficient
for the acquisition of temporal control.
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CAN A DECAY PROCESS EXPLAIN THE TIMING OF
CONDITIONED RESPONSES?

C. R. GALLISTEL

UNIVERSITY OF CALIFORNIA, LOS ANGELES

To explain time-scale invariant distributions of response latencies, it appears to be necessary to
postulate scalar noise in the remembered intervals, against which the subjective measure of the
currently elapsing interval is compared. At least in some cases, the observed variability cannot be
due to variability in the subjective intervals written to memory; it must come from noise (variability)
in the reading of a memory. The Staddon and Higa proposal offers no explanation for the observed
variability, and it is unclear what noise assumption would yield the observed variability, given their
assumption that intervals are timed by a nonlinear decay process. The decay process cannot plausibly
be represented by the logarithmic function, because it begins and ends at infinity. The assumption
of any form of nonlinear timing is inconsistent with the most important result of the time-left ex-
periment, which is that the changeover time increases linearly with the comparison-standard differ-
ence.

Key words: subjective time, time-scale invariance, scalar variability, response latencies, temporal psy-

chophysics

The data that Gibbon’s scalar expectancy
theory (SET) tries to explain are primarily
data on the latencies of conditioned respons-
es. Conditioned responding tends to begin
when a certain proportion of the reinforce-
ment latency has elapsed. My comments fo-
cus on the assumptions crucial to the expla-
nation of these response latencies.

The Origins of the Noise in
Temporal Decision Making

The opening and closing parts of Staddon
and Higa’s article seem to imply that the prin-
cipal problem with Gibbon’s SET is that it
does not enable us to derive the variability
observed in the latencies of conditioned be-
havior. To explain these response latencies,
SET assumes a timer, a memory that stores
outputs from the timer, and a comparison
process. The comparison process generates a
response when the ratio of the current value
from the timer to the comparison value re-
trieved from memory exceeds a threshold. To
model the timer, Gibbon suggested a Poisson
pacemaker feeding an accumulator. The es-
sential feature of this timer is that subjective
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time (the internal measure of the duration of
an interval) is proportional to objective time.

Staddon and Higa suggest that the theoreti-
cally relevant property of this model for the
timer is what it predicts about the variability in
the repeated timing of the same interval. They
note that the variance in subjective time for a
given duration of the interval being timed will
be equal to the mean value of the obtained
accumulations. If the variance is proportional
to the mean, then the standard deviation is pro-
portional to the square root of the mean. Thus,
the greater the mean, the smaller the standard
deviation in proportion to the mean. In his
original formulaton of SET, Gibbon (1977)
made this same point, and he drew the neces-
sary conclusion, namely, that Poisson variability
in accumulations (subjective intervals) could
not explain the scalar variability in the response
latencies. That is, it could not explain why the
standard deviations of the obtained distribu-
tions are proportional to the means (and, more
generally, why normalized distributions, regard-
less of their shape, are superimposable). It is
unclear why this issue is revisited at this late
date; it has been a settled issue from the begin-
ning.

Gibbon (1977) suggested reasons why pro-
portional variability might occur, focusing on
possible trial-to-trial variations in the rate at
which the pacemaker ran. Subsequent work,
however, has shown that the scalar variability in
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the response distributions cannot be due pri-
marily to variability in the original timing of the
remembered intervals. Rather, it must be due
to variability in the process of reading a value
stored in memory in order to use it as the com-
parison value in a decision. The necessity of
attributing the variability in response latencies
primarily to the memory reading process is
shown most clearly by the results obtained from
the two-standard version of the time-left task,
because in this experiment, the central tenden-
cy or expectation read from memory has no
counterpart in the input intervals. None of the
input intervals is anywhere near the expecta-
tion of the distribution of those intervals. Thus,
the scalar variability must arise from the process
of reading the expectation itself, not from the
distribution of intervals on which that expec-
tation is based.

In the time-left task, the subject compares
the time left until reward on one side (the so-
called comparison or time-left side) against
the unvarying expectation on the so-called
standard side. The delay on the time-left side
gets shorter as the trial proceeds, while the
delay on the standard side does not. When
the subject estimates that the time left on the
comparison side is shorter than the delay on
the standard side, it switches from the stan-
dard side to the comparison side. In the two-
standard version of this task, the expectation
on the standard side comes from an experi-
enced population of two randomly inter-
mixed standard delays: On some trials, the
standard delay is very short, for example, 15
s; on others, it is very long, for example, 240
s. The subject never knows which delay is in
force on the standard side on any trial, so it
must base its behavior on the expectation it
computes from the bimodal population of
two very different delays. The time left at
which the subject changes over tells us what
the subject takes to be the expectation or cen-
tral tendency in this bimodal distribution of
delays on the standard side. The changeover
turns out to occur at about the harmonic
mean (e.g., Brunner, Gibbon, & Fairhurst,
1994), which, for the above illustrative values
of the two standard intervals, is 30 s.

The crucial result for present purposes is
that the distribution of changeover responses
(the distribution of elapsed times at which the
subject switches from the standard side to the
comparison side) is essentially the same in the
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two-standard case as it is in the case in which
there is but a single standard interval at 30 s.
Thus, the distribution of changeover responses
cannot be a reflection of variability in the tim-
ing of the very short and very long intervals
that compose the population of standard inter-
vals. The population in the two-standard ver-
sion is very different from the population in
the one-standard version. Only the expecta-
tions are the same in these two cases, not the
populations on which those expectations are
based. Yet, these expectations produce the
same distribution of changeover latencies. One
is forced to conclude that the proportional
standard deviation (the scalar variability) ob-
served in the distribution of response latencies
reflects trial-to-trial variability in the target val-
ues retrieved from memory rather than trial-to-
trial variability in the original inputs to memory
(the “accumulations” in the accumulator).

Put another way, one is forced to conclude
that time-scale invariance is a basic property of
the noise in a remembered temporal interval,
no matter how that interval was originally de-
rived, whether directly from the timer or from
a computation of the expectation of a distri-
bution. Time-scale invariance means that one
cannot deduce the time scale of the experi-
ment from the distribution of response laten-
cies. That is, from looking at this distribution,
one cannot estimate what the objective dura-
tion of the interval to be remembered was. If
the variability in the observed distribution were
not proportional to its mean, then one would
be able to deduce the time scale of the exper-
iment (the reinforcement latency) in the ab-
sence of a scale factor for the x axis (numeri-
cally labeled ticks). The proportion between
the width of the distribution and its location
along the x axis would indicate the time scale
of the experiment (the reinforcement latency).
In short, the assumption of Gaussian noise in
the signal that comes from memory, with a
standard deviation proportional to its mean val-
ue, is indeed a postulate in SET, not a deduc-
tion. It is best seen, however, as a manifestation
of a more general property of conditioned be-
havior, namely, time-scale invariance.

The postulation of scale-invariant noise in
the values read from memory is a “deeper
problem” with SET (Staddon and Higa, p.
227) only if there are other assumptions
about the sources of variability, from which
the variability in response latencies may be
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deduced. No such assumptions are presented
in this paper. In fact, Staddon and Higa re-
fuse to say anything about the characteristics
of the noise in the signals that determine be-
havior in their model. A problem I have with
any proposal that the subjective measure of
time is given by a decay function is that this
makes it difficult to obtain a time-scale in-
variant model. The assumed rate of decay im-
poses a time scale, making it difficult to have
a time-scale invariant model.

One could explain the scalar variability of
response latencies if one postulated (a) that
subjective time is a logarithmic function of
objective time and (b) that the variability or
noise in the subjective time signal is indepen-
dent of the magnitude of that signal (i.e.,
constant, rather than varying as a function of
signal strength). However, as explained be-
low, the postulation of a logarithmic relation
is incompatible with the assumption that time
is measured by a decay process, which ap-
pears to be the foundational assumption in
the Staddon and Higa model. Second, the as-
sumption that the noise in the signal is in-
dependent of signal level is physically implau-
sible. Finally, this physically implausible
postulate is just as much a postulate as the
postulation of scalar variability in SET. Thus,
the Staddon and Higa model does not derive
the observed scalar variability from more ba-
sic assumptions. Indeed, it does not even pro-
vide an explanation of the observed scalar
variability.

The Function Relating Subjective
Intervals to Objective Intervals

The essential feature of the accumulator
model of the timer is that the subjective in-
terval (the quantity in the accumulator at the
end of an objective interval) is proportional
to the objective interval. SET would not be in
any consequential way altered if the Poisson
pacemaker assumption were abandoned,
leaving only the foundational assumption
that subjective intervals are proportional to
objective intervals. Empirically, this function
appears to be a linear function rather than a
strictly proportional one, but the deviation of
the intercept from the origin is small, so, for
most purposes, the function can be treated as
one of simple proportionality, which is what
I will assume hereafter.

Staddon and Higa suggest an alternative to
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this assumption. Actually, they suggest at least
two alternatives, possibly three. One alterna-
tive is that the subjective interval decreases in
accord with the sum of several exponentially
decaying terms (their multiple-time-scale
function).! This seems to be the assumption
that they are in the end most deeply com-
mitted to. The other alternative, which they
suggest is equivalent to the first for practical
purposes, is that the subjective quantity (the
quantity in the head) that corresponds to an
objective interval decreases as the negative
logarithm of the objective interval. A third
suggestion, entertained at various points in
their argument, is that the relation is a power
function with a negative exponent. I do not
agree that these alternatives are for practical
purposes equivalent. This makes it hard to as-
sess the viability of Staddon and Higa’s pro-
posal, because they sometimes rest their ar-
gument on properties of the logarithmic
function, while at other times they assume
that the sum-of-exponentials function best de-
scribes the relation. These are mutually in-
compatible assumptions. The claim (on p. 220)
that “There are several other functions that
have very similar properties to the logarithmic:
power .. ., the sum of exponentials, and others
... (Figure 1)” is not defensible, either on the
grounds by which the properties of functions
are usually compared or on the grounds that
the differences between the functions are not
great enough within a reasonable range of in-
tervals to matter in practice.

One important property of a function is its
behavior at the extremes of its argument. The
negative logarithmic function of time [T =
—log(#)] goes to plus infinity as time goes to
zero. This property, all by itself, is an obstacle
to the assumption that this function could de-
scribe the quantitative relation between ob-
jective time intervals and the signals (or trac-
es) in the head that they give rise to.
Moreover, as time goes to infinity, the nega-

! It may seem odd to speak of a decreasing measure of
an increasing function, but that is inescapable in a model
that uses the state of decay to measure the magnitude of
an increasing variable (as in, e.g., carbon 14 dating). As
Staddon and Higa note, this inverse measure (a measure
that gets smaller as the thing being measured gets big-
ger) is more or less okay, as long as the relation between
the quantity measured and the measure is monotonic.
However, one consequence of using a decay measure is
that the measure must be nonlinearly related to the thing
measured. This leads to problems, as explained below.
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tive log function goes to minus infinity. This
is a decidedly odd property for a “decay” pro-
cess to have. Usually, the more something has
decayed, the closer its absolute value is to
zero. For time intervals greater than one, the
more the negative logarithm “decays,” the
farther its absolute value gets from zero.

The power function also goes to plus infin-
ity as time goes to zero (again an obstacle to
postulating it), but at least it goes to zero as
time goes to infinity, as a decay function
should. This means, however, that as time in-
tervals get larger, the difference between any
logarithmic function of time and any power
function of time becomes arbitrarily large.
Thus, these two functions are not inter-
changeable over any very large range of in-
tervals. (Remember that a straight line is a
good approximation to any smooth function
over a short enough interval.)

