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Abstract Inspired by Spence’s seminal work on trans-
position, we propose a synthetic approach to understanding
the temporal control of operant behavior. The approach
takes as primitives the temporal generalization gradients
obtained in prototypical concurrent and retrospective tim-
ing tasks and then combines them to synthetize more
complex temporal performances. The approach is instan-
tiated by the learning-to-time (LeT) model. The article is
divided into three parts. In the first part, we review the
basic findings concerning the generalization gradients
observed in fixed-interval schedules, the peak procedure,
and the temporal generalization procedure and then
describe how LeT explains them. In the second part, we use
LeT to derive by gradient combination the typical perfor-
mances observed in mixed fixed-interval schedules, the
free-operant psychophysical procedure, the temporal
bisection task, and the double temporal bisection task. We
also show how the model plays the role of a useful null
hypothesis to examine whether temporal control in the
bisection task is relative or absolute. In the third part, we
identify a set of issues that must be solved to advance our
understanding of temporal control, including the shape of
the generalization gradients outside the range of trained
stimulus durations, the nature of temporal memories, the
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influence of context on temporal learning, whether tem-
poral control can be inhibitory, and whether temporal
control is also relational. These issues attest to the heuristic
value of a Spencean approach to temporal control.
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The concept of temporal generalization gradient may unify a
large body of research on animal timing. In fact, most studies
on animal timing of the last four decades have dealt, directly
or indirectly, with temporal generalization gradients; on the
empirical side, with the factors that determine their proper-
ties, such as overall shape, symmetry, location, tails, and
height; on the theoretical side, with models of the processes
that engender them (e.g., Catania 1970; Church 2003, 2004;
Churchetal. 1994; Dews 1970; Gallistel 1990; Gibbon 1991;
Gibbon et al. 1984; Killeen and Fetterman 1988; Lejeune
et al. 2006; Lejeune and Wearden 2006; Machado 1997,
Machado et al. 2009; Meck 1983; Meck and Church 1984;
Platt 1979; Platt and Davis 1983; Roberts 1981, 1998;
Staddon and Higa 1999; Zeiler and Powell 1994).

Experimental research on the determinants of temporal
generalization gradients and theoretical research on the
causal processes of these gradients define an analytic
approach to understanding temporal generalization. Within
the analytic approach, the gradients themselves are what
needs to be explained, the explanandum. Less pursued has
been its converse, a synthetic approach, wherein temporal
generalization gradients are used to explain other behav-
ioral phenomena; they become the explanans.

In this article, we advance a synthetic approach to tim-
ing. That is, we take as primitives a set of well-known and
reasonably consensual findings concerning temporal
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generalization gradients and then use these primitives to
explain seemingly more complex performance. Like a
chemist, we attempt to synthetize more complex perfor-
mance based on a few principles governing simple per-
formance, or equivalently, given a complex performance,
we attempt to reduce it to the interplay of simpler perfor-
mances. The approach extends to the time domain Spence’s
(1936, 1937, 1942) seminal idea that excitatory and inhi-
bitory gradients may combine to produce unexpected
results such as transposition, or seemingly relational forms
of responding. Generalization gradients volunteer as rea-
sonable primitives for they are induced by simple and well-
studied processes of reinforcement and extinction. By
resorting to generalization gradients, it is needless to infer
explanatory instances and structures that might differ
across theoretical perspectives. In short, generalization
gradients do not need to be translated from one theoretical
approach to the other—they are per se.

The choice of what counts as a primitive and what
counts as a derivative is to some extent arbitrary—different
researchers are likely to make different choices [e.g.,
whereas Kohler (1938) conceived of relational forms of
stimulus control as primitives, Spence (1936, 1937, 1942)
conceived of them as derivatives]. However, any choice of
primitives must be accompanied with a set of principles or
rules to combine them. Without these rules, the synthetic
approach cannot work. A well-defined set of primitives
with explicit rules of derivation defines a theoretical model.

Our synthetic approach to timing is instantiated by the
learning-to-time (LeT) model (Machado 1997; Machado
et al. 2009), a quantitative model of the causal processes of
timing in animals. An outgrowth of Killeen and Fetter-
man’s (1988) behavioral theory of timing (BeT), LeT has
been used to interpret research findings, relate results that
seem to have little in common, contrast timing models, and
ask new questions that require empirical answers. But
perhaps the model’s most important feature is that it
qualifies as a plausible and parsimonious instance of the
synthetic approach. Plausible because, as we shall see, it
relies on three fundamental principles of learning—rein-
forcement, extinction, and generalization—to account for
temporal performance. Parsimonious because it opera-
tionalizes those principles in relatively simple ways (e.g.,
linear learning rules; small number of free parameters).
Going one step further, we propose to consider LeT a null
hypothesis in the animal timing domain. This means that
we propose the model as a standard against which to
compare alternative models, to reject the null and accept
these alternative models—in other words, to entertain dif-
ferent and perhaps more numerous or complex sets of
principles—we should require an equal degree of explic-
itness and consistency and a better account of experimental
results.
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The synthetic approach emerges from recent work from
our laboratory wherein we explore generalization gradients
as the ingredients from which complex timing performance
derives (Carvalho et al. 2016; Vieira de Castro and
Machado 2012; Vieira de Castro et al. 2013). Our proposal
unifies our previous research and extends it to tasks we
have not explored so far. Also, by importing to the time
domain a Spencean approach transversal to the study of a
variety of other stimulus dimensions, we reestablish a long-
lost parallel between temporal stimulus control and other
relevant stimulus dimensions (such as size, shape, bright-
ness, and spatial location).

This paper is divided into three parts. In the first part, we
review the concepts of temporal generalization and tem-
poral generalization gradients, central to our synthetic
approach. We focus on studies with animals exposed to two
types of operant conditioning procedures, those involving
concurrent timing and retrospective timing. The prototype
of concurrent timing procedures is the fixed-interval (FI)
reinforcement schedule (Skinner 1938), or its close rela-
tive, the peak procedure (Catania 1970; Roberts 1981); the
prototype of retrospective timing judgements is the tem-
poral generalization task (Church and Gibbon 1982). The
generalization gradients obtained with the two prototypes
define our primitives, the building blocks of the synthetic
approach. The explanation of how these gradients come
about according to LeT introduces the principles or rules
that subsequently will be used to synthetize more complex
performances.

Although we use a quantitative model to instantiate the
synthetic approach, in the present study we focus more on
its qualitative features than on its quantitative fits to
specific data sets. At this early stage of the synthetic
approach, a qualitative analysis may be more fundamental
because it focuses on the model’s core assumptions
abstracted (as much as possible) from their precise math-
ematical formulations. To illustrate, the LeT model
assumes a learning process whereby the strength of asso-
ciative links increases with reinforcement and decreases
with extinction. We focus more on this qualitative feature
than on the fact that LeT assumes a linear rule (Bush and
Mosteller 1955) as a first-order approximation to the
quantitative, dynamic properties of the learning process.
The empirical counterpart of our focus on qualitative
model features is our focus on idealized (frictionless, we
might say) research findings, that is, on data patterns and
trends abstracted from their natural noisy background. The
model’s mathematical details are nonetheless presented in
the ESM Appendix for the interested reader.

In the second part, we show the synthetic approach at
work. That is, we use the primitives to derive some familiar
results obtained with more complex procedures, including
mixed FI-FI schedules and the free-operant psychophysical
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procedure in the domain of concurrent timing, and simple
and double temporal bisection procedures in the domain of
retrospective time judgements. We chose these procedures
and their corresponding results not only to illustrate the
synthetic approach, but also to identify some of the thorny
problems that any timing theory must solve. To close this
part, we use the synthetic approach to examining a new
research issue, whether temporal control in the bisection
task is relational or absolute. This case study illustrates in a
concrete way what it means to consider LeT a null
hypothesis.

In the third and last part, we summarize the synthetic
approach and then discuss some of the issues it brings to
the forefront of timing research. To broaden the scope of
the study, we analyze each issue both in the light of LeT
and in the light of another better-known model of timing,
scalar expectancy theory (SET; e.g., Gibbon 1991). Some
of these issues remain empirically unresolved, whereas
others remain theoretically controversial, but all seem to be
crucial to advance our understanding of timing. Hence,
they can be viewed as a road map for future research to
further extend and test our simple Spencean hypothesis—
complex temporally regulated behavior may result from the
interaction of simple temporal generalization gradients.

Part I: The temporal generalization gradients
in prototypical procedures

When a stimulus sets the occasion in which a response is
reinforced, the stimulus comes to control the response—the
probability or rate of the response increases when the
stimulus is present and decreases when the stimulus is
absent. But stimulus control is never completely selective
for other stimuli may also control the response, albeit to a
lesser extent. When an animal responds in the presence of
stimuli Sy, S5,..., S, because its responses were reinforced
in the presence of stimulus S+, stimulus generalization has
taken place. Moreover, when Sy, Sy,..., S, differ from S+
along a continuous dimension—say light wavelength or
tone frequency—the function relating a measure of
response strength such as rate or probability to Sy, S>,..., S,
defines a generalization gradient.

Figure 1 shows two classical examples. Guttman and
Kalish (1956) reinforced four groups of pigeons for peck-
ing a key illuminated with a different light (see S+ in
Fig. 1a), and then, in subsequent tests, illuminated the key
with lights of different wavelengths (Sy, S,,..., S,), and
recorded the number of pecks at each light. The general-
ization gradients of each group peaked at the S4 and then
decreased with the difference between the value of the
other stimulus and the value of S+. Jenkins and Harrison
(1960) alternated periods with and without a 1000-Hz tone

and reinforced pigeons for pecking at a key only during the
periods with the tone. Subsequently, they varied the fre-
quency of the tone and obtained the pitch generalization
gradient shown in Fig. 1b. As for wavelength, the gradient
peaked at the S+ and decreased with the difference
between the test and the S+ frequencies (for a review, see,
e.g., Ghirlanda and Enquist 2003).

Fixed-interval schedule and the peak procedure

Temporal generalization occurs when the S+ is an interval
of time, say a T-seconds interval, measured from the onset
of a timer marker, and S, S,...,S, are other temporal
intervals, measured from the same time marker. Consider a
FI T-seconds reinforcement schedule (see Fig. 2a). On each
trial, a time marker such as the illumination of a key for a
pigeon initiates the interval. Responses during the 7-sec-
onds interval are not reinforced (the minus symbols in the
figure); the first response after 7" seconds is reinforced (the
plus symbol), and then the next trial begins. Because most
reinforced responses occur shortly after 7, the pigeon does
not experience intervals much longer than 7 (shaded
range).

How do the effects of reinforcement at 7 seconds since
trial onset generalize to other intervals? With respect to
intervals shorter than 7, performance on each trial at the
steady state answers the question: On the average, response
rate, R(?), is zero or low at the beginning of the trial and
then increases according to a roughly ogive function until
the end of the trial; typically, the rate reaches its maximum
around r = T. Figure 2b shows a stylized FI temporal
generalization gradient.

Researchers have attempted to identify the factors that
influence the shape of the gradient, and thus have studied
the effect of a number of independent variables such as the
absolute value of 7, the magnitude of the reinforcer, and
the amount of training on a number of dependent variables
such as the duration of the initial pause, the pattern of
responding on individual trials (break-and-run vs. scallop),
or the running rate (e.g., Dews 1970, 1978; Guilhardi and
Church 2004; Lejeune and Wearden 1991; Lowe and
Harzem 1977; Lowe et al. 1979; Richelle and Lejeune
1980; Schneider 1969; Wynne and Staddon 1988). When
they compared the response-rate gradients obtained with
different values of 7, they found that these gradients
superimpose when the independent and dependent vari-
ables are scaled, the former with respect to 7 and the latter
with respect to the maximum response rate during the
interval. Figure 2c exemplifies the gradient superimposi-
tion with the data reported by Dews (1970). Known as
scale invariance, this is perhaps the most robust property of
temporal generalization gradients. In fact, it is the foun-
dation stone of arguably the most influential model of
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Fig. 1 a Wavelength generalization gradients obtained by Guttman and Kalish (1956) with four groups of pigeons. b Example of a tone
generalization gradient obtained by Jenkins and Harrison (1960) also with pigeons

Fig. 2 a A fixed-interval 7-

seconds trial. The ‘S’ row shows a S | I—
Stimulus onset and offset. In the 2%

‘R’ row, the minus symbols R - - - +///////%
stand for extinction of
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plus symbol stands for the b
moment T after which
responding is reinforced; and
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animal and human timing, SET (Gibbon 1977, 1991; The FI temporal generalization gradient is consistent
Gibbon et al. 1984; but see Lejeune and Wearden 2006; with a simple and intuitive hypothesis: Reinforcement at
Staddon and Cerutti 2003; Zeiler and Powell 1994 for T engenders a hypothetical excitatory gradient over the
discussions of its violations). interval from zero to 7, a gradient that peaks at t = T and
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then decreases to a low value at r = 0; responding starts
when the excitatory gradient exceeds a noisy threshold, ©.
The LeT model formalizes this simple hypothesis.

Figure 2d shows the three components of the LeT
model, a series of behavioral states, numbered n = 1, 2,
3, ...; a set of links from the states to the operant
response, each with a strength or weight denoted by the
variable W(n); and the operant response itself. The model
works as follows: The time marker (e.g., the illumination
of a keylight in a FI schedule with pigeons) activates the
first state. After a while, the first state becomes inactive
and the second state in the series becomes active; after
another while, the second state becomes inactive and the
third state becomes active. We may picture the dynamic
process as a wave that sweeps across the states, activating
each one in series. The speed of the wave—the number of
states activated per unit of time—remains constant within
a trial, but varies from trial to trial. It is modeled as a
Gaussian random variable with mean p, and standard
deviation ¢, extracted at the time marker onset.

While a state is active, the strength of its link determines
whether the subject responds: If that strength exceeds a
threshold, @, the subject responds, otherwise it does not. At
the beginning of training, the link strength of state n, W(n),
equals a constant, W,. To ensure that responding occurs
throughout the first trial, we set Wy > ©.

When the reinforcer is delivered, the active state—state
n*—sees its link strengthened, whereas all previous states,
active in extinction, see their links weakened, and all
subsequent states, inactive during the trial, see their links
unchanged. In symbols, W(n)
decreases for n < n*, and does not change for n > n*. LeT
assumes one of the simplest mathematical forms for the
changes in W with reinforcement and extinction, the Bush
and Mosteller (1955) linear operator rule (see Machado
et al. 2009 for details).

According to LeT, the temporal generalization gradient
results from the link strengths, W(n), changed during
training with reinforcement and extinction. The key idea is
that, at the steady state, W(n) quantifies the degree of
temporal overlap between the activation of state n and the
delivery of reinforcement. Hence, the set of W values plays
the role of the hypothetical excitatory gradient mentioned
above. The links of the first states decrease to zero because
they correlate negatively with reinforcement—when they
are active, reinforcement rarely occurs.' The links of sub-
sequent states increase because their active period is more
likely to coincide with reinforcement. In fact, one of the

increases for n = n¥,

! Another possibility is to decrease the link strength to a negative
value. The difference may be important to explain some experimental
findings through summation of temporal generalization gradients. We
return to this issue in the final section.

states will have the strongest link, and for that reason, we
call it the modal state for interval T. Finally, the states
further down the series retain their initial link because they
remain inactive during training. The link profile predicts
that average response rate will be zero at trial onset and
then increase as an ogive until the time of reinforcement
(Machado et al. 2009).

Reinforcement at 7 may have effects on intervals longer
than 7. To see them, the experimenter needs to omit the
reinforcer and extend the trial. Surprisingly, these effects
remain poorly understood. A few studies (Machado and
Cevik 1998; Monteiro and Machado 2009) and non-sys-
tematic observations (Ferster and Skinner 1957) report that
response rate remains high for intervals significantly longer
than 7, perhaps on the order of 107; for even longer
intervals, behavior may oscillate, with pauses and periods
of sustained responding alternating (Crystal and Baramidze
2006; Kirkpatrick-Steger et al. 1996; Machado and Cevik
1998; Monteiro and Machado 2009). For our present pur-
poses, the important point is that the gradient after T seems
to differ significantly from the gradient before 7.

A high and sustained gradient after 7 does not follow from
the simple excitatory gradient hypothesized above (Fig. 2b),
for that gradient would presumably decrease to zero as the
interval grows beyond T and becomes increasingly more
distinct from 7. But it does follow from the gradient of link
strengths that LeT predicts because as we move from the
modal state in both directions, to previous states and to
subsequent states, W decreases to different asymptotes. For
previous states, W decreases to zero, but for subsequent
states, W decreases to W,. Because W, is greater than the
threshold, responding is sustained when those later states
become active following intervals longer than 7.

The asymmetry of the temporal generalization gradient
around 7 shows that the moment of reinforcement is not the
only determinant of the shape of the gradient. This idea
becomes clearer when we compare a FI T-seconds schedule
with the equivalent peak procedure. The moment of rein-
forcement remains the same, but in the peak procedure FI
trials alternate with longer trials, say 47-seconds long, that
end without reinforcement. In most studies, after an inter-
trial interval, a tone or light is turned on until either a
reinforcer occurs at approximately 7 seconds (FI or food
trials), or the trial ends after 47-seconds elapse (empty
trials). As Fig. 3a shows, the peak procedure is similar to a
FI in the interval from zero to T and differs from it in the
interval from T to 4T. Typically, at the steady-state average
response rate increases from t = 0 to r = T and then it
decreases for t > T (see Fig. 3b for the hypothetical gra-
dient, and Fig. 3c for empirical gradients obtained by
Roberts 1981); sometimes response rate increases again as
t approaches 4T (e.g., Roberts et al. 1989). The curves for
different values of T also are scale invariant. At steady
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Fig. 3 a A Peak procedure trial a
and its reinforcement (at 7) and
extinction (at t < T and t > T)
contingencies. b Hypothetical
Gaussian excitatory gradient for
the peak task. ¢ Response rates A
obtained by Roberts (1981) with
rats in peak trials with FI 20-s
and FI 40-s schedules. d Profile
of link strengths predicted by
LeT. Only a subset of states is
shown. The link strengths
increase from the ‘initial’ states,
active at the beginning of the
trial, to the modal state at T, and
then decrease for ‘late’ states,

o
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active after T

state, on individual empty trials the animals start to respond
sometime before T and stop to respond sometime after 7;
on some trials, they may start to respond again at the end of
the trial (Church et al. 1994; Kirkpatrick-Steger et al. 1996;
Sanabria and Killeen 2007).

Following the analytical approach, several studies have
examined the factors that affect the shape of the gradient,
its mode (peak time), the amount of responding at the mode
(peak rate), its symmetry around 7, or its changes with the
nature of the time marker, for example (e.g., Roberts 1981,
1998; Roberts et al. 1989; Church et al. 1994). Other
studies have examined the effects of interrupting the
stimulus that signals the onset of the trial (gap procedure;
e.g., Roberts 1981, 1998; Cabeza de Vaca et al. 1994,
Kaiser et al. 2002). Recent studies have also shown that the
decrease in the generalization gradients past 7 can occur
abruptly (Balci et al. 2009) and develop slowly with higher
proportions of empty trials (Kaiser 2008), even though this
also entails less frequent FI trials and seems to rely on
different neural substrates when compared to increasing
limb of the generalization function (MacDonald et al.
2012). But for our purposes the main lesson learned from
the peak procedure is that, for the generalization gradient to
decrease past 7, the animal must experience intervals
longer than 7 in extinction.

@ Springer
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According to LeT (Fig. 3d), as we move from the FI to
the peak procedure, no new causal processes are required to
explain the shape of the new generalization gradient. The
experience of extinction for intervals longer than T intro-
duces a negative correlation between reinforcement and the
states activated after the modal state. Hence, the link
strengths of those states decrease from W, to zero; when
they fall below the threshold @, responding stops.” At the
steady state the link strengths (the excitatory gradient)
increase from zero (first states) to the highest W (modal
state) and then decrease to zero (states active during empty
trials) before they increase again to Wy, (states inactive even
during empty trials). LeT predicts that the response-rate
generalization gradient will increase from ¢=0 to
t = T and decrease from ¢t = T to about t+ = 2T and then,
depending on the amount of training, it may increase again
or remain low until # = 47. The model also predicts that

2 A more complete model would assume different thresholds to start
and stop responding, @, and Oy, both random variables possibly
with different variances to account for the microstructure of
responding on the individual trials of the peak procedure (e.g., the
pattern of positive correlations between the start and stop times, and
negative correlations between the start times and the duration of the
response period—e.g., Cheng et al. 1993; Church et al. 1994; Gallistel
et al. 2004; Gibbon and Church 1992; Killeen and Fetterman 1993;
Machado and Keen 2003).
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response rate will increase if the experimenter extends the
empty trials significantly beyond the value used during
training, 47 in the foregoing example (see Monteiro and
Machado 2009). This prediction, which remains to be
tested systematically, shows that we need to explore the
shape of the temporal generalization gradients beyond the
intervals used during training, intervals longer than T in the
FI schedule, and intervals longer than the empty trials in
the peak procedure. Only by examining these boundary
conditions, as we may call them, will we know the full
effects of reinforcement at 7" and extinction before and after
T. Without such knowledge, our understanding of the very
primitives of the synthetic approach will remain incom-
plete and the scope of the approach will remain limited. In
the meantime, we conclude that the generalization gradient
for FI schedules is not simply the left limb of the gradient
for the corresponding peak procedure; it is different for
values of ¢ greater than 7.