Finally, Staddon and Higa’s MTS func-
tion—a sum of decaying exponentials—dif-
fers by arbitrarily large amounts from the
negative log function at both ends. Any sum
of exponentials is finite at both extremes of
its argument, whereas the logarithmic func-
tion is infinite at both extremes.

Another very important property of the
proposed functions in the present context is
how they relate objective differences and ra-
tios to subjective differences and ratios. SET
proposes that subjective time is proportional
to objective time. More formally, it is a scalar
function of objective time, that is, T = ki,
where T represents the subjective duration of
an interval, ¢ is its objective duration, and k
is a constant of proportionality (scaling fac-
tor). This relation has the unique and theo-
retically very important property that equal
objective differences map to equal subjective
differences and equal objective ratios map to
equal subjective ratios. This means, for ex-
ample, that the difference between the sub-
jective durations corresponding to objective
durations of 10 and 20 s is the same as the
difference between the subjective durations
corresponding to objective durations of 40
and 50 s. Thus, equal differences in the world
map to equal differences in the head. And
similarly, the ratio between the subjective du-
rations corresponding to objective durations
of 1 and 10 s is the same as the ratio between
subjective durations corresponding to objec-
tive durations of 5 and 50 s. Thus, equal ratios

267

in the world map to equal ratios in the head.
(Formally, this is because, if t§{ — & = t; — 1,
then k¢, — kt, = kty — ki, and if ¢/t = /1,
then kt,/kt, = kty/kt,, where {; # {, and ¢, #
i5.) All of the other proposed functions (map-
pings from the world to the head) lack one
or both of these two important properties.

The power function does not carry equal
objective differences into equal subjective dif-
ferences. Assuming again that { # & and ¢
#t: Ity — &, =15 — 1, then ¢/ — 1) # 1} —
. For example, 12 — 22 5 22 — 32 However,
the power function does carry equal objective
ratios into equal subjective ratios: If ¢/t =
L/, then ¢!/t) = /1. For numerical illus-
tration, note that 12/22 = 22/42 Neither of
the other two functions has this property.

The log function does not carry equal ob-
jective differences into equal subjective dif-
ferences or equal objective ratios into equal
subjective ratios; rather, it carries equal objec-
tive ratios into equal subjective differences (a
property that Staddon and Higa make exten-
sive use of). Thus, under the same conditions
on the s as above, if t;, — & = & — ¢, then
log(#) — log(t) # log(t) — log(t,), and if
0/t = t,/t,, then log(t)/log(t) # log(t)/
log(t,). However, when (/4 = /4, then
log(¢) — log(L) = log(L) — log(ty). For nu-
merical illustration, note that log(1) — log(0)
= 0 + « # log(2) — log(l) = 0.3, and
log(2)/log(1) = 0.3/0 = » # log(4)/log(2)
= 0.6/0.3 = 2. However, log(2) — log(l) =
0.3 — 0 = log(4) — log(2) = 0.6 — 0.3.

The exponential function has the inverse
property; it carries equal objective differences
into equal subjective ratios. Under the same
conditions on the #s as above, if ¢{; — &, = {4
— 1, then bt — pot2 5 pots — peta and if 1/ 12
= /1%, then b*/b~=2 # b~/ b, However, if
= 2= — t* then b*1/b*2 = pis/ b, For
numerical illustration, note that 22 — 21 # 23
— 22 and 22/2! = 2 # 24/92 = 4, However,
22/21 = 23/22 = 2,

A sum of exponentials is not itself an ex-
ponential function, so the MTS function sug-
gested by Staddon and Higa does not possess
any of these potentially useful properties. The
function that Staddon and Higa graph as the
MTS function in their Figure 1 was obtained
by a simulation in which the weighting of the
different exponential terms was free to vary.
The actual weighting that produced the
graph is apparently not known. However, the
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following power, logarithmic, and sum-of-ex-
ponentials functions produce curves as close
or closer to each other than those in their
Figure 1. The power function is the one Stad-
don and Higa assumed. The exponentials
have the decay constants that they assumed.
The negative log function has been scaled
and displaced vertically so as to be as close to
these two functions as possible over the range
covered by Staddon and Higa’s Figure 1.
Thus, these functions allow us to estimate the
extent to which the MTS function has the
properties of the logarithmic function within
the range graphed by Staddon and Higa (the
situation is much worse outside this range):
power: T = (%45 negative log: T =
—0.39log(?) + 0.8; sum of exponentials: T =
MTS(8) = (1/2.5) (70360 + ¢=0-105¢ 4 () 5¢=0.0060)
From the third function, we can calculate that
MTS(1) — MTS(2) = 0.12 # MTS(3) —
MTS(4) = 0.07 and MTS(1)/MTS(10) =
2.47 # MTS(5) /MTS(50) = 3.302, and more-
over, MTS(1) /MTS(31) = 4.62 #* MTS(20)/
MTS(50) = 1.508 and MTS(1) — MTS(10) =
0.5 # MTS(5) — MTS(50) = 0.35. These nu-
merical examples show, when time is mea-
sured by a sum of decaying exponentials, that
equal objective differences do not corre-
spond to equal subjective differences, equal
objective ratios do not correspond to equal
subjective ratios, equal objective differences
do not map to equal subjective ratios, and,
finally, equal objective ratios do not map to
equal subjective differences (as they would if
the MTS function could be substituted for
the log function and vice versa).

The numerical examples given above limit
the values of ¢ to the range graphed by Stad-
don and Higa in their Figure 1, and yet the
discrepancies between the functions are sub-
stantial—great enough to yield measurably
different predictions even when the range of
tis thus limited. In fact, however, SET applies
to experiments covering a considerably
broader range—from a few seconds to 3,000
s (about three orders of magnitude). Over
this range, the differences between the func-
tions that Staddon and Higa suggest are
equivalent for practical purposes are very
large and completely unmistakable. For ex-
ample, when ¢ = 1,000, the MTS function in
Staddon and Higa’s Figure 1 is already effec-
tively zero, whereas the power function is 0.04
and declining very slowly, and the vertically
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displaced negative logarithmic function is
well below zero at —0.37 and growing ever
more negative (ever farther from the zero val-
ue at which a decay function ought to ter-
minate). Thus, before we can evaluate Stad-
don and Higa’s proposals, they will have to
settle on a form for the relation between sub-
jective intervals (the signals in the head) and
the objective intervals, because the predic-
tions of an MTS model cannot in fact be rea-
sonably approximated by the predictions of a
logarithmic model and vice versa.

The relation between differences and ra-
tios in the subjective realm and differences
and ratios in the corresponding objective
quantities is fundamental to the issues raised
by Staddon and Higa’s article. We are here
concerned with contrasting models for the
processes in the brain that “process,” “op-
erate on,” or “do computations with”” subjec-
tive intervals to produce behavior. The sub-
jective intervals are signals or traces in the
brain that are at least monotonically related
to objective intervals, and therefore can “en-
code” those intervals. Models for the pro-
cesses in the brain that determine the timing
of conditioned behavior are evaluated on the
basis of how well they predict the timing of
the animal’s responses given various objective
intervals (usually reinforcement latencies).
The predictions depend jointly on the pos-
tulated quantitative relation between the sub-
jective intervals and the objective intervals,
on the form and sources for the noise in
these neural signals, and on the formal prop-
erties of the operations or processes in the
brain into which these subjective intervals en-
ter in order to determine the observed be-
havior.

Many experimental results in the timing lit-
erature are very accurately accounted for by
a model that makes the defining assumptions
in SET, which are that (a) subjective intervals
are proportional to objective intervals; (b)
the noise in remembered intervals is Gauss-
ian with a standard deviation proportional to
the interval being remembered; and (c) the
decision variable—the quantity that generates
a response when it exceeds a decision thresh-
old—is a ratio of subjective intervals. Put an-
other way, this last assumption is that the
measure of the similarity of two intervals is
the ratio of their subjective measures. A ratio
of one indicates perfect similarity. Decisions
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to respond occur when this measure of simi-
larity exceeds a threshold, which is usually ap-
preciably less than one. Decisions to stop re-
sponding occur when this measure of
similarity is appreciably greater than one. The
success of SET at giving quantitatively accu-
rate explanations of the experimental data is
evidence for the correctness of its assump-
tions, including, of course, the assumption
that subjective intervals are proportional to
objective intervals. However, the experimen-
tal evidence most directly relevant to this par-
ticular assumption comes from the time-left
experiment, to which Staddon and Higa’s dis-
cussion does not do justice.

The fundamental idea behind the time-left
experiment is that if subjective intervals are
proportional to the logarithms of objective
intervals, then when the brain subtracts one
such quantity from another, it is equivalent to
dividing the corresponding objective inter-
vals. The subjective result of this operation
(the signal generated when the signal for the
elapsed interval is subtracted from the signal
for the comparison interval) corresponds to
the dimensionless quantity that is obtained by
dividing one objective interval by another,
that is, to the ratio of two objective intervals.
This follows directly from the property of the
logarithmic function stressed above, namely
that it carries equal objective ratios into equal
subjective differences. Thus, differences in
the head correspond to ratios in the world.

Because a logarithmic encoding of objec-
tive intervals converts subjective subtraction
(subtraction in the head) into objective divi-
sion, the assumption of such an encoding
makes startling predictions about what will
happen when a subject is faced with a task in
which it must compare a subjective interval
obtained by subtraction with another, sepa-
rately specified, subjective interval. This is
what the time-left task does. The subject must
compare the time left until reward is ob-
tained on the so-called comparison (C) side
with the standard (S) delay of reward on the
other side. The time-left to reward on the
comparison side gets shorter as the trial con-
tinues, whereas the standard delay does not.
Thus, there comes a point in the trial at
which the rational thing to do is to switch
responding from the standard side, which has
the shorter expected delay at trial onset, to
the comparison (time-left) side, which has
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the shorter expected delay after some inter-
val has elapsed. The only way to estimate this
point—the elapsed interval (F) at which it
pays to change over—is to subtract the
elapsed interval from the fixed and known
value of the comparison interval at the start
of the trial.

Staddon and Higa’s discussion of this ex-
periment focuses on the question of the sub-
jective value of the first half of a comparison
interval versus the second half, which is not
the proper focus. The most powerful result
from these time-left experiments (as was
stressed in the original publication by Gibbon
& Church, 1981) is the relation between the
midpoint of the cumulative changeover func-
tion (hereafter, the changeover point) and
the absolute values of the comparison and
standard intervals, when the ratio of these
two reference intervals (the C/Sratio) is held
constant. What matters is not where the
changeover point is located for any particular
values of C and S, which is what Staddon and
Higa focus on. What matters is what happens
to this changeover point as one increases the
values of C and S proportionately (leaving
their ratio unchanged). If subjective intervals
are proportional to the logarithms of objec-
tive intervals, then the midpoint of the
changeover distribution should be deter-
mined by the C/S ratio, which means that it
should be independent of the actual values
of C and S. This seems a priori exceedingly
unlikely, and it is, in fact, contrary to exper-
imental fact. Empirically, the changeover
point increases linearly with the values of C
and S. This result is fatal to the assumption
that the magnitudes being subtracted in the
head are the logarithms of the corresponding
objective intervals.

In the end, Staddon and Higa seem to rec-
ognize the impossibility of explaining the
time-left result while maintaining the assump-
tion that the computation of the time left is
carried out with quantities that are propor-
tional to the logarithms of the intervals they
represent. They write, “The claim is that no
matter what the animal’s internal code for
elapsed time, it will also have some kind of
compensatory perceptual constancy mecha-
nism . . . that allows it to behave appropriately
with respect to the real world (i.e., real
time)” (p. 222). In Footnote 2, they write,



270

Time may well be (and is, we contend) encod-
ed nonlinearly, in the sense that it is mapped
on to some internal variable that increases
[sic] with elapsed time in a negatively accel-
erated way. Nevertheless, subjective time, like
subjective weight and the other examples, is
roughly proportional to real time. We argue
that encoding determines experimental re-
sults that depend on discriminability, but sub-
jective value determines results that depend
on value (e.g., choice experiments).

They seem here to be making a distinction
between how time is “really” encoded in the
nervous system and how it is encoded when
the animal has to do something that depends
on its time estimates. In the latter case, they
concede that “subjective time ... is roughly
proportional to real time.” It is in the nature
of behavioral data that they can only be used
to determine how a thing is represented at
the point in the brain at which the signal that
does the representing enters into a combi-
natorial computation that has behaviorally
observable consequences.? The time-left ex-
periment determines the relation between
the subjective interval and the objective in-
terval at the point in the behavior-generating
process at which the brain determines the
time left. At that point, the relation appears
to be one of proportionality. Elsewhere in the
brain where intervals are represented, the re-
lation might have a different form. If so (and
evidence of this remains to be found), then
it will be difficult to defend the claim that the
form at one point in the brain’s processing is
the “real” form, whereas the form elsewhere
is the “?” form (virtual? imaginary? com-
plex?—it is not clear what alternative to
“real” would be appropriate to plug in here).
The process that determines when the sub-
ject changes over from the standard option
to the comparison option is presumably a real

2 A computation in which the values of two different
variables combine to determine the result. For example,
in SET, the subjective measure of the currently elapsing
interval is divided by the expectation retrieved from
memory (a combinatorial operation) to produce the
measure of similarity, which is compared to a threshold
to determine whether the animal will or will not begin
to respond. The comparison is also a combinatorial op-
eration, namely, ordination (is the measure of similarity
greater than the threshold). All of the basic operations
of arithmetic (addition, subtraction, multiplication, divi-
sion, and ordination) are combinatorial operations. In-
version, taking the log, raising to a power, and exponen-
tiation are examples of noncombinatorial operations.
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process, so the variables that enter into it are
presumably themselves just as real (tangible,
measurable, etc.).

Explaining the Distributions of
Response Latencies

Thus, the question becomes whether there
is evidence that at some point in some of the
processes underlying at least some timing
tasks, the form of the relation between the
interval signal in the head and the objective
interval is approximately logarithmic or, al-
ternatively, a decay function. As indicated
above, these are mutually exclusive hypothe-
ses, because decay functions go to zero
whereas the negative logarithm goes to minus
infinity. The majority of the tasks to which
SET has been applied are tasks that look at
the distribution of response latencies relative
to the reinforcement latency. SET does a
good job of accounting for these distribu-
tions. By contrast, the observed distributions
are not predicted by a model that assumes
that (a) the relation between subjective inter-
vals and objective intervals is either approxi-
mately logarithmic or is determined by a de-
cay process and (b) the noise in a subjective
interval is Gaussian with constant standard
deviation. If the underlying measure of the
ever-lengthening objective interval is really
decaying to an asymptotic value of zero, as
any decay model ought to assume, then it is
going to be even more interesting to see what
kind of assumptions about underlying noise
will be required to explain the scalar vari-
ability that is so salient a property of the ob-
served distributions. The particular MTS
function that Staddon and Higa use in their
Figure 1 is effectively zero by the time that
1,000 s have elapsed. Beyond that interval,
there is nothing left to decay, so all objective
intervals longer than that are subjectively the
same. However, the likelihood of a pigeon’s
having resumed responding when a given
proportion of the fixed interval in a fixed-
interval schedule has elapsed is the same
when the fixed interval between rewards is 30
s as when it is 3,000 s (Dews, 1970). This is a
particularly striking and simple example of
scalar variability in the timing of an operant
response. How this could be explained by a
sum of exponentials (or any other true decay
function) and what the noise assumptions
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would have to be to get scalar variability over
that range of intervals are very unclear.
Staddon and Higa do not make any sug-
gestions about the sources or the form of the
noise in the processes that generate timed re-
sponses. As a consequence, they do not offer
an account of the distributions that are ob-
served experimentally. Rather, they seem to
argue that it is not reasonable to try to ex-
plain these distributions. If so, then there is
little reason to offer alternatives to SET, be-
cause that is what SET principally explains. In
refusing to try to explain the distributions of
timed responses, Staddon and Higa abandon
the field on which SET most often operates.
More important, they avoid wrestling with
some of the more difficult consequences of
the assumption that time is measured in the
head by a decay process. One of the more
intractable problems with this assumption is
reconciling it with the scalar variability ob-
served in the distribution of response times.
At several points, Staddon and Higa seem
to argue that SET is founded on the expla-
nation of experiments on temporal discrimi-
nation. This assumption seems to underlie
the paragraph (p. 223) whose second sen-
tence begins, “The fundamental flaw in the
time-left argument is in fact conceptual” and
culminating in the sentence, “The general
point is that discriminability does not deter-
mine perceived value.” This is a puzzling par-
agraph, because SET does not rest on the
Fechnerian error of assuming that just no-
ticeable differences are subjectively equal. In
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fact, it is well known that this assumption led
to Staddon and Higa’s sometime postulate
(that the relation between the subjective
quantity and the objective quantity is logarith-
mic), not to Gibbon’s postulate. Indeed, the
postulates that constitute SET are incompat-
ible with the assumption that just noticeable
differences are equal. Whatever SET’s faults,
the assumption that discriminability deter-
mines perceived value is not among them.
On the other hand, the failure to explain
the scalar variability in the distributions of
conditioned responses is a serious fault in
Staddon and Higa’s model. Scalar variability
is a very well-established fact. It appears to be
a manifestation of a deeper and broader prin-
ciple, the principle of time-scale invariance.
And, it appears to be irreconcilable with the
assumption that temporal intervals are mea-
sured by a decay process, which is the central
assumption in Staddon and Higa’s model.
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MULTIPLE TIME SCALES IS WELL NAMED
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Staddon and Higa’s article is a critique of scalar expectancy theory, and a proposed alternative,
multiple time scales. The critique is generally flawed, both factually and logically. The alternative is
bewildering in its flexibility, opaque in its quantitative description, and never addressed to real data.
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The article by Staddon and Higa is first a
critique of, or more properly a diatribe on,
scalar expectancy theory (SET), and second
a proposed alternative. The paper is not sat-
isfactory in either section, for very different
reasons. The criticisms of SET are often ill
taken and occasionally bizarre. On the other
hand, the multiple-time-scales (MTS) alter-
native proposed next is a bit too aptly named.
Staddon and Higa mix and match time scales
to qualitative descriptions of effects in the
timing literature with a bewildering variety.
Power scales, log scales, summed exponential
scales (MTS), and even linear scales (see be-
low, time-left explanation) are used almost at
will.

When the original version of the article was
submitted to JEAB, the editor requested a re-
view from me, and I submitted a signed re-
view. The paper was subsequently revised, re-
submitted, and accepted to be published with
commentary. My reading of the revision is
that not much has changed (with the excep-
tion of Figure 6, discussed below). I am there-
fore providing a commentary which is essen-
tially portions of my original review, with
discussion of minor points deleted and edited
for clarity.

Poisson Variance

The authors begin with a central theme,
namely that the pacemaker-accumulator idea
in SET is difficult to reconcile with Weber’s
law. Indeed, the description implies that SET
is continuously scrambling to get around this
difficulty by adding parameters to the ac-
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count. A central feature of a pacemaker ac-
cumulator is Poisson variance, which does not
accord with the scalar property: proportional
rescaling of timing distributions. Actually,
from the outset the information-processing
account of SET was designed with just the sca-
lar property in mind. The idea was that a sys-
tem of this kind (a) must account for the sca-
lar property and (b) may do so in more than
one way. The clock, memory, and decision
process stages identified three potential
sources of scalar variance, all of them with the
critical property that random variation in the
system be multiplicative. The three sources so
identified were pacemaker rate variation (by
the way, it makes no difference whether one
assumes trial-to-trial variation or within-trial
variation; cf. Gibbon, 1992), memory trans-
lation multipliers in storage and retrieval, and
threshold variation. The authors have, I
think, misunderstood the way in which the
notion of a Poisson pacemaker (in both early
and late versions of SET) was conceived. Gib-
bon (1992) showed that even small sources
of multiplicative variance do indeed render
Poisson variability negligible. The assumption
of a Poisson pacemaker was a convenient one
that is physiologically plausible, because there
are many neural systems with Poisson vari-
ability. The key features of the theory did not
rely on the Poisson pacemaker idea but rath-
er on a mechanism that integrates activity
over time with multiplicative variance.

Logarithmic Subjective Time Scale

Staddon and Higa then go on to posit a
logarithmic perceptual subjective time scale.
They argue that the temporal bisection result
with indifference at the geometric mean is a
natural and straightforward instantiation of
equal subjective distance from the two anchor
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points, short and long. As Staddon and Higa
state, the geometric mean finding drops out
of the log time scale rather simply. As long as
variance is constant and symmetric on the log
scale, the midpoint between two remembered
values should be at the geometric mean. In
fact this was the motivation for examining the
subjective time scale in the time-left experi-
ments (see below). For bisection, given the
linear scale that SET assumes, the psycho-
physical function is obtained not by simple
differences on the subjective scale but rather
by similarities on this scale, where similarity
is defined, like other discriminative functions
in SET, as a ratio, in this case of the probe to
the referents. Staddon and Higa have not de-
scribed the SET analysis of bisection accu-
rately, in my view. Gibbon (1981) analyzed
logarithmic and linear scales using a differ-
ence rule for the logarithmic scale and the
ratio rule for the linear scale. Although it is
obviously true that differences on a log scale
reduce to ratios on a linear scale, it is not true
that the form of the psychometric function is
well fit by the logarithmic scale. Indeed, it is
shown that symmetry of remembered distri-
butions of the standards on the log scale re-
sults in a poor fit to the psychometric func-
tions, albeit with an appropriate indifference
point at the geometric mean.

There are other data that deal with the
form of the psychophysical function as well,
which again make for difficulties with the log
scale. Church and Gibbon (1982) examined
what form temporal generalization functions
ought to take when animals discriminate
whether a probe stimulus is the same or dif-
ferent from a reinforced standard. The scalar
property is again found, but with near sym-
metry on the real time axis, which is not to
be expected from a subjective log scale. Rath-
er a negative skew, which is never found in
real data, is predicted for the log scale.

Time-Left Experiments

The time-left experiments (Gibbon &
Church, 1981) were motivated precisely by
the geometriccmean finding for bisection.
But Staddon and Higa do not seem to have
grasped the fundamental features of these ex-
periments, particularly Experiment 2. Sub-
jects choosing between an elapsing alterna-
tive and another, the standard, which is fixed
(beginning “‘right now”), should show choic-
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es reflecting proximity on the log scale to
food, which is much shorter in the middle of
the interval for the time-left side than it is for
the standard. But importantly, if a log unit is
added to both sides by doubling the elapsing
and standard interval, as was done in the sec-
ond experiment, then a discrimination based
on proximity to food on the log scale predicts
no change in the point of indifference be-
tween the two. And this of course is ruled out
by the data from Experiment 2.

Even with omission of Experiment 2, Stad-
don and Higa evidently find the log scale not
tenable for the time-left experiments, and
perform a bizarre contortion to obtain the
desired result. They argue that subjects per-
ceive time in a logarithmic fashion but then
take inverses (i.e., antilogs) and then calculate
immediacies (expectancies) in real time!
That is, subjects perceive time logarithmically
but have the good sense to ignore their per-
ceptions (or the good sense to pick the anti-
log transform) when faced with a choice be-
tween delays to food. They use real time, as
though the log scale associated with percep-
tion of time were irrelevant. SET does not
need such convoluted reasoning to arrive at
the appropriate result, because the point of
indifference should scale linearly with real
time provided that time is perceived linearly
with real time.