The temporal generalization task

The two procedures presented above are the prototype of
concurrent timing tasks; by responding as the critical
interval elapses, the animal reveals its temporal general-
ization gradient. Next, we consider the prototype of

retrospective judgement tasks, tasks in which the animal
responds only after an interval ends. We set up the FI
equivalent in a retrospective timing task as follows: We
present a stimulus with duration 7, and when the stimulus
ends, we illuminate a key or insert a lever to allow the
animal to respond, and then reinforce its response. Sur-
prisingly, perhaps, this non-differential procedure engen-
ders no temporal control (e.g., Elsmore 1971; Spetch and
Cheng 1998). The contrast with FI schedules, during which
a target response is only occasionally reinforced, suggests
that the temporal control of an operant response may
require some form of differential reinforcement. Hence, the
prototype of retrospective time judgement tasks, and the
correct analog of the FI schedule, is the temporal gener-
alization procedure. In its simplest form (see Fig. 4a), the
experimenter presents a stimulus that lasts for 7 or TS
seconds, with TS < 7. When the animal responds at the
end of the stimulus, the experimenter reinforces the
responses that follow 7 (the S+) and extinguishes the
responses that follow TS (the S—; Church and Gibbon
1982; Reynolds and Catania 1962). In this conditional
discrimination task, the duration of the sample signals
whether a response will be reinforced. In the terminology
of Switalski et al. (1966), the procedure is an instance of
intra-dimensional discrimination training.

Fig. 4 a A temporal a S |
generalization trial and its

contingencies. The response is R
reinforced after the longer,

T-seconds sample, and b

extinguished after the shorter,
TS-seconds sample; the gray
areas stand for the periods when
responding is not allowed; the
shaded area stands for intervals
the subjects do not experience.
b Hypothetical excitatory
gradient for a temporal
generalization task. ¢ Temporal
generalization gradient obtained
by Church and Gibbon (1982)
with 8 s as the S+ and shorter

Excitatory gradient

I
+%%%

durations as the S—. d Profile of TS
link strengths predicted by LeT
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o

o
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Fig. 5 a A three sample a
temporal generalization trial. S | | | \—
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after the shortest TS and the R - + _///%
longest TL samples and b c
reinforced after the intermediate A 1.0
T samples. b Hypothetical >
excitatory gradient for the task. € -E
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predicted by LeT. Compare ®© [
ith Fig. 4 o a
with Fig = 2 0.5 -
S 2
g 2
9 a
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TS T TL 0 2 4 6 8
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d

The correlation between sample duration 7' and rein-
forcement engenders a temporal generalization gradient
that is similar to the FI gradient: Within the trained range,
response rate or probability increases from TS to
T (Fig. 4b, c shows a hypothetical gradient and the
empirical gradient obtained by Church and Gibbon 1982);
the gradient also is scale invariant (e.g., Church and Gib-
bon 1982). Although we think that a gradient obtained with
sample durations outside the range of the trained durations
will be similar to the FI gradient (i.e., low for ¢t < TS and
high for r > T), we do not know of any study that examined
the issue (see Church and Gibbon 1982, Study 2).

If we add a third stimulus duration (TL) with
TS < T < TL and reinforce responses after 7 but not after
TS or TL (see Fig. 5a), we obtain the retrospective timing
task equivalent to the peak procedure. The animal experi-
ences reinforcement at 7 together with extinction at inter-
vals shorter and longer than 7, resulting in a scale invariant
Gaussian-like gradient with its mode at T (Fig. 5b, c).

In terms of causal processes, the bell-shaped general-
ization gradient may result from an excitatory gradient that
is highest at T (the S+) and decreases, toward TS and TL
(the S—) or from an excitatory gradient centered at 7 plus
two inhibitory gradients, one centered at TS and the other
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centered at TL. The LeT model assumes the former
alternative.

For LeT, the generalization gradient expresses once
again the profile of link strengths acquired during training.
Reinforcement strengthens the links connecting the states
active at T with the operant response, and extinction
weakens the links connecting the states active at TS and TL
with the operant response (Figs. 4d, 5d, respectively).
Although LeT invokes no new causal processes, we note
that, like other timing models, it does not explain why
temporal control requires differential reinforcement with at
least one temporally defined S+ and one temporally
defined S— (see Russell and Kirkpatrick 2007; Vieira de
Castro et al. 2015).

Part II: The synthetic approach at work

Concurrent timing: mixed fixed-interval schedules
and the serial nature of temporal memories

A simple modification of the peak procedure illustrates the
potential of generalization gradients to synthetize more
complex temporally regulated performance. Suppose that we
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Fig. 6 a A mixed FI-FI trial a S |
with its contingencies. b Three
excitatory gradients, a Gaussian R _

gradient from a peak procedure
with reinforcement at 7, a half
Gaussian gradient from a FI T, b
schedule, and the sum of the Fy
two gradients. ¢ Generalization
gradient obtained by Whitaker
et al. (2003) with a group of rats
exposed to a mixed FI 30-s—FI
240-s schedule. The gradient is
bimodal (one mode at 30 s and
another at 240 s). d Profile of
link strengths predicted by LeT.
Two states have the strongest
links with the response, the

Excitatory gradient

L

modal states at 77 and T,

replace the empty trials of the peak procedure by trials that
also end in reinforcement. The new schedule is a mixed FI
T,-FI T, schedule with two distinct reinforcement moments,
T, and T,. On a proportion p of the trials, reinforcement
occurs at 7T s since trial onset; on the remaining trials,
reinforcement occurs 7, s since trial onset (Catania and
Reynolds 1968; Ferster and Skinner 1957; Leak and Gibbon
1995; Lima 2010; Whitaker et al. 2003, 2008). No signal
announces the duration of the current trial. Figure 6¢ shows
the temporal gradient obtained by Whitaker et al. (2003)
using a mixed FI 30-s—FI 240-s schedule. The response-rate
generalization gradient is bimodal, with one mode close to
30 s and another at 240 s. Moreover, the two ascending
limbs superimpose if scaled with respect to 30 and 240 s,
respectively (see also Ferster and Skinner 1957,
pp. 597-605). More important is the fact that on the longer
trials, the animal generally starts responding before 30 s,
stops responding after 30 s, starts responding again some-
time later, and then continues responding until the end of the
trial (Whitaker et al. 2003). As Ferster and Skinner (1957,
p- 597) putit, “a well-marked priming exists after the shorter
interval, and a falling-off into a curvature appropriate to a
longer interval.”

Consider a mixed schedule with parameters similar to
the peak procedure that we described above, that is, a
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mixed FI 7-FI 47T. As its name shows, the schedule com-
bines two FI schedules and therefore we could try to syn-
thetize its gradient from the gradients engendered by the
two FI schedules, the primitives. We would fail because the
correct ingredients are not those from the separate FI
schedules, but the gradient engendered by a T-seconds peak
procedure and the gradient engendered by a FI 4T-seconds
schedule. As Fig. 6a shows, the reinforcement contingen-
cies in the mixed FI-FI schedule are similar to the con-
tingencies during the peak procedure, for in both cases the
reinforced moment 7 is flanked by two directly experi-
enced extinction intervals; the second reinforcement
moment at 47 brings in the FI gradient.

Figure 6b shows three excitatory gradients: a Gaussian
gradient that corresponds to a peak procedure with rein-
forcement at 7, a left Gaussian gradient that corresponds to
a FI 4T schedule, and a gradient obtained by adding the
other two. This third gradient has the same shape as the
generalization gradient observed in mixed schedules with
widely separated reinforcement moments (see Machado
et al. 2009, for quantitative details).

Figure 6d illustrates how the LeT model handles this
procedure. Because the states active around 7 and 4T cor-
relate positively with reinforcement and the remaining ones
with extinction, the generalization gradient will increase
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from t =0 to t=T, decrease from t =T to about
t = 2T as in a typical peak procedure, and then increase
again as t approaches 4T.

Mixed FI-FI schedules are important in the study of
timing because they show how generalization gradients
may combine to produce new forms of temporally regu-
lated behavior. Moreover, they also challenge timing
models that concentrate the effects of reinforcement in
distinct memory stores (e.g., SET). When the same
response is reinforced at two different moments, say 7 and
4T, these models explain the bimodal generalization gra-
dient by assuming two different memories, memory A
representing the effects of reinforcement at 7" and sampled
at trial onset, and memory B representing the effects of
reinforcement at 47 and sampled later into the trial. The
problem is that the models do not explain how the two
memories are created, populated, and accessed. That is,
they do not explain how the representation of a particular
interval is stored in memory A rather than memory B, or
how a particular temporal sample is retrieved from memory
B rather than memory A. As Machado (1997) argued,
SET’s account of the bimodal generalization gradient in

mixed FI-FI schedules is circular because the model pos-
tulates two memory stores to explain the temporal dis-
crimination, but the appropriate use of these stores
presupposes the temporal discrimination. We will see
below other expressions of the same logical problem (see
also Machado et al. 2009).

Concurrent timing: the free-operant psychophysical
procedure and the distributed nature of temporal
memories

The last concurrent timing procedure that we analyze, the
free-operant psychophysical procedure (FOPP), introduces
a second operant response into the experimental situation
and further illustrates how separate gradients may combine
to produce a generalization gradient. Figure 7a shows the
details. Responses on a Left key are reinforced unpre-
dictably (i.e., according to a variable interval, VI, schedule)
only during the first half of a T-seconds trial; responses on
a Right key are reinforced also unpredictably (according to
a VI schedule) only during the second half of the trial. No
stimulus signals the middle of the trial, the moment Left

Fig. 7 a A trial of a free- a
operant psychophysical
procedure (FOPP) and its
contingencies. Left responses
are reinforced during the first
half of the trial and extinguished
during the second half. Right
responses have the opposite b
contingencies. b Hypothetical i
excitatory gradients for Left and
Right responses. ¢ Response
rates on the left and right keys
as a function of time elapsed in
the trial; data adapted from
Machado and Guilhardi (2000)
in a task with a VI 40 s on the
left key and a VI 120 s on the
right key (black circles), and
with a VI 120 s on the left and a

Excitatory gradient

| —

VI 40 s on the right (empty
circles). d Profile of link
strengths predicted by LeT.
Each state is linked to both
responses. ‘Initial’ states are
linked strongly with Left and
weakly with Right; ‘late’ states
are linked strongly with Right
and weakly with Left. When the
VI's are equal, ‘intermediate’
states are linked equally to both
responses
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responses cease to be reinforceable, and responses become
reinforceable.

Typically, at the steady state, two response-rate gener-
alization gradients are obtained, one for each operant
(Fig. 7b, ¢ shows the hypothetical gradients and the
empirical gradients obtained by Machado and Guilhardi
2000, respectively). The rate on the Left key starts high and
then decreases, whereas the rate on the Right key starts low
and then increases. When the VI's are equal the gradients
intersect at time t* close to the middle of the trial (r* ~ T/
2). The relative response-rate gradient, defined by the
proportion of right responses at each trial moment, follows
a roughly ogive curve. At trial onset it is close to 0, around
the middle of the trial it reaches 0.5, and at the end of the
trial, it is close to 1. Importantly, when the VI's differ, the
rate gradients shift in predictable directions. If the VI for
the Left key is richer, the gradients shift to the right (the
animal stays longer on the Left key) and the relative rate
gradient crosses indifference at r* > 7/2; if the VI for the
Left key is poorer, the gradients shift to the left (the animal
changes to the Right key earlier) and the relative rate
gradient crosses indifference at t* < 7T/2 (e.g., Bizo and
White 1995; Machado and Guilhardi 2000).

According to LeT, the causal processes remain the same
as for the other procedures, except that in the FOPP each
state is linked to two operant responses, the Left and Right
key pecking (Fig. 7d). Because the link strengths express
the overlap between state activation and reinforcement, the
states active during the beginning of the trial become
linked strongly with the Left response and weakly with the
Right response, and conversely, the states active during the
end of the trial become linked strongly with the Right
response and weakly with the Left response; when the VI's
are equal, the ‘intermediate’ states that are active around
the middle of the trial become linked equally with both
responses (see middle circle in Fig. 7d). Hence, when the
VI’s are equal the relative rate on the Right key at time ¢ is
ogival and crosses 0.5 close to the middle of the trial.
However, when the VI’s differ, the reinforcement contin-
gencies bias the links of the ‘intermediate’ states toward
the richer operant and, as a consequence, the two response-
rate gradients and the ogival relative gradients shift in the
expected direction (Fig. 7c, Machado and Guilhardi 2000;
see also Bizo and White 1995; Guilhardi et al. 2007).

The FOPP procedure is important for yet another reason.
The reinforcer for each operant response distributes uni-
formly across the corresponding interval, the first half of
the trial for Left key pecks, and the second half of the trial
for Right key pecks. Therefore, the moments of rein-
forcement for each operant remain the same regardless of
the absolute value of the VI schedules. If the temporal
generalization gradients depended exclusively on these
moments, they should not shift when the VI’s change from,

say, favoring the Left key to favoring the Right key.
Because they shift, it seems that at least two variables
affect the gradients: the moments of reinforcement and the
frequency of reinforcement at those moments. In LeT these
variables map onto the state active at reinforcement and its
link strength (see Machado and Guilhardi 2000; Machado
et al. 2009).

Somewhat analogous to the FOPP is the midsession
reversal task, which can be conceived of as a session-wide
or single-trial FOPP. Typically, in a simultaneous dis-
crimination procedure, the animal faces two options, S
versus S,; responses to S; are reinforced in the first half of
the session and responses to S, are reinforced in the second
half (for an extension to a 3-stimuli/2-reversals procedure,
see McMillan and Roberts 2015). The optimal strategy in
this task is to attend only to the local rate of reinforcement:
choose S; until the first unreinforced response to S; and
then reverse preference and choose S, until the end of the
session (a win-stay, lose-shift strategy). Surprisingly, ani-
mals commit two types of errors around the moment of
reversal, they anticipate the reversal and choose S, when S
still is the reinforced option, and they perseverate after the
reversal and continue to choose S; after S, has become the
reinforced option.

After Cook and Rosen (2010) first reported the mid-
session reversal effect, a flurry of studies ensued (e.g.,
Laude et al. 2014; McMillan et al. 2014; McMillan and
Roberts 2012, 2015; Rayburn-Reeves et al. 2011, 2013;
Rayburn-Reeves and Zentall 2013; Stagner et al. 2013).
Most of their authors have interpreted the effect in terms of
animals timing the duration of the session up to the reversal
(e.g., Cook and Rosen 2010; McMillan and Roberts 2012),
which is consistent with the pattern of errors and plausible.
Because most midsession reversal experiments comprise
around 80 trials per session with 5- to 6-s ITIs, rats and
pigeons would be timing an interval of about four minutes,
which is feasible. However, how temporal control by the
time marker (seemingly, the session onset) combines with
the situational control by the trial outcome remains to be
worked out.

Retrospective timing: simple bisection

We illustrate the synthetic approach to retrospective timing
first with the simple bisection procedure and then with the
double bisection procedure. In the simple bisection pro-
cedure (see Fig. 8a), a trial begins with one of two samples
that differ only in duration: a short TS sample (e.g., a 1-s
light) or a long TL sample (e.g., 4-s light). After the
sample, two responses R; and R, (say pecking a Red or a
Green key) are simultaneously available. Choice of R,
following TS and that of R, following TL are reinforced.
After the animal learns the mappings “TS — Ry,
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Fig. 8 a A simple bisection a S |
trial and its contingencies.

Responses on Red and Green Red
keys are reinforced after the

short and long samples,

respectively. b Hypothetical Green
excitatory gradients for Red and b

Green responses. ¢ Temporal
generalization gradients 4
obtained by Church and Deluty
(1977) with rats in two simple
bisection tasks, one with 1-
versus 4-s samples, and the
other with 4- versus 16-s
samples. The gradients follow
an ogive curve, cross
indifference at the geometric
mean of the training samples,
and overlap when plotted in a

Excitatory gradient
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TL — R,,” the experimenter presents new sample dura-
tions, ¢, ranging from TS to TL, and measures the subject’s
choices of, say, R,. The function relating the probability of
choosing R, given a t-seconds sample, P(R,|t), defines a
temporal generalization gradient, also known as the psy-
chometric function.

The prototypical gradient is ogival, starting close to 0 at
t =TS and ending close to 1 at + = TL. Moreover, in
animals, the duration #* following which the subject is
indifferent between R; and R, [ie., P(Ry|r*)=
P(R,|t*) = 0.5], called the point of subjective equality
(PSE) or the bisection point, tends to be at the geometric
mean of the trained durations [GM = /(TS x TL)]
(Catania 1970; Church and Deluty 1977; Stubbs 1976). It is
also the case that the gradients obtained with TS-TL pairs
with the same ratio (e.g., TS; =1 vs. TL; =4, and
TS, = 4 vs. TL, = 16) superimpose when 7 is scaled with
respect to TS;, another instance of scale invariance.
Figure 8c from Church and Deluty (1977) shows an
example.

Within the analytic approach, the temporal generaliza-
tion gradient obtained with the bisection procedure may be
one of the most extensively investigated. Researchers have
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found that its shape is affected by a variety of factors such
as the ratio of sample durations (e.g., Church and Deluty
1977), sample modality (e.g., Wearden et al. 1998, 2007),
drugs (e.g., Meck 1983; Odum et al. 2002), and neuro-
logical conditions (e.g., Brown et al. 2011; Carroll et al.
2008; Caselli et al. 2009; Merchant et al. 2008).

The measured gradient may result from two excitatory
gradients (Fig. 8b), one related to response R; and having
TS as the S4 and TL as S— and the other related to R, and
having TS as the S— and TL as the S+ (see Machado and
Pata 2005; Vieira de Castro and Machado 2012; Vieira de
Castro et al. 2013).

LeT instantiates the preceding hypothesis (Fig. 8d). At
the beginning of training, each state is linked equally to
R, and R,. During training, and given the reinforcement
contingencies of the task, the states most active following
the TS sample will become strongly linked to R; and
weakly linked to R,, whereas the states most active fol-
lowing the TL sample will become weakly linked to R,
and strongly linked to R,. At the steady state, the two
vectors of link strengths will express the overlap between
state activation and reinforcement for each response. They
predict a temporal generalization gradient that increases
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with ¢, has a bisection point close to the geometric mean
of TS and TL, and is scale invariant (see Machado et al.
2009).

LeT accounts well for the psychometric function when
the test stimuli are within the trained range (Machado
1997; Machado et al. 2009), but the model has difficulties
when the test stimuli are outside the trained range (r < TS
or t > TL). For according to LeT, durations significantly
shorter than TS or significantly longer than TL activate
states whose associative strengths did not change during
training, and therefore preserved their initial, unbiased
links with the two responses. Hence, as the test sample
decreases below TS or increases above TL, the predicted
gradient approaches indifference. According to LeT, then,
the full generalization gradient P(R;|t) is polytonic: (a) It
decreases as t increases from t =0 to r=TS; (b) it
increases like an ogive from about O to about 1 as ¢ in-
creases from r = TS to ¢t = TL; and finally, (c) it decreases
to 0.5 as t increases above TL.

Few studies have investigated the shape of the gener-
alization gradient in the simple bisection procedure for test
durations outside the trained range. Moreover, their results
have been inconsistent (Russell and Kirkpatrick 2007;
Siegel 1986; Vieira de Castro and Machado 2012; Vieira

a S
Red + -
Green - +
b
c

Red Green

Fig. 9 a A double bisection procedure and its contingencies. The
subject learns two simple bisection tasks. In one (/eft), Red and Green
responses are reinforced after 1- and 4-s samples, respectively. In the
other (right), Blue and Yellow responses are reinforced after 4- and

de Castro et al. 2013). Some studies found polytonic gra-
dients with increasing tails at the shortest durations
(t < TS), decreasing tails at the longest durations (t > TL),
or both effects (see Russell and Kirkpatrick 2007; Siegel
1986, Study 2; Vieira de Castro et al. 2013). However, the
results of other subjects in the same studies and the results
of other studies have found gradients with tails at the
longest durations that remained at least as high as at TL
(Siegel 1986, Study 1; Vieira de Castro and Machado
2012). We do not know the causes of this between-subjects
and between-studies variability.