Staddon and Higa claim a kind of “percep-
tual constancy mechanism” to account for
the use of linear time. They argue “for a sep-
aration between the animal’s capacity to as-
sess reinforcement rates and its capacity to
use a decaying memory trace as a stimulus”
(p- 222). The example espoused to justify
such a convoluted interpretation is that there
is a smaller two-point threshold on the hand
than on the back “but we do not feel that
our hands are larger than our back” (p. 223).
This kind of reasoning from just noticeable
differences is exactly the sort that led Fech-
ner to the log scale. Do the authors wish to
challenge his inference? In any case, this ex-
ample makes no sense applied to the time
scale. The reason for judging that the hands
are smaller than the back has nothing to do
with the two-point threshold. Visual sensory
data are undoubtedly used in determining
size, but for temporal judgments there is no
alternative receptor. What are the alternative
data used when judging time durations?
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The authors go on to argue for a log time
scale on other grounds (p. 224). However, I
confess to be completely lost on Equations 8
and 9. How is it that “internal effects” are
related to time differentials by these equa-
tions? Multiplying through by ¢ or b, they
seem to be saying that a small change in ¢ (d¢)
is equal to the standard deviation of ¢ times
the “internal effects” or differential on z, di
= 0,dz But what is 22 And where is the vari-
ance in this system? Although it is certainly
true that Equations 10 and 11 follow by in-
tegration, the justification for Equations 8
and 9 remains mysterious. This is but one of
several examples of what might be called
mini models in this paper, none of which are
developed in sufficient detail for us to eval-
uate them. Moreover, it is not always clear
which mini model is being espoused, because
power, log, and MTS are frequently given
equal weight, and are introduced where con-
venient for one or another purpose. It is also
unclear how the mini models relate to the
presumably central, more developed MTS
model. Sometimes, as in Figure 1, they are
touted as equivalent, but of course in many
other respects, such as slopes, they are clearly
not.

Start/Stop/Spread Correlations in
the Peak Procedure

Staddon and Higa insinuate that positive
start-stop correlations (as opposed to nega-
tive start-spread correlations) are a difficulty
to be overcome in SET. In fact this analysis
was designed to attempt to isolate the relative
contributions of memory and decision vari-
ance in this procedure. Far from being un-
expected, the analysis showed that both
sources of variance are present.

MTS, in contrast, appears to have only a
start threshold. How would such a system
handle the results of the peak procedure? If
a stop threshold is to be permitted, how does
the animal “know” where to place it, or even
come to “expect” reinforcement at a partic-
ular time, and so detect its omission?

MTS Memory Timing Model and
the Variance Problem

Figure 6 in the current article is very dif-
ferent from that in the original. The original
Weber fraction was shown to decrease about
55% over an eightfold range in interfood in-
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terval (a Poisson system would show a Weber
fraction decrease of about 65% over this
range). The description in the original, how-
ever, closely matched that in the current ver-
sion (pp. 232-233). The text appears to de-
scribe the Weber fraction as resulting from
the decreasing slope of the memory trace.

The new Figure 6 shows rising and falling
functions. The degree of change near the or-
igin is small for values of A = 1.5. However,
small on what scale? Ordinate values are
omitted from the new Figure 6. Indeed, it
would be useful to have more than simply or-
dinate values in the new Figure 6; it would be
much more compelling to see actual Weber
fractions from real data obtained over these
ranges.

The problem with where variance arises in
this system is endemic to all of the discussion.
Staddon, at a recent meeting (personal com-
munication), described the Weber fraction as
obtained from a simulation of MTS with
threshold variance. That is, a given threshold
on the memory decay trace functions with
constant variability would induce the curves
shown in Figure 6. Is threshold variance then
the source of variability producing the Weber
fraction? The description in the text does not
make this clear at all. Indeed, there is no talk
of variance throughout this paper, and the
quantitative mechanisms underlying variance,
or even those underlying the scales, are gen-
erally opaque (MTS is never described with
closed forms). And if the lack of detail on
variance mechanisms is a problem for me, I
suspect I am not alone.

It is almost as though animals are perfectly
accurate but somehow the slope of the sub-
jective time functions induces a Weber frac-
tion without any variability (at least in Equa-
tions 19 and 20). If threshold variance is
indeed what induces the Weber fraction here,
then that description needs to be made ex-
plicit. Threshold variance is one of the sourc-
es of scalar variance in SET, but it is always
explicitly so. Here it is not clear (a) whether
the Weber fraction increases or decreases or
(b) whether the functions in Figure 6 are a
result of a simulation with true variability or
are the result of some calculations on slopes,
as the text suggests.

Even on a qualitative level, it seems that the
MTS decay functions, which can approach ar-
bitrarily close to zero over a rather short
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range (see Gallistel’s commentary), must
pose processing problems for real live sub-
jects that have internal processing noise; for
example, constant threshold variance must
avoid negative threshold values as the MTS
subjective scale approaches zero. But truncat-
ing the threshold distribution at zero means
that it is no longer constant, and is less so the
closer the decay function is to zero.
Deterministic accounts are in principle er-
ror free, but a major thrust of psychophysics
for many years has been to understand sourc-
es of variability and error. We need to know
more about how errors are produced in this
system before an evaluation can be made. On
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its face, MTS appears to avoid the variance
problem by simply remaining silent.
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MODELING MODELING

PETER R. KILLEEN
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Models are tools; they need to fit both the hand and the task. Presence or absence of a feature such
as a pacemaker or a cascade is not in itself good. Or bad. Criteria for model evaluation involve
benefit-cost ratios, with the numerator a function of the range of phenomena explained, goodness
of fit, consistency with other nearby models, and intangibles such as beauty. The denominator is a
function of complexity, the number of phenomena that must be ignored, and the effort necessary
to incorporate the model into one’s parlance. Neither part of the ratio can yet be evaluated for
MTS, whose authors provide some cogent challenges to SET.
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If you think models are about the truth, or
that there is a best timing model, then you
are in trouble. There is no best model, any
more than there is a best car model or swim-
suit model, even though each of us may have
our favorites. It all depends on what you want
to do with the model. Nor are models theo-
reticians’ guns of domination, any more than
data are empiricists’ bullets of assault. War
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games can be fun, however, especially when
you do not have entangling alliances with the
principles, and can just watch them swat it
out. Will the grapplers or the punchers win
this year? It happens to empiricists too, failing
to replicate and sniffing about controls, but
somehow it is more fun when it is the guys in
suits, the guys who prefer In to log, the guys
who try to explain your data to you, are going
at 1t.

And it is a good thing for them to do, too.
Do you want to attempt to tell a Gibbon that
his integral is improper? Or a Staddon that
he might have one too many layers in his
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leaky cascade? Besides, if John *##**on shows
that John **#**on’s models are wrong or ir-
relevant, well, then, so much less for us to feel
guilty about not mastering; and if we wait a
few years, with any luck J*** H*** will upset
the survivor from this round.

So, what do we mortals hope to learn from
this paper, other than that, apparently, heavy
experimental equipment cannnot be operat-
ed after doing too many integrals? Perhaps
that conceptual analysis is always relevant, no
matter how mathematical a theory. Or how
verbal. Pictures, either explicit (e.g., Staddon
& Higa’s Figures 3 and 4) or implicit (e.g.,
Skinner’s reflex reserve, pictured in Killeen,
1988), are the foundation of models. They
are the skeletons that get muscled by math-
ematics and padded by words. Until recently
models were valued to the extent that they
had such a visualizable (anshaulich) founda-
tion (Miller, 1984). One is never wrong to re-
fer back to pictures for guidance.

Models are go-betweens: They go between
the data and our sense of understanding.
This is as true of Skinner’s models (e.g., the
three-term contingency, reinforcement, the
mand) as it is of the paraphernalia of timing.
To the extent that models fail to make con-
tact with the data or with our sense of under-
standing, they fail. In the first case their death
is quick; in the second, the models languish
until Burked by boredom.

If we sit out too many rounds, we might
wind up as mere paying spectators, couch po-
tatoes, Monday morning quarterbacks. This is
safer, retrospectively smarter, but ultimately a
less reinforcing posture. After all, it is we who
are paying them with our attention. This is a
game worth getting into.

And play we must, because all understand-
ing involves models—reference to systems
that exist in a different domain than the
thing studied. Loose models make vague ref-
erence to ambiguous or ad hoc causes. Tight-
er models are more careful about definitions
and avoid gratuitous entities. Models of phe-
nomena are not causes of phenomena; they
are descriptions of hypothetical structures or
functions that aid explanation, prediction,
and control. Their promulgators may believe
that such structures exist, or that they have a
particular instantiation, or that they were
sighted last year in the medulla oblongata; in-
teresting, certainly, but such beliefs are not
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what is most important about the models. A
model may be functionally brilliant without
being structurally enlightening. Such was the
case for Newton’s mechanics. To get to the
heart of a matter does not require that the
matter have ventricles.

Washing the Baby

To use models effectively, and to under-
stand those of others, scientists must undergo
some training. In many cases this means
studying some math. In The Behavior of Organ-
isms, Skinner (1938) formulated rich verbal
descriptions of acquisition, discrimination,
and extinction that presaged Hull’s more
mathematical treatments, and were directly
translatable into them. He inveighed against
the “paper dolls” of models only after his log-
arithmic extinction curves were criticized (by
Ellson, 1939). It was perhaps easier for Skin-
ner to throw out his model baby than to learn
how to bathe it. It is an advantage of a model
and its packaging, however—not a defect—
that its emissions and omissions can be dis-
criminated. Most other parents would have
held their breath and cleaned.

Staddon and Higa detect an odor arising
from Gibbon and Church’s baby, and don’t
like the way it is dealt with. “Too many layers
of diapers” they seem to say. But it ain’t their
kid, and because they are raising one of their
own, it is best just to sluice out the nest.

Watching the Baby

So, how about their neonate, the pacemak-
erfree model of timing? This issue records
the village tour, as we peer into the pram,
listen to the neighbors’ comments, and make
a few of our own. But the new infant is scarce-
ly old enough to have soiled itself, let alone
to have done much with its limbs; we will have
to judge it from its looks, not its parents’
promises. Analysis of its sibling (Staddon &
Higa, 1997) would be worthwhile; but this
one and its commentaries are already de-
manding enough, and we just do not have
enough attention left in our wallets, what with
the other game we hoped to catch. In fact, it
is easier to listen to the local gossip about the
kid than to study its features, and that is why
some of you skipped ahead to here just now.

Making Paces

So then, what about some of its parents’
claims for the multiple-time-scale (MTS)
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model: Is it possible to have a pacemaker-free
model of timing? What does a pacemaker add
that makes it worth having, and with what
have Staddon and Higa replaced it?

A pacemaker is a model generator. Say you
want to boil an egg for 4 minutes, and have
to decide when it is time to quench it. You
need to subtract the time of day you started
it from the current time of day, and compare
the difference to a model—a model of 4 min-
utes. A prosthesis helps. You can buy an egg
timer that is a sand clock; invert it and it takes
4 minutes for the sand to empty into the bot-
tom vessel. Inverting it resets the origin to
zero, and its completion represents a model
of 4 minutes.

If you want to grill a fish for 10 minutes,
you need a different model. Imagine a kitch-
en with a row of sand clocks, sitting under
the row of spices, ranging from a garlicky 15
seconds up to a turkey 4 hours. Hinged, per-
haps, to invert upon a touch. Quaint, but in-
efficient. There is a better prosthesis avail-
able: one of those wind-up timers that we use
to alert us when to change the pigeons. It
contains all of the sand clocks in a single por-
table device. Buy one of those, and you have
bought yourself a pacemaker. It can model
any interval up to an hour, and ring a bell as
a discriminative stimulus for you to leave the
meeting. Those are handy devices in collo-
quia, even if you do not have any pigeons
running.

‘What most clocks do, and what all accurate
clocks do, is make and measure paces. Water
clocks and candles do not have pacemakers;
they move a measured quantity of matter at
a relatively constant rate, and signal when it
is all gone. They are inaccurate. Mechanical
and electrical clocks meter the number of cy-
cles of an oscillator. They measure them by
mapping them to a spatial interval, such as
the circuit of the clock face; or they count
them by incrementing an integer, as do digi-
tal watches. The pacemaker is an oscillator, as
is anything that rotates or revolves or
swings—anything, that is, that can be mod-
eled as an oscillator.

To use the pacemaker, you need to count
or measure its output. The finer the scale and
the more accurate the period, the more mod-
el intervals you can generate. The earth is a
pacemaker. It rotates around its axis. Its
course can be subdivided with a sundial to
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time the day. Its rotations can be counted on
a calendar to time the year. Calendar reforms
have made this a fine art, primarily by know-
ing when to reset the year counter to main-
tain a correspondence between the months
and the seasons of the year, the latter gener-
ated by an independent pacemaker—earth’s
revolutions around the sun.

Counting them. Our location in time is re-
corded as years (from an arbitrary origin)
plus months plus days plus hours, and so
forth. Whenever a second elapses, our pace-
maker increments a seconds counter and re-
sets to zero; when that reaches 60 it incre-
ments a minutes counter and resets to zero;
when that reaches 12 it increments a p.m.
counter and resets to zero. And so on. This
is a counting cascade, with the output from
faster registers being passed to slower regis-
ters.

The Good News

Pacemaker-counter systems are a great in-
vention because the more oscillations you
count, the less important is accuracy in the
pacemaker. The subdivision of the period of
the sun by a sundial is inaccurate. Better to
multiply a fast oscillator than divide a slow
one. In a pacemaker-counter system, even the
worst pacemaker—one whose nth tick gives
absolutely no information about when its
next tick will come—can be part of an accu-
rate clock, if the pacemaker is fast enough.
The Poisson emitter is the mathematical
model of the worst possible pacemaker. It has
a constant probability of ticking at any instant
in time, and this probability is independent
of when the last tick occurred. If you count
enough of these ticks, however, you can be as
accurate as desired. In particular, your rela-
tive inaccuracy—the standard deviation divid-
ed by the mean—decreases as 1/\/n.

If T ask you to say when 10 seconds have
elapsed without use of a watch, you are likely
to count ‘“‘one-thous-and-one, one-thous-and-
two, . ...” You are counting quarter seconds,
which you produce by rhythmic motions of
mouth and tongue. This is more accurate
than if you just guessed. You are timing by
counting: You are using a pacemaker-counter
system. Skinner forgive, for you have just
gainfully employed one instantiation of the
insidious hypothetical construct, pacemaker. If
you refuse to play my game again and use
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your watch, well, by this point you should
know what I would say.

The Bad News

The Poisson system—the worst possible
constantrate pacemaker and the best possi-
ble counter—is mathematically a relatively
simple model. That is why it is used. It is a
subset of recurrent processes; you can replace
the Poisson emitter with a more accurate os-
cillator, and the relative accuracy will improve
further. But it cannot get worse. That is also
the bad news, because when animals time in-
tervals, their accuracy does not increase as
the inverse square root of the interval to be
timed. In fact their relative accuracy is rela-
tively constant. This is Weber’s law. It is also
a keystone of scalar expectancy theory (SET).
So, whereas the Poisson system is a good way
to model time, it is a bad way to model ani-
mals that time. To do that, the clock has to
be detuned.

Detuning the Clock

Where can error be added? The pacemak-
er is already almost as bad as it can get. One
way to make it worse is to add error to the
average rate of the pacemaker, a source of
variance invoked by SET. Another is to add
error to the counter. SET does that by having
the storage of the count add an error pro-
portional to the magnitude of the count. The
behavioral theory of timing (BeT; Killeen &
Fetterman, 1988) does it by having the pace-
maker run faster for shorter intervals and
slower for longer intervals, as though there
were a ceiling on how high the counter could
go. (The mechanism for this adjustment is as-
sumed to be the higher levels of arousal typ-
ically associated with the higher rates of re-
inforcement on short intervals.) Machado’s
(1997) learning to time (LeT), a continuous
version of BeT, also lets the speed of the pace-
maker vary with the interval to be timed. The
connectionist model of timing (Church &
Broadbent, 1991) adds error to a register of
counters that is proportional to the magni-
tude of the numbers they count.

Couching such models in mathematical
terms can be useful, because they can then
make more precise predictions that are sus-
ceptible to test. If they fail those tests, they
must be fixed or discarded. For instance, one
obscure mathematical model of pacemaker-

COMMENTARY

counter systems shows that under many dif-
ferent kinds of component error, the optimal
period of the pacemaker should be indepen-
dent of the interval to be timed; it predicts
the value of that optimal interval in terms of
the variances of the components; and it shows
that, under the stated assumptions, the origin
of Weber error must reside in the counter
(Killeen & Weiss, 1987).

Why maintain a pacemaker-counter model
if it must be fixed? Well, it is still a simple
model, and a simple model that is accurate is
much better than no model at all. All that is
required is the replacement of a simplifying
assumption (error-free counters) with a more
realistic one (error in counting). Many feel
that it is best to start with the simplest models
and adjust them only when the data require
it. This tactic keeps models understandable
until some of that simplicity starts to exact a
cost. Furthermore, the pacemaker-counter
system has some face validity, at least in the
realm in which intervals are long enough to
be counted. Finally, it has some ecological va-
lidity: All of the best clocks do it that way.

How MTS Works

How do Staddon and Higa get worse than
Poisson timing? They have a cascade of dif-
ferent interval timers, each of different (in-
creasing) natural periods (much like the egg
timers, arranged in order). The response out-
put is the positive difference between the cur-
rent input and the “memory” (Vj; their Equa-
tion 15). The effect of a single input decays
proportionally with its magnitude (Equation
16), which entails an exponential decay of its
strength. One such unit feeds into (cascades
into) the next, with the next having a slower
rate constant (a;).

The cascade acts as a low-pass filter. If tem-
poral stimuli are coming at high frequencies,
the earliest-fastest units in the cascade get sat-
urated, and that blocks the signals from get-
ting through to the slower units downstream.
The first-fastest do all the work: It is variance
in their level of saturation that accounts for
most of the variance in the animal’s response.
If signals come more slowly, the fast units are
not saturated when they recur; their response
output to the next level of the cascade is
therefore greater (Equation 15), and those
slower levels start to pick up some of the bur-
den. This is a good thing, because the accu-
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racy of any one level decreases exponentially
with its level of saturation. One can see this
by noting that the change in time corre-
sponding to a small change (error) in trace
strength V grows as dt/dV = e*/a. This is
much worse than Poisson timing; much too
much worse.

So, how do Staddon and Higa move in the
other direction, and improve model perfor-
mance to get better than exponential error?
The secret is in the cascade. By passing the
ball to the slower units at longer intervals, the
system can operate in a closer to optimal
range. Furthermore, by passing the ball most
forcibly when the units are most accurate
(Equation 15 shows that the signal strength
decreases as a unit saturates) the bad perfor-
mance near saturation is not propagated
downstream. Their Figure 6 shows that by se-
lecting the rate at which these downstream
units are slowed, one can generate a range of
Weber functions.

The MTS Counter

The MTS model is a counting cascade, with
the output from faster registers being passed
to slower registers. A start-time marker must
discharge all the units so they can start timing
an interval afresh, like a bar that restores all
the egg timers to upright. (The authors prof-
itably speculate on empirical consequences of
weak start signals.) It must simultaneously ini-
tiate a start pulse; because all registers have
been cleared, this will get through equally
(weighted by the b; parameters) to all units.
For the system to come to equilibrium, a se-
ries of input pulses must then be sent that
condition (fill) the various reservoirs, layers,
or units to their various asymptotic levels.

The state of each unit is summed by Equa-
tion 17. Whereas counters are digital all-or-
none devices, Equation 17 sums continuous
variables for a continuous aggregate memory
strength. It is more accurate to call the Stad-
don-Higa counter an “accumulator.” Same
function, slightly different capabilities: If you
count things small enough, then counters are
not discriminable from accumulators. In the
process of accumulation, MTS does not re-
tain information about the individual regis-
ters. Those are weighted (by the b parame-
ters) and summed. This is just as well,
because animals usually make binary tempo-
ral decisions and primarily need to discrimi-
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nate ‘“‘not yet” from “now.” Any more infor-
mation could be counterproductive.

This is a dynamic system, so it is not sur-
prising that it is path dependent: The effect
of a single time interval depends on those
which came before, and on the disequilibri-
um state of the system. To be understood, it
really has to be simulated. This is not hard to
do. Equations 15 through 18 are simple when
you work them through. Just pick a discrete
time interval small enough (say, 0.1 s) and
input timing signals at longer intervals (say,
10 s) and play with the parameters. Try it.
That is the only way you will understand it. If
it doesn’t work, you can blame the authors.
You might even get a publication out of it.

The MTS Pacemaker

MTS does not have a pacemaker. It has a
series of continuous modelettes of temporal
intervals (each of the layers) whose accuracy
decreases exponentially with the interval to
be timed. It is as though there were as many
pacemakers as layers, each with a different
resonance. This aspect is similar to the spec-
tral approach of Grossberg and Schmajuk
(1989) and the delay lines of Moore and Des-
mond (1992). The layers hum as an increas-
ing function of the proximity of the stimulus
to their resonant frequency, and the accu-
mulator sums the chorus. They achieve their
ability to predict Weber functions, as well as
functions not so Weberian, from the tuning
of this aeolian harp. Octaves (Figure 6, N =
2) do quite well. Deviations from a perfectly
horizontal line are also interesting, as they
may come closer to real data than a perfect
Weber’s law.

Do We Keep It or Go for the Hose?

The parents tell us that this kid is going to
grow up to be president, after having served
in the space corps and composing some tone
poems of local reknown. Furthermore, the
kid will be inexpensive to keep, not needing
a pacemaker, which the village can now sell
to a used clock shop up the coast. Best of all,
it is unsullied, so far. So, what do we think?

Nice thing is, a village needs more than
one model. And this one is quite different;
diversity is important, which we knew even
before our bureaucrats told us so, and re-
mains true despite them. But more than
models, a village needs teams: an MTS team
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and an SET team and an LeT team. The MTS
coaches have scored some points on the SET
coaches, but we have yet to see how well they
can defend their own goal. It is worth nur-
turing this little model for a while; see if it
lives up to its parents’ expectations. It has the
potential, but more players are desperately
needed for a meaningful competition.

Modeling Modeling

To think about models, we need models of
the process; restrictions on form and criteria
for success and handicapping for assump-
tions. We have yet to evolve consensus on this
most central preoccupation of scientists. I
think of models as structures that exist in a
domain different than the subject, and are
constructed according to design principles
that are dictated by theories. Parsimony (sim-
plicity), power (the range of phenomena that
can be covered), and accuracy (not too many
mispredictions or omissions) are all impor-
tant. But so also is excitement, the sense that
models are comprehensible and testable, and
that each of us can use them to score goals
of our own. Science has many game-like as-
pects; if we model it as a game, with referees,
teams, rules, matches, prizes, and penalties,
we can come to some important conclusions:
One match is not a season; a loss is less
shameful than refusing to play; clear rules
and agreed-upon goals are important; unbi-
ased referees are essential. Perhaps most im-
portant, it is not a zero-sum game. Models
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that can take the field are to everyone’s ad-
vantage; contests such as this will not only im-
prove all teams, but they will draw partici-
pants from other domains to refresh the
experimental analysis of behavior.