Retrospective timing: double temporal bisection
and a context effect

The model’s generalization-based approach accounts also
for the data of the double bisection procedure. Originally
developed by Machado and Keen (1999) to contrast LeT
with SET, the double bisection procedure combines two
simple bisections. In one bisection, a response, say, peck-
ing a Red key, is correct following a 1-s sample, and
another response, pecking a Green key, is correct following
a 4-s sample (see Fig. 9a, left panel); the subject learns the

mapping “l s —» Red; 4 s — Green.” In the other
s | I L
Blue + - U
Yellow - +%

duration (s)

Blue Yellow

16-s samples, respectively. b Hypothetical excitatory gradients for
Red and Green responses (left) and for Blue and Yellow responses
(right). ¢ Profile of link strengths predicted by LeT
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Fig. 10 The context effect obtained by Machado and Keen (1999)
after training pigeons in a double bisection task. Given a choice
between Green and Blue, the keys associated with 4-s samples but in
different sample contexts, preference for Green increases with sample
duration

bisection, pecking a Blue key is correct following a 4-s
sample, and pecking a Yellow key is correct following a
16-s sample (Fig. 9a, right panel); the subject learns the
mapping “4 s — Blue; 16 s — Yellow.” Figure 9b shows
the hypothetical generalization gradients.

Critically, the 4-s sample is common to both bisections,
but the correct comparison (Green and Blue) differs. After
the animal learns the two mappings, the experimenter runs
generalization tests with samples that range from 1 to 16 s,
and with the Green and Blue keys as comparisons.

Several studies have shown that, given a choice between
Green and Blue, the preference for Green increases with
the sample duration (Arantes and Machado 2008; Machado
and Arantes 2006; Machado and Keen 1999; Machado and
Oliveira 2009; Machado and Pata 2005; Oliveira and
Machado 2008, 2009). Figure 10 shows this finding.

We named the result a context effect because of how
LeT explains it. According to the model, the difference in
the sample contexts in which Green and Blue are rein-
forced and extinguished is critical. Initially, all states are
linked equally to Blue and Green. But during training the
choice of Green is extinguished when the early states are
active (the effect of 1-s samples; Fig. 9c, left panel),
whereas the choice of Blue is extinguished when the late
states are active (the effect of 16-s samples; Fig. 9c, right
panel). Therefore, at the end of training, the early states are
linked more strongly to Blue than Green, whereas the late
states are linked more strongly to Green than Blue. These
asymmetries in the excitatory gradients for Green and Blue
predict that during testing the preference for Green over
Blue should increase with the sample duration, the context
effect.

Two studies show more directly how generalization
gradients predict the context effect. Vieira de Castro et al.
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(2013) used the prototypical double bisection procedure
described above, but before running the Blue versus Green
test, they obtained two generalization gradients. After the
“2s - Red, 6 s > Green” training, they obtained the
gradient for Green over Red with samples ranging from 0.7
to 51.4 s (Fig. 11a). Similarly, after the “6 s — Blue,
18 s — Yellow” training, they obtained the gradient for
Blue over Yellow with samples also ranging from 0.7 to
51.4 s (Fig. 11a). Finally, they used these two gradients to
predict the gradient of Green over Blue. Although the
magnitude of the context effect was smaller than in pre-
vious studies, the predicted gradient matched qualitatively
the obtained gradient (Fig. 11b).

Vieira de Castro and Machado (2012) simplified the
double bisection procedure to obtain separate Green and
Blue gradients that were not “contaminated” by the com-
peting Red and Yellow responses. In the first bisection,
after 1- or 4-s samples, pigeons chose between a Green key
and a key with a Vertical bar. They received food for
choosing Green after the 4-s samples, but not after the 1-s
samples; they never received food for choosing the Vertical
bar, a comparison used only to force the pigeons to attend
to the choice keys. As in a go/no-go task, the pigeons
suppressed pecking to Green after the 1-s sample and
pecked Green after the 4-s sample. Next, to obtain the first
gradient, the experimenters presented samples that ranged
from 1 to 16 s and measured response rate on Green (see
Fig. 11c).

The pigeons then learned the second bisection, with 4-
and 16-s samples, and a Blue key and a key with a Hori-
zontal bar as comparisons. They received food only for
choosing Blue after the 4-s sample. At the end of training,
the experimenters obtained the second gradient (see
Fig. 11c).

In the final test, the pigeons chose between Green and
Blue. The issue was whether the two separately obtained
gradients could be combined to predict the gradient in the
final test. Figure 11d shows that the relative heights of the
separate gradients at each sample duration indeed predicted
the final gradient.

The various studies with the double bisection procedure
(reviews in Machado et al. 2009; Machado and Oliveira
2009) reveal the explanatory power of the synthetic
approach, its capacity to account for complex performance
by means of temporal generalization gradients combined in
relatively simple ways.

A case study: searching for relational temporal
control with LeT as the null hypothesis

The context effect could be interpreted differently, in terms
of subjects responding to the relative duration of the
samples. In each bisection task, one sample is short and the
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Fig. 11 a Generalization gradients obtained by Vieira de Castro et al.
(2013) after training pigeons in a double bisection tasks with 2- versus
6-s samples in one task and 6- versus 18-s samples in the other. Green
and Blue were reinforced after 6-s samples, but Green was
extinguished after 2-s samples and Blue after 18-s samples.
b Obtained gradient for Green over Blue (the context effect), and
the gradient predicted from the two gradients in a. ¢ Generalization

other is long. Since Green was correct following the long
sample in the first task, and Blue was correct following the
short sample in the second task, the pigeons may have
learned the relational rules “long — Green” and
“short — Blue” and then transposed them to the test trials;
hence, the context effect.

The issue of whether temporal control in the bisection
task is relational or absolute deserves closer scrutiny
because our Spencean approach, instantiated by the LeT
model, accounts for a reasonably large number of experi-
mental findings by assuming only absolute control with
temporal generalization. Any evidence for relational tem-
poral control that is irreducible to the combination of
generalization gradients would imply that LeT is if not
wrong at least incomplete; an alternative model would
seem to be called for. Hence, we propose to examine the
“relational versus absolute” issue with LeT as a plausible
null hypothesis. Our analysis of the evidence will also
qualify as a new case study of the synthetic approach to
timing.

In addition to the double bisection studies, several
studies have suggested that rats (Church and Deluty 1977),
starlings (Hulse and Kline 1993), pigeons (Zentall et al.
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gradients obtained by Vieira de Castro and Machado (2012) in a
double bisection, go/no-go task, with 1- versus 4-s samples in the first
task, and 4- versus 16-s samples in the second task. Green and Blue
were reinforced after 4-s samples, but Green was extinguished after
1-s samples and Blue after 16-s samples. d Obtained gradient for
Green over Blue (the context effect), and the gradient predicted from
the two gradients in ¢

2004), and humans (Molet and Zentall 2008) categorize the
training samples of the bisection task as either short or long
and use these categories on subsequent test trials. The
studies have adopted one of two different rationales and
designs. Figure 12 shows the first, introduced by Church
and Deluty (1977). In Phase A, one group of four rats
learned the mapping “1 s — Left,4 s — Right” (Fig. 12a,
left panel). Then, in Phase B, half of the rats, the relative
group learned the new mapping “4s — Left,
16 s — Right,” which preserves the relative assignments
“short — Left, long — Right” (Fig. 12a, middle panel).
The other half, the absolute group, learned the new map-
ping “16 s — Left, 4 s — Right,” which preserves the
absolute assignment “4 s — Right” (Fig. 12a, right panel).
A second group of four rats learned the same discrimina-
tions but in the opposite order, initially the “4 s — Left,
16 s — Right” mapping (Phase A), and then, after the
group was divided into two, half learned the relational-
preserving mapping “1 s — Left, 4 s — Right,” whereas
the other half learned the absolute-preserving mapping
“4 s — Left, 1 s - Right” (Phase B). The preserved
mapping, relative or absolute, and the training order,
upshift (from 1 vs. 4 to 4 vs. 16 s) or downshift (from 4 vs.
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Fig. 12 a The two types of bisection trials used in some studies about
relational temporal control. In the first bisection task (left), Left and
Right responses are reinforced after 1- and 4-s samples, respectively.
In the second bisection task, for the Relative Group (middle) Left and
Right responses are reinforced after 4- and 16-s samples, respectively;
for the Absolute Group (right), Left and Right responses are

16 to 1 vs. 4 s), defined four groups of two rats each,
relative upshift, relative downshift, absolute upshift, and
absolute downshift. If animals learn the relative value of
the samples during Phase A, then in Phase B they should
learn faster a task that preserves the relative assignment
than one that preserves the absolute assignment. On the
other hand, if rats learn only the absolute value of the
samples, the opposite should be the case. At issue then is
which group learns faster the task in Phase B.

Based exclusively on correct responses to the 4-s sample
during Phase B, both Church and Deluty (1977) and Hulse
and Kline (1993) concluded that subjects learn the relative
value of stimuli because the relative group (averaged across
the upshift and downshift groups) learned the second task
faster than the absolute group. Surprisingly, in both studies
the absolute group had not mastered the second bisection
task even after ten sessions (see Fig. 13a, b). The authors did
not report performance on the 1- or 16-s samples.

Carvalho and Machado (2012) extended the procedure
to pigeons but improved Church and Deluty’s design by
(a) doubling the number of subjects (N = 16), (b) adding a
third phase during which each pigeon was re-exposed to its
first bisection task (ABA’ design), (c) examining the results
also for the 1- and 16-s samples, and (d) comparing the
data with the predictions of the LeT model. Figure 14
summarizes their findings. The pigeons showed little evi-
dence of relational learning. At the beginning of Phase B,
correct responses to the 4-s sample were at or below chance
in the relative group, but at or above chance in the absolute
group (Fig. 14a); similar results were obtained in Phase A’
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duration (s)

duration (s)

Right Right Left

reinforced after 16- and 4-s samples, respectively. b Hypothetical
excitatory gradients for each response in each task. ¢ Profile of link
strengths predicted by LeT. In the second task, Group Relative
reverses the link strengths from the modal state at 4 s (cf. middle
circle in middle panel)

(Fig. 14b). Moreover, with few exceptions, the LeT model
predicted well the acquisition pattern of both groups not
only following the 4-s sample, but also following the 1- and
16-s samples (Fig. 14c-f).

To understand the model’s predictions, we label the
states that tend to be active after the 1-s sample as “early,”
those that tend to be active after the 4-s sample as “inter-
mediate,” and those that tend to be active after the 16-s
sample as “late” (Fig. 12c). After the “l1s — Left,
4 s — Right” training, the early states are strongly linked
to Left and weakly linked to Right; the intermediate states
are strongly linked to Right and weakly linked to Left; and
the late states are linked equally to both responses. This
link profile determines how pigeons choose when the
second task begins (Fig. 12c, left panel). Consider the
relative group with the new mapping “4 s — Left,
16 s — Right”: The links from the early states will not
change because these states will rarely be active; the links
from the late states will be biased toward Right; and the
links from the intermediate states will invert the bias
acquired in the first task, weakening the links to Right and
strengthening the links to Left (Fig. 12c, middle panel).
This inversion explains why the proportion of correct
responses following the 4-s sample decreases in the first
sessions of the second and third bisections. Now consider
the absolute group with the new mapping “4 s — Right,
16 s — Left”: The links from the early states also will not
change because they are rarely active; the links from the
late states will be biased toward Left; and the links from
the intermediate states will remain biased toward Right
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Fig. 14 Average acquisition
curves obtained by each of the
four groups of pigeons in
Carvalho and Machado (2012)
study. The groups learned
distinct bisection tasks across
the three phases of an ABA’
design. The tasks (phases) were:
Group Relative Upshift:

‘l s — Left, 4 s - Right’

(A and A'), and ‘4 s — Left,
16 s — Right’ (B); Group
Relative Downshift:

‘4 s — Left, 16 s —» Right’

(A and A'), and ‘1 s — Left,

4 s — Right’ (B); Group
Absolute Upshift: ‘1 s — Left,
4 s — Right’ (A and A’), and
‘16 s — Left, 4 s —» Right’
(B); Group Absolute Downshift:
‘4 s — Left, 16 s > Right’

(A and A'), and ‘4 s — Left,

1 s — Right’ (B). The top,
middle and bottom panels show
the proportion correct following
the 4-, 1-, and 16-s samples,
respectively. The inset graphs
show the predictions of the LeT
model. From Carvalho and
Machado (2012)

(Fig. 12c, right panel). Therefore, the proportion of correct
responses following the 4-s sample remains above chance
in the first sessions of the second and third bisections.
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Similar reasons explain the model’s predictions for the 1-
and 16-s samples (see Carvalho and Machado 2012, for an
extended discussion).
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In a follow-up study, Carvalho et al. (2016) used Red
and Green keylight colors as comparisons, introduced
another phase (ABA'B’ design) to better study the acqui-
sition patterns, and attempted to predict choice on the first
session of each phase based on the generalization gradient
obtained at the end of the preceding phase. Their results
were generally consistent with their previous findings and
again offered little support for relational learning in the
bisection task. Moreover, the generalization gradients
obtained at the end of four phases were broadly consistent
with LeT. Figure 15 shows the average data and model fits.
Because these gradients have important implications for
our conceptions of temporal learning and memory in the
bisection task, we return to them below.

Zentall et al. (2004) approached the relational issue with
a different rationale and design. Pigeons learned separately
two bisections: “2s — Red, 8 s — Green” and
“4 s — Vertical, 16 s - Horizontal.” Then, on test trials,
they chose between Red and Green following the 4-s
sample and between Vertical and Horizontal following the
8-s sample. The 4-s sample had never been presented with
the Red and Green comparisons, and the 8-s sample had
never been presented with the Vertical and Horizontal
comparisons. If the pigeons had not learned the relative
value of stimuli during training, they should be indifferent
between Red and Green following the 4-s sample (the
geometric mean of 2 and 8) and between Vertical and
Horizontal following the 8-s sample (the geometric mean
of 4 and 16). But if the pigeons had learned to categorize
the trained samples as short and long, and associated these
categories with the correct comparisons (i.e., short with
Red and Vertical, long with Green and Horizontal), then
responding should be biased toward Red following the 4-s
short sample and toward Horizontal following the 8-s long
sample. As Fig. 16 shows, the results were mixed because
if the pigeons preferred Red over Green following the 4-s
sample, they were indifferent between Horizontal and
Vertical following the 8-s sample.

Maia and Machado (2009) enriched the testing proce-
dure by including other sample durations besides the geo-
metric mean of the training samples. They found that the
pigeons preferred Red over Green following the 4-s sam-
ple, but also Vertical over Horizontal following the 8-s
sample. That is, they chose the key associated with short
equally often after the 4- and 8-s samples. The general-
ization gradients obtained with each pair of comparisons
almost superimposed (Fig. 16).

Maia and Machado (2009) also showed that LeT could
reproduce the psychometric functions obtained with each
pair of comparisons with a slight bias for the short com-
parison at 4 and 8 s. The causal account runs as follows.
The sets of states active after the 2- and 4-s samples have
more common elements than the sets active after the 4- and
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8-s samples and these common elements bias choice
toward the Red comparison. Similarly, the sets of states
active after the 4- and 8-s samples have more common
elements than the sets active after the 8- and 16-s samples
and these common elements bias choice toward the Ver-
tical comparison. According to LeT, then, the serial acti-
vation of the states and the link between these states and
the operant responses account for both Zentall et al.’s
(2004) and Maia and Machado’s (2009) results. More to
the point, performance in the temporal bisection task seems
broadly consistent with a model that assumes that rein-
forcement and extinction at specific time moments gener-
alize to neighboring moments. The evidence remains
consistent with the null hypothesis as instantiated by LeT.

Part III: Conclusion

We proposed a synthetic approach to interval timing in
animals, an approach grounded on the idea that temporal
generalization gradients may combine to produce complex
forms of temporally regulated behavior. Correlatively, we
suggest that to explain apparently complex behavior,
researchers may consider the combination of temporal
generalization gradients as a useful null hypothesis.
Several models could be used to instantiate the null
hypothesis, including the well-known and influential scalar
expectancy theory. We chose the LeT model, with which
we have worked since 1997 (Machado 1997), for the fol-
lowing reasons. Like its predecessor, Killeen and Fetter-
man’s (1988) behavioral theory of timing, LeT is based on
well-established principles of reinforcement and extinction
and accords with Weber’s law for timing, and hence it is
plausible. LeT has accounted well for data from a variety
of experimental situations (e.g., concurrent and retrospec-
tive timing with one or two responses), and hence, it has a
modicum of depth and breadth. LeT has helped us to look
at apparently disconnected procedures and data through the
same lens, and hence it is integrative. LeT is framed in
mathematical language and predicts not only acquisition
patterns but also steady-state performance; hence it is
clearer and empirically more sensitive than purely verbal
models. LeT also encompasses a relatively small number of
free parameters as compared to other influential timing
models (e.g., SET), and hence it is parsimonious and easily
falsifiable. But perhaps its most significant feature is that
the model operationalized in a relatively straightforward
way the Spencean approach, explaining both its primitives
(how animals generalize responses to stimuli) and their
derivatives (how the generalization gradients interact to
predict known and sometimes surprising results; e.g.,
context effects). As Killeen (1999) put it, “models are go-
betweens,” and the LeT model has served us well in going
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Fig. 15 Generalization gradients produced by pigeons (symbols) in
Carvalho et al.’s (2016) study and the curves fitted by the LeT model.
The pigeons learned distinct bisection tasks across the four phases of
an ABA'B’ design. The tasks (phases) were: Group Relative Upshift:
‘2s - Red, 6s — Green (A and A’), and ‘6s — Red,
18 s — Green’ (B and B’); Group Relative Downshift: ‘6 s — Red,
18 s — Green’ (A and A’), and 2 s — Red, 18 s — Green’ (B and
B’); Group Absolute Upshift: 2 s — Red, 6 s — Green’ (A and A'),
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Fig. 16 Pigeons learned two bisection tasks, one with a ‘2 s — Red,
8 s —» Green’ mapping, and the other with a ‘4 s — Horizontal,
16 s — Vertical’ mapping. Next they were exposed to new test
samples but with the same comparisons. Zentall et al.’s (2004) data
show the preference for Red over Green following 4-s samples (filled
squares) and the preference for Horizontal over Vertical following 8-s
samples. Maia and Machado’s (2009) data show how the preference
for Red (filled circles) or Horizontal (empty circles) varied with
sample duration

and ‘18 s »> Red, 6 s —> Green” (B and B’); Group Absolute
Downshift: ‘6 s —» Red, 18s — Green™ (A and A’), and
‘6 s > Red, 2 s > Green’ (B and B’). The top and bortom panels
show the average gradients for the Relative and Absolute groups,
respectively. The data from the Downshift groups were reflected
around the 6-s vertical line before averaging them with the data from
the Upshift groups. Adapted from Carvalho et al. (2016)

back and forth between data and our sense of understand-
ing temporal performance.

Our basic tenet is that many apparently complex phe-
nomena in the timing domain may be explicable either by
simple phenomena or by their combination in a Spencean
fashion. Certainly, many key questions remain unanswered
about temporal generalization gradients, as both ex-
planandum and explanans. We summarize four of them
below because we believe that to advance our under-
standing of timing and build more powerful quantitative
causal models and theories we will have to answer them
satisfactorily. Moreover, to show their broad pertinence to
our understanding of timing, we examine the questions
according to the LeT and SET models. Our exam will also
show the heuristic value of the synthetic approach pro-
posed here.

The shape of generalization gradients outside the
trained range. What is the shape of temporal generalization
gradients outside the range of trained durations? A
response reinforced at 7' seconds since a time marker, but
extinguished before 7, will increase in strength as time
elapses from 0 to 7, but how strong will it be significantly
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after 77 Models such as LeT and SET assume that the
effect of reinforcement at 7 seconds is represented in
associative links or in memory stores by a Gaussian density
function with mean equal or close to 7, which would seem
to entail a bell-shaped response gradient centered at T.
However, as we mentioned before, if reinforcement is
omitted the response persists unabated for an interval much
longer than T, which means that the Gaussian representa-
tion alone cannot explain the gradient.

At this juncture, the two models diverge. According to
LeT, the response remains strong because the links from
the states that become active only after 7 retained their
initial, above threshold strength. But the account remains
unsatisfactory not only because we lack direct evidence
about the processes it assumes, but also because it does not
specify any boundary conditions such as how long the
response persists after T because of reinforcement at T.

According to SET, the response remains strong because
the animal learned to start responding sometime between 0
and 7, when the representation of elapsed time is suffi-
ciently close to a sample extracted from the memory of
reinforced times, but it did not learn to stop responding. A
categorical decision rule carries the explanatory load. But
the account also remains unsatisfactory because SET has
not explicated how such learning happens, or which cir-
cumstances determine when the start and stop rules are
activated.

The shape of the gradient outside the trained range
remains unclear also in retrospective tasks such as the
temporal bisection procedure. As mentioned before, the
empirical evidence is scarce and hard to interpret, but
clearly responding outside the trained range is not random.
In some cases, proportion “Long” returned to indifference,
a result consistent with non-categorical decision rules
similar to LeT, but in other cases proportion “Long”
remained high for samples longer than the long trained
sample, and low for samples shorter than the short trained
sample, a result consistent with categorical decision rules
similar to SET (see Carvalho et al. 2016, for the pros and
cons of categorical and non-categorical decision rules).