Now then, anyone for an expansion team?
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THE WHIRLIGIG OF TIME:
SOME THOUGHTS ON STADDON AND HIGA

JACK MARR

GEORGIA TECH

Staddon and Higa’s theory of timing finds analogy with physics’ concern with the relativity of time
and irreversible processes. Their model raises general issues about the nature and function of models
and, specifically, the extent to which it has captured the stimulus events in temporal control.

Key words: memory, models, relativity, timing

The time is out of joint. O cursed sprite,
That ever I was born to set it right!

Hamlet’s lament may echo many of those re-
searchers who have taken up the task of un-
derstanding the nature of time itself. Time as
an entity of scientific concern has largely
been the province of physics, where time
stands as one of the four fundamental dimen-
sions along with length, mass, and charge,
whose combinations define virtually all other
physical variables. Yet, time remains the most
mysterious and contentious of the set. Two
major issues have vexed the physicist. Both
were raised by Newton who asserted the ab-
solute quality of time, and, moreover, in cre-
ating ‘““a system of the world,” founded a
physics where time had no direction. The ab-
soluteness of time was challenged and re-
solved by Einstein, who showed that measures
of time were dependent on states of motion.
The second, that of understanding nature’s
ubiquitous irreversible processes in the face
of a temporally reversible mechanics, is still a
hotly debated issue (e.g., Coveney & High-
field, 1990; Davies, 1995; Price, 1996). The
relativity of time and temporal irreversibility
are both touched by the contributions of be-
havior analysts and others to the psychophys-
ics of temporal control. Staddon and Higa’s
article reflects this in ways I will try to point
out.

The relationship of psychophysics to rela-
tivity theory is only metaphorical but I think
conceptually useful. Let us confine ourselves
to special relativity for the sake of simplicity,
although that is not a requirement. Special
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relativity is founded on only two postulates:
(a) The speed of light is a constant indepen-
dent of the uniform motion of the observer,
and (b) the laws of physics hold indepen-
dently of the uniform motion of the observer
(general relativity extended these postulates
to nonuniform motion). From these two pos-
tulates, the Lorenz transformation can be de-
rived, which yields values of fundamental
units of length, mass, and time for observers
moving relative to each other. For example,
the time ¢ in one inertial frame, K, can be
determined from another K, at any time ¢, by
a multiplicative factor that depends on the
relative velocity of the frames. The scale with
velocity is essentially hyperbolic. A key point
here is that there is no privileged frame. As-
suming each has a proper clock, both have
the correct time relative to their frame of ref-
erence, and there is no ‘“‘true’ time outside
to serve as an absolute standard. The same,
of course, is true of the other fundamental
measures.

Psychophysics and extensions into the gen-
eral domain of temporal discrimination and
differentiation deal with the question of what
transformation rules apply to carry us from
the experimenter’s frame to the subject’s
frame and back. Another way of looking at
this question is how does the subject scale the
variables thrown at it by the experimenter. Al-
though experimenters may think they have a
privileged frame, they do not; they simply
have another scale, and often a crude one at
that. The term psychophysics has implied to
some the description of a field devoted to un-
derstanding the relationships between the
“physical” world and a “mental” world, and
thus is reflective of a dualist position even if
unintended. But all we are concerned with
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here is physical in the sense that the organ-
isms we study are as physical as the clocks we
study them with. Moreover, perhaps by deter-
mining the transformation rules between one
mechanism and another, we might under-
stand how each works. In the typical experi-
mental arrangement, we take for granted one
scale or mechanism, say, a laboratory clock,
and use it as a calibrated gauge to study the
scaling and possible mechanism of our ex-
perimental subject.

Now, one may assume that because we use
and understand the mechanism of our gauge
or standard, the experimental organism pos-
sesses a similar gauge that it then uses to
transform our imposed values into its own. In
other words, if we impose a temporal contin-
gency, discrimination or differentiation, upon
an organism, it must then consult its own
clock and report back its readings to us. Thus
begins the search for the internal clock. It is
easy to see why the notion of an internal
clock is so seductive. The construct is a sort
of copy theory in the same way we might at-
tempt to understand how we see by putting a
picture of the world in the head that we then
look at from the inside. Similarly, to under-
stand how the behavior of an organism might
come under control of a putative temporal
contingency, theories like those of Church
and Gibbon (e. g., Church, 1989) endow the
creature with an internal clock. The research
program is then devoted to understanding
the properties of this clock. With this com-
mitment, the clock must require a host of
other constructs to make it work: a gate, an
accumulator, and an interplay between a ref-
erence memory and a working memory sys-
tem through a comparator. Despite this ro-
coco structure, we are still unable to
determine how the clock or any of the other
constructs are activated or controlled. How is
the clock read? How does this system instigate
behavior? One might build a program or de-
vice with all these features, including the
missing functions, but this kind of model has
no particular biological reference or signifi-
cance. More significantly, as Staddon and
Higa argue masterfully, the model does not
consistently work. All the Ptolemaic epicyclic
fiddling to make the model fit only diminish-
es its credibility.

In the absence of this fiddling, the model
does not generate the proper transformation
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rules. Analogous with relativity theory, what
these rules are depends on the contingencies
imposed and the contexts in which they op-
erate, as Zeiler (in press) has emphasized.
This is not surprising. For example, in tem-
poral differentiation, one tries by various pro-
cedures to make the organism into a clock;
in temporal discrimination, one tries by vari-
ous procedures to see how good a clock the
organism can be. Is it any wonder the scaling
is not comparable? Adding more and more
internal clocks to account for the varieties of
findings is clearly not a satisfactory strategy.

An internal clock is not per se implausible.
There is substantial evidence for several such
clocks to help account for various infradian,
circadian, and ultradian cycles. The clocks
themselves appear to result from dynamic
limit cycles in protein synthesis that, in turn,
control neural or hormonal activity. At least
some of these clocks may be entrained by ex-
ternal stimulation (zeitgebers), showing that
different rhythms or phases of the same clock
may be generated depending on the environ-
ment. A shift in sleep time with significant
changes in time zones is a familiar example.
Those who advocate an internal clock to ac-
count for the effects of a temporal contingen-
cy could view such a contingency as a kind of
zeitgeber that entrains behavior to conform
more or less to the ongoing requirements.
One metaphor is resonance as we tune a ca-
pacitor in a radio LC circuit to receive a de-
sired frequency. Another metaphor is a cou-
pled pendulum system wherein the motion of
one pendulum entrains the motion of anoth-
er. How useful such metaphors might be for
developing models of timing remains to be
seen.

Staddon and Higa provide a model based
on an RC circuit called an integrator (also
known as a low-pass filter). Equivalent circuits
in neurons and synaptic junctions control
neural integration. As the name implies, in-
puts to such a circuit are integrated via a
charging capacitor. The output depends on
the shape and frequency of the input signal
and on the time constant of the capacitor.
These devices may be cascaded using capaci-
tors with different time constants to yield the
sort of properties Staddon and Higa require
to conform to some available data. This tech-
nique is, of course, another kind of fiddling
to make things fit. If the data do not fit with
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n such units, then make it n» + 1. This, of
course, piles parameter upon parameter. At
least, Staddon and Higa might argue, their
model only comprises one kind of device. This
limits the model’s applicability as they acknowl-
edge. For example, the model cannot account
for what surely is the most interesting property
of performance under fixed-interval (FI)
schedules—the temporal patterning. I would
be curious how Staddon and Higa might ap-
proach the scale-invariant properties of fixed-
interval patterning shown by Dews (1970), or
his “Cheshire cat” phenomenon using multi-
ple S%s (Dews, 1962). There was also no treat-
ment of interresponse-time (IRT) schedules, ei-
ther properties of IRT distributions or the
power law relations between IRT requirements
and emitted IRTs (see, e.g., Zeiler, 1979). With
schedules like IRT > ¢, reinforcers occur ape-
riodically, and thus a leaky integrative system
like the one proposed would have to be mod-
ified to include a response memory. Also with
IRT > tand FI ¢, as well as many other contin-
gencies, models will have to deal with variations
in responding controlled or induced by the dy-
namic interplay between patterns of behavior
and patterns of reinforcement.

The role of a memory system touches the
topic of temporal irreversibility, the second
contentious issue mentioned above in the at-
tempts to understand the nature of time. Stad-
don and Higa do not waste much time, how-
ever, on the most salient manifestation of
irreversibility, namely learning or acquisition,
but rather assume all that has already taken
place. The Staddon and Higa model is based
on a “memory-as-stimulus” principle; in other
words, salient events produce a temporary state
in the organism that varies with time. Values of
that state constitute a stimulus that controls
when responding will occur. Conceptually, this
sort of model suffers from the same problems
encountered by its alternatives, namely how do
states, traces, counts, and so forth, become be-
havior? Perhaps the question is not quite fair,
because we rarely have the answer to this ques-
tion regarding any physiological process. Nev-
ertheless, in this model, there is no particular
push for physiological plausibility. The issue
here is whether an analytical account requires
a commitment to any particular picture, for ex-
ample, a fantasy physiology. Indeed, the advan-
tage of a mathematical account is that, once
developed, it may be relatively free of pictures.
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Maxwell’s equations, once formulated, no lon-
ger depended on Faraday’s lines of force or
Maxwell’s own hydrodynamical ether machine
(see, e.g., Marr, 1993). What is essential to a
successful model is a pattern of functional re-
lations that properly encompasses the measur-
able variables of interest. A picture may be but
a heuristic crutch, and a dangerous one at that.
Such pictures are all too often taken literally.

I mentioned earlier the possibility of build-
ing a device as proposed in the Church and
Gibbon account. So one might with the Stad-
don and Higa model. This reflects the engi-
neering aspect of modeling; that is, the mod-
el may be instantiated in an actual device that
displays the needed properties. The model it-
self is, of course, derived from known prop-
erties of such devices. Many different models
may be analytically equivalent, so in the ab-
sence of understanding the real organism,
perhaps one should be free to use any device
that works. But such an approach could not
be considered organism based, in the sense
that Staddon has advocated in earlier papers
(Marr, 1993; Staddon, 1993, 1997).