The “becauses’” of temporal generalization gradients.
What factors determine temporal generalization gradients?
Do they remain the same throughout their range? Consider
a bisection task with 1- and 10-s training samples. We do
not know whether the choice gradients for test samples
shorter than 1 s and longer than 10 s are determined by the
same factors. One such factor may be the intertrial interval
that typically precedes all samples: If research shows that it
influences choice following the shortest samples but not the
very long test samples (see Pinto and Machado 2011,
2015), we need to conclude that different factors affect
different ranges of the generalization gradient and then
proceed to define the boundary conditions of each factor.
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Current timing models also may be overlooking some of
the fundamental causal processes of temporal generaliza-
tion, namely inhibitory processes and their behavioral
expression in terms of inhibitory temporal generalization
gradients. Although such gradients remain speculative,
some empirical findings seem to require them. Consider a
situation in which the experimenter combines two peak
procedures, each signaled by different cues, S; and S, a
tone and a light for example. In one peak procedure, the FI
is T-seconds long; in the other, the FI is 27-seconds long.
Hence, the animal experiences four types of trials, two FIs
and two empty trials, in random order. After sufficient
training, test trials with the compound cue S; + S,
(light + tone) are introduced under empty trial conditions.
The outcome is that rats exhibit a response-rate gradient
that peaks between the two reinforced moments, 7" and
2T (other ratios have been used; Swanton et al. 2009;
Swanton and Matell 2011).

Although many effects obtained in these studies remain
hard to interpret (e.g., the effects of reinforcement proba-
bility or signal modality), their authors have argued that the
gradient on compound trials is due to some sort of aver-
aging of the temporal memories formed during training
(Matell and Henning 2013; Matell and Kurti 2014; Swan-
ton et al. 2009; Swanton and Matell 2011). From what we
exposed earlier, the reader will not be surprised if we
suggest an alternative, synthetic account grounded on three
assumptions. First, during training, the states become
coupled with the operant response by two sets of links, one
controlled by S; and changed during the S, trials, and the
other controlled by S, and changed during the S, trials.
Second, the negative covariation between the activation of
some states and reinforcement drives the link strengths,
W(n), to negative values, instead of zero. Third, on com-
pound-cue trials, responding while state n is active depends
on whether the sum of its two links, perhaps differentially
weighted, exceeds a threshold. Our Spencean hypothesis is
that the gradient on compound trials may result from the
sum of the two gradients engendered by the distinctly cued,
and separately trained, peak procedures, the gradient cen-
tered at T and the gradient centered at 27. Although the
hypothesis remains to be elaborated mathematically, it
makes a straightforward prediction: If the two reinforced
moments are far apart, for example, 7; = 30 s and
T, = 240 s, and the empty trials eliminate response rate on
the right wing of the gradients, then, on compound trials,
no peak should occur in the interval from, say, 75-150 s.
A Gaussian-like gradient, with a clear peak within that
interval, would refute the hypothesis.

The foregoing hypothesis tests inhibitory processes
indirectly, by means of a peak of responding at a moment
t clearly outside the generalization basins of reinforcement
at T and 27, and on compound trials of a complex peak
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procedure. It would be desirable to test for inhibition also
more directly—as Honig et al. (1963) did for the dimension
of line-tilt, for example—and across different concurrent
and retrospective procedures.

Generalization gradients and the structure of temporal
memory. The two preceding issues highlight the need for
systematic studies of an analytical sort to better understand
the primitives of the synthetic approach, the shape of the
generalization gradients within and without the trained
range and their causal factors and processes. A different set
of issues comes to the forefront when we attempt to use
these primitives to synthetize more complex temporal
performances. One of them is the structure of temporal
memory, whether it is distributed across the links, as LeT
assumes, or concentrated in distinct stores, as SET
assumes.

The issue will impose itself whenever a single response
is reinforced at two or more different moments since a time
marker and no stimulus signals the trial duration. As
mentioned above, this situation occurs in a mixed FI 10-s—
FI 120-s schedule with a single response key illuminated
with the same white light on both the short and long trials.
Results show that on the majority of the long trials a pigeon
will peck the key at a high rate during two periods, a period
bracketing 10 s, and a period starting before 120 s and
ending with food; the average rate gradient is bimodal.

To explain this result we may assume, following LeT,
that temporal memory is distributed throughout the asso-
ciative links, W(n), and that each link exerts its effect only
when its corresponding state becomes active. The two
response periods observed on each trial as well as the
bimodality of the average gradient stem directly from the
distributed profile of link strengths. But we may also
assume, following SET, that the animal forms two memory
stores, one containing the subjective times at the end of the
10-s trials and the other containing the subjective times at
the end of the 120-s trials. This assumption of two con-
centrated memories would be represented by two Gaussian
density functions, one for the 10-s FI and the other for the
120-s FT. The two response periods could be explained by
assuming that the animal samples the two densities in the
order “10-s” density first, “120-s” density second. The
problem is that, as mentioned above, the reasoning is cir-
cular because it assumes the very discrimination it was
intended to explain; it merges explanans with explanan-
dum. First, to form the two stores, each with its own
Gaussian density, the animal already needs to discriminate
the two sets of reinforced times, for otherwise it would be
unable to save in the correct store the subjective time
reinforced at the end of each trial. And second, to access
the stores in the right order also presupposes the discrim-
ination of their contents. In other words, the circularity
occurs twice, to form the temporal memories and therefore

bootstrap the timing process, and to access the temporal
memories and thereby generate the bimodal gradients (see
also Machado and Silva 2007a, b; also Gallistel 2007).

In addition to concurrent timing tasks, the problem of
temporal memories occurs also in retrospective time
judgements tasks. Singer et al. (2006, Experiment 2)
showed that pigeons can learn to map three samples onto
two comparisons: “2 s — Green, 8 s — Red, 32 s —
Green.” To explain successful learning in this many-to-one
bisection task, LeT would proceed in the same way as for
any other bisection task. Because the associative links are
distributed, the mapping of 2- and 32-s samples onto the
same Green comparison poses no problem. In contrast,
models that posit concentrated memories, each indexed by
a different comparison stimulus, have no principled way to
explain how the Green key indexes the correct memory, the
“2-8” store on the shortest, 2-s trials, and the “32-s” store
on the longest, 32-s trials.

The same problem is illustrated in Fig. 15 by the data
from the absolute group (bottom panels). Across the
ABA'B’ phases of Carvalho et al.’s (2016) study, this group
was exposed alternately to the bisection tasks “2 s — Red,
6s —> Green” (A and A’) and “I18s — Red,
6 s — Green” (B and B’). The sample mapped to Green
always equaled 6 s, but the sample mapped to Red was
shorter than 6 s in one phase, and longer than 6 s in the
subsequent phase. Hence, across phases, the pigeons
effectively learned to map three samples onto two com-
parisons. Moreover, the association learned in one phase
(e.g., “I18 s - Red” in Phase B) was retained to a large
degree while the pigeons learned another association
(“2's — Red” in Phase A’).

To see this result more clearly and appreciate its
implications, Fig. 17 shows a particularly striking case, the
gradients produced by a single pigeon from the absolute
group and the curves fit by the LeT model. Consider the
proportion of choices of the Green comparison following
the 18-s sample. In Phase A (left panel, filled circles), after
learning the mapping “2 s — Red, 6 s — Green,” the
pigeon chose Green on most 18-s trials. This result is
consistent with SET’s account for the bisection task (two
memories stores, one for each sample durations, plus a
categorical decision rule), but, as the solid line shows, it is
inconsistent with LeT. In Phase B (left panel, empty cir-
cles), after learning the mapping “I18 s — Red,
6 s — Green,” the pigeon rarely chose Green on the 18-s
trials, a result in line with the contingencies of reinforce-
ment and consistent with both models. The critical issue is
how the pigeon responds to the 18-s sample after relearning
the mapping “2's — Red, 6 s — Green” in Phase A’.
According to SET’s account for the bisection task, the
pigeon should choose Green on most trials as it did in
Phase A. According to LeT, the pigeon should choose
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Fig. 17 Generalization gradients produced by pigeon P751 (symbols)
in Carvalho et al.’s (2016) study and the curves fitted by the LeT
model. The pigeon learned the following bisection tasks (in each

Green on significantly fewer trials because the association
“18 s — Red” learned in phase B should not be strongly
affected during Phase A’. In fact, the only way to reduce
the “18 s — Red” association during phase A’ is through
generalization from the 6-s sample (associated with
Green); to the extent that reinforcement of Green following
the 6-s sample does not generalize significantly to the 18-s
sample, the “18 s — Red” memory will be preserved. As
the dotted line in the right panel shows, the data were more
consistent with the LeT model.

The data from the 2-s sample revealed the same effect—
having learned to associate 2 s with Red during Phase A
(cf. left panel, filled circle at 2 s), the pigeon continued to
choose Red during Phase B (left panel, empty circle at 2 s),
whereas a SET-like account would predict that the map-
ping “6 s — Green, 18 s » Red” learned during Phase B
would engender a strong preference for Green at 2 s. Then
same effect occurred during Phase B'.

These results challenge the two models, but in different
ways. Concerning SET, the challenge is to explain how
pigeons learn a many-to-one mapping in the temporal
domain, either during a single task (Singer et al. 2006) or
across tasks (Carvalho and Machado 2012; Carvalho et al.
2016), a challenge likely to require different assumptions
concerning temporal memory. Concerning LeT, the chal-
lenge is to explain not memory formation but the cate-
gorical-like responding present during Phase A, a challenge
likely to require a different decision rule.

Temporal memory and sample context. A somewhat
related issue deals with temporal memory and context.
Consider the bisection task: Are the temporal memories
associated with the two trained samples context-indepen-
dent in the sense that each memory is unaffected by the
other memory, or context-dependent? If the latter, what is
the specific form of the context dependence? SET illus-
trates context independence because all its features,
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phase of the ABA'B’ design): 2's — Red, 6 s — Green’ (A and A'),
and ‘18 s —» Red, 6 s —» Green’ (B and B’)

including the memory representations of each sample,
remain the same regardless of the alternative sample.
Hence, without further assumptions, SET cannot explain
the context effect observed in the double bisection studies.
In contrast, by assuming that the distributed links change
with both samples as the animal learns to choose one
comparison and not to choose the other comparison, LeT
naturally predicts the context effect.

The context dependence of temporal learning and
memory is also central to the relational versus absolute
issue. Our approach based on LeT and the findings from
our laboratory have supported the absolute, null hypothesis,
but the picture is blurred by contrasting findings from other
laboratories. If some form of relational temporal learning
does take place, that is, if a sample is represented in terms
of its absolute duration as well as its duration relative to the
other sample, then we need to identify the processes
underlying this form of relational learning, and integrate
them with the processes of absolute temporal learning with
generalization gradients. How to carry out this integration
remains to be worked out (see also Maia and Machado
2009).