I am unclear as to the nature of the stimulus
that controls behavior in the Staddon and Higa
model. Indeed, the long history of the behavior
analysis of timing has not provided much en-
lightenment on this issue, regardless of theory.
Catania (1970), in his classic paper on timing,
asserted that “Duration, like frequency, inten-
sity, or spatial extent, is a discriminable prop-
erty of stimuli” (p. 36). But what sort of feature
is duration? And what of time itself? If the only
property of time is that it has duration, then
this leads us to the pointless conclusion that the
only property of time is time. Years ago, the
philosopher Jack Smart argued the illusory
character of the “temporal stream.” How fast
does it flow? Presumably one second per sec-
ond! Moreover, as the physicist David Park
shows, it is impossible to perform an experi-
ment demonstrating the passage of time (for a
discussion of these points, see Davies, 1995).
Relativity teaches us that we dwell in a space—
time continuum; time no more flows than does
length. Time can only be keyed by events. In
Emily Dickinson’s words, “Forever—is com-
posed of Nows.” Less elegantly, time is just one
damn thing after another. Control via time is
control by events, including behavior itself. A
clock is a generator (“tick-tock”) or marker
(“October”) of events. Both the Church—Gib-
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bon and Staddon-Higa theories acknowledge
the equivalence of timing and counting. What
remains perplexing and elusive are those
events that control the sorts of behaviors Stad-
don and Higa and all the other clever research-
ers in this domain have attempted to capture.
The rest of us may exclaim in Viola’s words
from Tuwelfth Night:

O Time, thou must untangle this, not I;
It is too hard a knot for me t’ untie!
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TOLERANCE IN A RIGOROUS SCIENCE
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Scientists often evaluate other people’s theories by the same standards they apply to their own work;
it is as though scientists may believe that these criteria are independent of their own personal pri-
orities and standards. As a result of this probably implicit belief, they sometimes may make less useful
judgments than they otherwise might if they were able and willing to evaluate a specific theory at
least partly in terms of the standards appropriate to that theory. Journal editors can play an especially
constructive role in managing this diversity of standards and opinion.
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Staddon and Higa’s paper is one of most
stimulating and provocative I have read for
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some time in the literature on timing. I hugely
enjoyed reading it, and I strongly supported its
publication. I did not do this because the the-
ory seems true, because it addresses core tim-
ing data that I believe any theory of timing
must address, because it best satisfies a law of
parsimony, and especially, I did not support
publication because reading the paper con-
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vinced me of anything in particular. Generally
speaking, I supported it because I found it in-
teresting, and I suspect it will stimulate thinking
about what timing is and about how timing is
related to other processes, such as memory dy-
namics. Also, I see the introductory section as
a model of constructive conceptual analysis and
as virtually a defining exemplar of the idea that
to understand a theory one needs to under-
stand its historical development. I also see the
new model as one the appreciation of which by
many researchers will require tolerance for a
view which is legitimate but not in any way yet
proven to be true. My comments address a few
issues related both to peer review in general
and to the evaluation of Staddon and Higa’s
article specifically.

Historicism: Knowing the Historical
Development of a Theory Is Part of What
It Means to Understand the Theory

I especially like the introduction section, in
which scalar expectancy theory (SET) is con-
ceptually and historically analyzed. In my
opinion, an historical analysis can clarify the
theoretical choice points encountered in the
development of a theory, can clarify why a
theory has assumed its current form, and can
suggest possible alternatives. History can be
read in many legitimate and different ways,
however, so it would not be surprising or dis-
concerting if, for example, the actual authors
of SET deny having made the choices Stad-
don and Higa attribute to them.

Staddon and Higa’s historical analysis re-
minds me of a tradition including Vico, Goe-
the, Hegel, Nietsche, Hanson, Kuhn, and in-
creasingly many contemporary scholars. This
historicist tradition highlights processes of
change in science, and suggests that an ahis-
torical sketch of a momentary condition of a
science, such as its current condition, no mat-
ter how brilliant its logic, can only hint at what
the science is all about. Some researchers may
be impatient with what to them might be an
irrelevant and distracting historical analysis, but
such a positivist and ahistoricist position seems
now on the defensive after its long hegemony
during much of the 20th century. I also see
Staddon and Higa’s position as being compat-
ible in this sense with Skinner’s own historicist
position, according to which to understand be-
havior one must look to its history.
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Parsimony: Simplicity Might Be a Good
Thing, If We Knew What It Meant

Theorists often invoke parsimony when
they describe the virtues of their work. I do
not ever recall a theorist proudly proclaiming
his or her theory to be complex. But what is
parsimony? If a theory involves 6th grade al-
gebra, then we read the claim that elemen-
tary algebra is simple and accessible and
makes clear predictions consisting of smooth
and simple curves. If a theory involves non-
linear differential equations for which one
must resort to numerical approximations,
then we read the claim that this complexity
is more than justified because the theory
deals with critical issues of behavior dynamics
in a clear and, yes, simple way, considering
the spectacularly difficult nature of the prob-
lem. And, even if a theory is so transcenden-
tally complex that computer simulations can
scarcely describe its behavior, then we still en-
counter the claim that the theory is parsi-
monious because, even though it is admitted-
ly complex, it can address otherwise entirely
inaccessible issues of correspondingly tran-
scendent importance. The common claim in
this case is that in the long run, the theory
will be seen to be more elegantly simple than
cumbersome elaborations originating in sim-
pler assumptions.

Classic examples of this latter type of par-
simony include the Copernican heliocentric
conception of the solar system, as opposed to
the initially simpler Ptolemaic geocentric
conception, and within psychology, the hier-
archical conception of the structure of mem-
ory as opposed to the initially simpler linear
conception. In short, parsimony seems to de-
pend on the eye of the scientist and on the
historical context. What is simple to one the-
orist is oversimplified to a second and per-
versely complicated to still a third. The com-
plexity of simplicity has been explicitly
addressed (Harper & Hooker, 1976; Nerses-
sian, 1987; Sober, 1975, 1988). I would expect
to see some critics dispute whether Staddon
and Higa’s theory is appropriately simple:
Some might see it as too simple and others
as not simple enough.

Truth: Truth Might Be a Good Thing,
If It Means More Than Tradition, Uniformity,
Standardization, Convention, Conformity, and
Strongly Held Opinion

“Truth” can justify, in my opinion, a sci-
entific form of intellectual intolerance when
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scientists act as though they believe they know
what is true, or as though their beliefs are
objective and value free. The neutral objec-
tivity once attributed to science has been
challenged by a realization that science is of-
ten, and perhaps even always, value laden, im-
plying, among many other things, that a the-
ory may carry with it its own evaluative
standards. The history of behavior analysis
shows several occasions on which, in my opin-
ion, these two conceptions of science, either
as theory laden or as objective and theory
neutral, are clearly revealed (Hineline, Sil-
berberg, Ziriax, Timberlake, & Vaughan,
1987; Shimp, 1990; Williams, 1990).

Evaluation can be unaware self-portraiture
if a reviewer sees someone else’s scientific
contribution only through the lens of his or
her own perspective. This seems to happen
frequently. Authors may be trapped on tilted
playing fields when this happens: They have
to defend their own theories against review-
ers’ evaluative standards, which are likely to
derive from subtle differences in unstated
metatheoretical views between authors and
reviewers. I expect a goodly part of the overall
commentary of Staddon and Higa’s article
will consist of indirect measures of the differ-
ence between their evaluative standards and
theoretical goals on the one hand and those
of their reviewers on the other. This is a dif-
ficult problem, because a reviewer may be-
lieve to be only upholding standards, not in-
flicting the reviewer’s own personal standards
on someone else. In any case, it is not uncom-
mon to find a scientist evaluating someone
else’s theory as though it were a misguided,
errorridden, weak, confused application of
his or her own values and standards, rather
than as an altogether different approach, or
even as an attempt to break away from those
very values and standards.

Another issue related to the role of “truth”
in evaluation is that of conformity and stan-
dardization. I once wrote a theoretical article
that I thought had the virtue of developing
new and importantly revealing types of data
by which the theory could be evaluated. A
reviewer, however, denounced these novel ap-
proaches on the grounds that once one be-
gins to consider new predictions involving
unfamiliar types of data, it is not clear where
it all will lead. The criticism was that it was
not clear how we could preserve our rigorous
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standards if we begin to permit all sorts of
novel predictions involving unfamiliar data
and requiring unfamiliar evaluative stan-
dards. That, of course, was my point, but
from the opposite side of the fence. I thought
that we should not let a science stagnate on
behalf of preserving standards and confor-
mity, which might be in the end, for all we
knew, arbitrary and counterproductive. I saw,
and still see, this particular review as the sci-
entific equivalent of a culture that suppresses
and disparages nonstandard approaches.
Some scientists, like some members of socie-
ty, seem to fear diversity. Interestingly, it has
been suggested that one of the prominent
characteristics of a science is both that it sup-
presses novelty and that it has sufficient the-
oretical depth and clarity that it guides ex-
perimental research in ways intuition may
find obscure, irrelevant, arcane, or even
meaningless (Kuhn, 1970). I would like to
suggest that it might be constructive to ac-
knowledge and even to encourage the devel-
opment of new alternatives. Why not try to
develop a science of behavior so that it can
benefit from, rather than suffer from, intel-
lectual diversity? In short, I would not be sur-
prised to find that commentary on Staddon
and Higa’s theory includes suggestions that it
fails to address the ‘“‘correct” data, where
“correct” is defined with respect either to
currently dominant theories of timing or just
plain intuition.

Who Cares If a Reviewer Is Not “Convinced”?

How often has an author read that a re-
viewer is “not convinced”’? This implies that
peer review has uncovered some kind of
weakness, as in logic, in the degree to which
an argument is buttressed by relevant data,
and so on. For a reviewer not to be convinced
is a horrible thing. But wait! Just how bad is
it? Consider two not uncommon cases: (a) A
reviewer has worked for years on a theory
radically different from the author’s, or (b)
the reviewer is deeply suspicious of all explicit
theory.

In either of these cases, the observation
that an author’s argument is “not convinc-
ing” sounds like a neutral and direct judg-
ment about the author’s argument. Perhaps
instead, however, it is an indirect means of
describing the reviewer’s own views. One
scarcely ever sees a reviewer acknowledging
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what personal criteria are used to determine
what is convincing. The art and science of
persuasion are extremely complex (Austen,
1818/1972; Myers, 1990; Petty & Cacioppo,
1981). Persuasion may be no clearer as an
evaluative tool than simplicity is.

For the reasons I have described, among
many others, I am not convinced that it
should matter much whether a reviewer is
convinced. Do we expect an advocate of one
theory to be convinced by another, especially
one that might attack or undermine the re-
viewer’s own approach? Do we really believe
that reading a paper submitted for publica-
tion might convince a reviewer along the fol-
lowing lines? “Oh well, here I have worked
all these years to advance the theory of (what-
ever), and now I see clearly that I was wrong
all this time. This new theory convinces me
that one of the most important parts of my
theory is wrong. Starting tomorrow morning
I had better just start all over again from
scratch. Thank goodness this new theory con-
vinces me my own theory is really dumb.”
Perhaps more likely is something like, “What
a dumb theory this person X is trying to de-
velop. It’s really too bad, and a terrific waste,
that theorist X can’t see that these are the
wrong data, the wrong methods, the wrong
analytical tools, the wrong logic, the wrong
concept of parsimony, the wrong (whatev-
er).” I would not be surprised to find Stad-
don and Higa’s theory criticized on the
grounds that one or more reviewers are not
“convinced.”

In addition to these two cases in which a
reviewer might fail to be convinced, there is
a third case that is so common it needs at
least passing mention. That is the case in
which mechanical hypothesis testing replaces
common sense and professional and scientif-
ic judgment. In my opinion, more counter-
productive nonsense has been written about
the objective virtues of falsificationism and
hypothesis testing, especially in the context of
the use of classical inferential statistics, than
in any other situation in which behavioral sci-
entists decide whether a position is “convinc-
ing.” Fortunately, behavior analysis has regu-
larly drawn attention to this issue, perhaps
more so than any other branch of behavioral
science, so there is no need to belabor the
point here.
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Tolerance

In summary, perhaps sometimes it might
be fruitful, given the diverse ways good sci-
ence is conducted, to acknowledge that when
we evaluate an article for publication, there
are lots of potential problems with the eval-
uative standards of standardization and con-
formity, undefined “simplicity,” whether a re-
viewer is “convinced,” and ‘“testing” this or
that. Here are a few tentative rules of thumb
that I suggest might help to promote greater
intellectual tolerance in peer review of theory
in behavior analysis. To begin with, try to
adopt the author’s point of view, if possible.
Ask if a theory is coherent, imaginative, and
rigorous from the author’s point of view. Ask
about the extent to which a theory integrates
empirical phenomena that are otherwise un-
related. Ask if the theory seems to have the
potential to be developed, articulated, and
generalized. Ask if the theory integrates data
that otherwise seem unrelated. Ask if the the-
ory reveals how data that are intuitively un-
important are actually theoretically diagnos-
tic. In short, struggle to see the world from
the author’s point of view.

There is an intentional ambiguity in the
previous paragraph. Who is supposed to
adopt these rules of thumb? An author in the
process of evaluating a theory other than the
author’s own? A reviewer? An editor? A read-
er? My feeling is that there is a need for great-
er tolerance overall, yet the very tolerance I
recommend probably needs to permit au-
thors and reviewers to express strongly held
and, in fact, intolerant opinions. The chal-
lenge is for the management of peer review,
as in editorial decisions about how to handle
divisive and controversial opinions, to simul-
taneously maintain rigorous standards and in-
tellectual tolerance. The editorial challenge is
not entirely unlike that which faces a nation
wishing to preserve the highest standards of
humanity while preserving the rights of in-
dividuals to disagree about what those very
standards should be.
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TIME WITHOUT CLOCKS

MICHAEL D. ZEILER
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Staddon and Higa show that the ability to time events derives from principles of memory rather than
from an internal device for measuring the duration of events. This insightful timing theory is par-
simonious, fits the data, has potential widespread generality, and is evolutionarily plausible.
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After more than 20 years in the limelight,
scalar expectancy theory is in trouble. Not
only has it sprouted seemingly infinite param-
eters that make it inelegantly cumbersome,
but the embroidery no longer allows it even
to predict Weber’s law. Staddon and Higa ex-
plain why scalar expectancy theory may be
neither internally consistent nor even solidly
conceptually based.

Maybe this is the ultimate fate of any the-
ory that firmly maintains its essential truth in
the face of all data and simply adds what
seems necessary to handle discrepancies. Has
such a Ptolemaic endeavor ever worked? Per-
haps a successful example can be found in
the history of science, but none comes to
mind. In psychology, Hullian learning theory
also finally fell of its own weight, even though
a better alternative never appeared. But, sca-
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lar expectancy theory has an even more se-
rious problem. Its seemingly endless collec-
tion of cycles and epicycles are replaced by a
remarkably simple theory that invokes no
timing processes at all. Staddon and Higa not
only analyze the shortcomings in scalar the-
ory; their far simpler theory explains more
data more precisely. This indeed is an excit-
ing advance in our understanding of how an-
imals deal with timing problems.

Scalar theory never was comprehensive.
Staddon and Higa mention that the propo-
nents of the theory have ignored the large
body of data available on cyclic interval
schedules. Scalar theorizing also has ignored
most of the published data on temporal dif-
ferentiation. The shortcoming was evident
even in the first scalar timing paper (Gibbon,
1977), and it has not been remedied since.
The theory predicted a linear relationship be-
tween the duration of a behavior pattern and
the time requirement put on that duration,
but the only data discussed were the few that
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fit the prediction. Most of the data showed
that the relation actually was described by a
fractional-exponent power function (expo-
nents between 0.5 and 0.8 rather than the
predicted 1.0), whether the standard was tak-
en as the duration requirement or the dura-
tions that actually were followed by the rein-
forcing stimulus.

Staddon and Higa have accomplished such
a perceptive critical analysis of scalar expec-
tancy theory that nothing more need be said.
My own comments begin with a reflection on
the nature of contemporary behavior theory.
Both the Staddon-Higa memory model and
internal clock models share an emphasis on
what animals bring with them in interacting
with their environment, even though they dif-
fer in what these processes may be. Hypoth-
esized properties of the animal interact with
environmental demands to determine behav-
ior. Behavior-analytic theory has often scru-
pulously avoided processes internal to the an-
imal. The importance of history in
influencing current behavior is well recog-
nized, but history is treated as effects of var-
iables imposed on the animals in the past
rather than as those events filtered through
an animal. In that type of theory, animals be-
come vehicles for displaying how variables ex-
ert their effects on behavior rather than be-
ing the processors of environmental events.
From the vehicle perspective, invoking either
memorial processes or internal clocks is
meaningless in explaining behavior. Tempo-
ral regularities in behavior are attributed to
temporal regularities in the environment, not
to the measurement of those temporal events
by an internal clock and the translation of
those readings into action. Nobody attributes
the regularity of a pendulum to the pendu-
lum’s time sense or to its memory, so why
attribute the temporal regularity of an ani-
mal’s behavior either to a time measuring de-
vice or to a memory process?

But explaining behavior patterns solely as
the outcome of the present and past environ-
mental events that result in their appearance
is to treat behavior as a purely physical system
that is divorced from biology. No biological
activity can be understood just by citing the
environmental conditions under which it oc-
curs. Explanations require a full understand-
ing of what animals bring with them in their
dealings with the environment. The impor-
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tance of the animal is highlighted in the the-
ory of evolution by natural selection, where
animals inherit processes that have enabled
their species to adapt to the environment. A
biological approach to behavior treats the en-
vironment as the poser of adaptive problems
that the animal solves with its internal re-
sources. Environments occasion behavior;
they do not produce it by themselves.

Memory decay occurs in the animal, not in
the environment. As such, it is an inferred
process. As a start in identifying its properties,
Staddon and Higa draw on the characteristics
of habituation, which is defined behaviorally
as the waning of reflexive responding to the
same stimulus when it is presented repeat-
edly. Their model to explain habituation, and
thereby to explain memory decay in general,
invokes other internal processes like reflex
strength, a leaky integrator, and memory-
trace strength, all tied together into a rela-
tively simple and straightforward quantitative
model. They go on to extend their approach
to a multiple-time-scale model that follows
the same principles. The result of even their
preliminary efforts is the ability to integrate
a considerable range of phenomena with this
plausible model of event memory.

Why is this model any better than one
based on an internal clock? One reason is
that the memory model pulls together what
would appear to be unrelated data without
any need to introduce a novel concept such
as an internal clock. The internal clock con-
cept has been invoked only in the context of
temporal control, whereas the memory mod-
el has much broader scope. That it can ex-
plain the timing data without reference to an
internal time measuring device is both un-
expected and impressive. Another reason is
that the memory model contains intrinsic
non-ad hoc principles for explaining why tim-
ing, as well as other behavioral phenomena,
should differ substantially depending on the
precise conditions under which it is studied.
Theories based on internal clocks, which
have largely ignored such data, probably
could deal with these experimental results
only by invoking arbitrary fitting parameters.
A third reason is that consideration of the ev-
idence suggests that organisms have not
evolved with an internal clock that they use
to judge time. The remainder of this paper
deals with that issue.
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An internal clock presumably records the
duration of events and allows behavior to ad-
just to those durations. The focus of the Stad-
don-Higa paper is on interval timing, that is,
on the animal’s ability to judge the duration
of a stimulus or to estimate the time between
successive events (Carr & Wilkie, 1997). Evo-
lution probably did not have our laboratory
procedures in mind when designing a clock
to handle interval timing. Evolution had no
way of “knowing” what events would have to
be timed and what the specific intervals
might be. So, if the laboratory taps into abil-
ities and processes that influenced survival
and reproductive success in the history of the
species, our procedures must invoke interval
timing processes that evolved for handling
other situations in which the events to be
timed were essentially arbitrary and thereby
unpredictable from one individual to the
next. If the same clock services all or even
many of these potential situations, it must op-
erate independently of the particular events
being timed. An alternative is that the clock
is domain specific rather than domain gen-
eral. If that is the case, theories based on a
general-purpose internal clock are simply in-
adequate to cope with reality and at best must
be qualified in terms of the situations to
which they apply. Existing theories based on
internal clocks seem to opt for enough do-
main generality as to make them blind to the
possible need for such qualifications. The
consequence is that consistency in the prop-
erty of the internal clock should appear
across different situations.

The following data are discussed in detail
elsewhere (Zeiler, in press), so are only sum-
marized here. Temporal differentiation re-
quirements have been applied to different
kinds of behavior. In every case, the particu-
lar response or sequence produced different
conclusions about temporal differentiation,
and different temporal properties of the
same response yielded different conclusions
as well. A similar divergence in characteristics
of timing has been seen when different as-
pects of behavior are considered in the peak
procedure. That is not all. Most experiments
have shown that the properties of timing in
temporal differentiation did not correspond
with those seen in temporal discrimination.
This was also the case with differentiation and
discrimination versions of the temporal bisec-

COMMENTARY

tion procedure. When the durations to be bi-
sected were raised to a power such that these
power means matched the bisection point,
the majority of discrimination procedures
yielded positive exponents, but differentia-
tion procedures yielded negative exponents.
Experiments on both temporal differentia-
tion and temporal discrimination have com-
pared behavior in closed and open feeding
economies. In either case, properties of tim-
ing varied considerably, and functions even
reversed their direction depending on the
particular feeding economy. For example,
Weber fractions rose with longer time re-
quirements in the open economy, but they
decreased with longer requirements in the
closed. All of these results sound more like
domain specificity than an evolved interval
timing system driven by a general-purpose in-
ternal clock.

Such observations fit the hypothesis that a
general-purpose mechanism for dealing with
interval timing has not evolved or, if ever pre-
sent, did not survive over the course of bio-
logical evolution. Why should such a mecha-
nism have evolved? It is not easy to find
examples of a serious need for interval timing
in the everyday life of humans, and it is even
harder to come up with examples of interval
timing in other species. Basic biological func-
tioning does not require animals to keep
track of time, because other stimuli are avail-
able to indicate when to eat, when to sleep,
when to wake up, when to mate, when to
avoid predators, or when to tend to offspring.
The situation is quite different for humans,
but that is because of their unique depen-
dence on certain types of social interactions.
People need to know about time in order to
coordinate their behavior with others, yet
people do not do very well in meeting their
temporal needs without the support of exter-
nal mechanical or electronic timekeeping de-
vices. “Without [a common language of time
measurement] and without general access to
instruments accurate enough to provide uni-
form indications of location in time, urban
life and civilization as we know it would be
impossible. Just about everything we do de-
pends in some way on going and coming,
meeting and parting” (Landes, 1983, p. 2).
But even social animals like chimpanzees and
gorillas do not seem to schedule meetings or
meet their children based on temporal con-



COMMENTARY

siderations. Concern with time is distinctly
human, and the necessary internal devices
for meeting such demands are either non-
existent or are grossly inadequate. Astrono-
mers and navigators always needed to know
about time, but their own inherent resources
could not do the job satisfactorily. If we could
deal with time adequately without them,
watches and clocks would not be so important
to us.

I am suggesting that an internal clock for
judging and measuring time never evolved at
all. Maybe mechanisms for judging time in-
tervals never existed to be selected and re-
fined, or maybe an incipient internal clock
was uneconomical because it served no im-
portant purpose. So how can the animals in
our experiments display such lawful behavior
when subjected to temporal demands? What
Staddon and Higa have shown so eloquently
and rigorously is that a clock for interval tim-
ing is unnecessary for animals to show the
kind of behavior that others have interpreted
as indicative of control by time. The general
processes of memory are sufficiently flexible
and powerful to produce such apparent sen-
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sitivity without reference to any sort of spe-
cialized timing system. This is a major break-
through in our understanding of how
behavior comes under temporal control.

Staddon and Higa have taken a big step
forward in the direction of an economical
and general theory of operant behavior.
Their ability to deal with timing without an
internal clock may well lead to a comprehen-
sive domain-general theory of adaptive be-
havior and thereby does not require special-
ized processes for each situation. The future
is bright, albeit clockless.
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