While the four questions raised above await further
research, we reaffirm our main message: The bulk of the
evidence in the interval timing field seems to support the
hypothesis that complex temporally regulated behavior
may be synthesized from simple temporal generalization
gradients.

Even though the study of timing was originally
embedded on the general field of stimulus control of
responding, in the last decades it has grown as an inde-
pendent research field. The synthetic approach to tempo-
rally regulated behavior can potentially reestablish the link
between timing and other stimulus dimensions. One
promising extension of our reasoning involves spatial
cognition. An obvious connection is Weber’s law: Pigeons
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accustomed to search for hidden food in an arena show
clustered search patterns around the goal location when
food is absent. Similarly, when pigeons have to estimate
the perpendicular distance from a surface, their search
accuracy follows Weber’s law (Cheng 1990, 1992).

In an extension of Guttman and Kalish (1956) and
Jenkins and Harrison’s (1960) classic studies on stimulus
generalization, Cheng et al. (1997) explored the applica-
bility of the stimulus generalization concept to the spatial
realm. In their Experiment 2, for example, pigeons learned
a spatial discrimination with pecks to a touchscreen rein-
forced in the presence of a S+ and extinguished in the
presence of a horizontally displaced S—. The subsequent
generalization tests involved presenting the discriminative
stimulus at different horizontal locations. They found clear
evidence for an area shift in the direction away from the
S—, and when the S+ and the S— were closer together
(Experiment 3) a peak shift was also observed. Although
the modeling efforts were by no means exhaustive, the
authors themselves implemented a Spencean approach
using spatial generalization gradients to explain their
results (for a broad revision of small-scale spatial cogni-
tion, see Cheng et al. 2006).

Transformation tests implemented to understand how
information from multiple landmarks is combined provided
another tests to our approach. Suppose that animals are
trained to search for food between two landmarks. Suppose
further that after learning the task, the two landmarks are
moved further apart. Where should animals search for
food? Gerbils (Meriones unguiculatus) concentrate their
search in the two spots each at the correct distance and
location for one of the landmarks (Collett et al. 1986). In
contrast, pigeons search for food at intermediate locations
as if they were averaging information from the different
landmarks (e.g., Cheng 1989). Despite these differences
across species, the results suggest that once the animal
learns that food is at a given distance from a landmark, it
distributes its responses according to this distance, and the
more a location differs from the learned distance, the less
the subject responds to that location. Such spatial differ-
entiation describes a spatial gradient of responding (our
spatial primitive), and we could conceive of it as one of the
ingredients to take into account in a synthetic approach to
spatial cognition. How the gradients interact to generate a
single search location or a larger search area is still unclear
but the landmarks themselves could, under certain cir-
cumstances, distort the primitive generalization gradients.

To sum up, when properly operationalized, the synthetic
hypothesis (e.g., LeT) may play a role akin to a null
hypothesis in conventional statistical testing. Like any null
hypothesis, its ultimate fate is to be rejected by the data and
replaced by a better hypothesis. When that happens we will
have advanced significantly our understanding of timing.

Acknowledgments The authors MPC, AM, and MV were sup-
ported by grants SFRH/BD/73875/2010, PTDC/MHC-PCN/3540/
2012, and IF/01624/2013/CP1158/CT0012, respectively, from the
Portuguese Foundation for Science and Technology. This study was
conducted at the Psychology Research Centre, University of Minho,
and partially supported by the Portuguese Foundation for Science and
Technology and the Portuguese Ministry of Education and Science
through national funds and when applicable co-financed by FEDER
under the PT2020 Partnership Agreement (UID/PSI/01662/2013).

References

Arantes J, Machado A (2008) Context effects in a temporal
discrimination task: further tests of the scalar expectancy theory
and learning-to-time models. J Exp Anal Behav 90:33-51

Balci F, Gallistel CR, Allen BD, Frank KM, Gibson JM, Brunner D
(2009) Acquisition of peak responding: what is learned? Behav
Process 80:67-75

Bizo LA, White KG (1995) Biasing the pacemaker in the behavioral
theory of timing. J] Exp Anal Behav 64:225-235

Brown BL, Hohn S, Faure A, von Horsten S, LeBlanc P, Desvignes
N, Doyere V (2011) Temporal sensitivity changes with extended
training in a bisection task in a transgenic rat model. Front Integr
Neurosci 5:1-7

Bush R, Mosteller F (1955) Stochastic models of learning. Wiley,
New York

Cabeza de Vaca S, Brown BL, Hemmes NS (1994) Internal clock and
memory processes in animal timing. J Exp Psychol Anim Behav
Process 20:184-198

Carroll CA, Boggs J, O’Donnell BF, Shekhar A, Hetrick WP (2008)
Temporal processing dysfunction in schizophrenia. Brain Cogn
67:150-161

Carvalho MP, Machado A (2012) Relative versus absolute stimulus
control in the temporal bisection task. J Exp Anal Behav
98:23-44

Carvalho MP, Machado A, Tonneau F (2016) Learning in the
temporal bisection task: relative or absolute? J Exp Psychol
Anim Learn Cogn 42:67-81

Caselli L, Iaboli L, Nichelli P (2009) Time estimation in mild
Alzheimer’s disease patients. Behav Brain Funct 5. Retrieved
from http://www.behavioralandbrainfunctions.com/content/pdf/
1744-9081-5-32.pdf

Catania AC (1970) Reinforcement schedules and the psychophysical
judgments: a study of some temporal properties of behavior. In:
Schoenfeld WN (ed) The theory of reinforcement schedules.
Appleton-Century-Crofts, New York, pp 1-42

Catania AC, Reynolds GS (1968) A quantitative analysis of the
responding maintained by interval schedules of reinforcement.
J Exp Anal Behav 11:327-383

Cheng K (1989) The vector sum model of pigeon landmark use. J Exp
Psychol Anim Behav Process 15:366-375

Cheng K (1990) More psychophysics of the pigeon’s use of
landmarks. J Comp Physiol A 166:857-863

Cheng K (1992) Three psychophysical principles in the processing of
spatial and temporal information. In: Honig WK, Fetterman JG
(eds) Cognitive aspects of stimulus control. Lawrence Erlbaum
Associates, Hillsdale, pp 69-88

Cheng K, Westwood R, Crystal JD (1993) Memory variance in the
peak procedure of timing in pigeons. J Exp Psychol Anim Behav
Process 19:68-76

Cheng K, Spetch M, Johnston M (1997) Spatial peak shift and
generalization in pigeons. J Exp Psychol Anim Behav Process
23:469-481

@ Springer


http://www.behavioralandbrainfunctions.com/content/pdf/1744-9081-5-32.pdf
http://www.behavioralandbrainfunctions.com/content/pdf/1744-9081-5-32.pdf

730

Anim Cogn (2016) 19:707-732

Cheng K, Spetch M, Kelly D, Bingman V (2006) Small-scale spatial
cognition in pigeons. Behav Process 72:115-127

Church RM (2003) A concise introduction to scalar timing theory. In:
Meck W (ed) Functional and neural mechanisms of interval
timing. CRC Press, Boca Raton, pp 3-22

Church RM (2004) Temporal learning. In: Pashler H, Gallistel CR
(eds) Stevens’ handbook of experimental psychology, vol. 3:
learning, motivation, and emotion, 3rd edn. Wiley, New York,
pp 365-393

Church RM, Deluty MZ (1977) Bisection of temporal intervals. J Exp
Psychol Anim Behav Process 3:216-228

Church RM, Gibbon J (1982) Temporal generalization. J Exp Psychol
Anim Behav Process 8:165-189

Church RM, Meck WH, Gibbon J (1994) Application of scalar timing
theory to individual trials. J Exp Psychol Anim Behav Process
20:135-155

Collett TS, Cartwright BA, Smith BA (1986) Landmark learning and
visuo-spatial memories in gerbils. J Comp Physiol A
158:835-851

Cook RG, Rosen HA (2010) Temporal control of internal states in
pigeons. Psychon Bull Rev 17:915-922

Crystal JD, Baramidze GT (2006) Endogenous oscillations in short-
interval timing. Behav Process 74:152-158

Dews PB (1970) The theory of fixed-interval responding. In:
Schoenfeld WN (ed) The theory of reinforcement schedules.
Appleton-Century-Crofts, New York, pp 43-61

Dews PB (1978) Studies on responding under fixed-interval schedules
of reinforcement II. The scalloped pattern of the cumulative
record. J Exp Anal Behav 29:67-75

Elsmore TF (1971) Control of responding by stimulus duration. J Exp
Anal Behav 16:81-87

Ferster CB, Skinner BF (1957) Schedules of reinforcement. Appleton-
Century-Crofts, New York

Gallistel CR (1990) The organization of learning. Bradford Books/
MIT Press, Cambridge

Gallistel CR (2007) Flawed foundations of associationism? Comment
on Machado and Silva (2007). Am Psychol 62:682-685

Gallistel CR, King A, McDonald R (2004) Sources of variability and
systematic error in mouse timing behavior. J Exp Psychol Anim
Behav Process 30:3-16

Ghirlanda S, Enquist M (2003) A century of generalization. Anim
Behav 66:15-36

Gibbon J (1977) Scalar expectancy theory and Weber’s law in animal
timing. Psychol Rev 84:279-325

Gibbon J (1991) Origins of scalar timing theory. Learn Motiv 22:3-38

Gibbon J, Church R (1992) Comparison of variance and covariance
patterns in parallel and serial theories of timing. J Exp Anal
Behav 57:393-406

Gibbon J, Church R, Meck W (1984) Scalar timing in memory. In:
Allan L, Gibbon J (eds) Timing and time perception. Annals of
the New York Academy of Sciences, New York, pp 52-77

Guilhardi P, Church RM (2004) Measures of temporal discrimination
in fixed-interval performance: a case study in archiving data.
Behav Res Methods Instrum Comput 36:661-669

Guilhardi P, MacInnis MLM, Church RM, Machado A (2007) Shifts
in the psychophysical function in rats. Behavioral Processes
75:167-175

Guttman N, Kalish H (1956) Discriminability and stimulus general-
ization. J Exp Psychol 51:79-88

Honig WK, Boneau CA, Berstein KR, Pennypacker HS (1963)
Positive and negative generalization gradients obtained under
equivalent training conditions. J Comp Physiol Psychol
56:111-116

Hulse SH, Kline CL (1993) The perception of time relations in
auditory tempo discrimination. Anim Learn Behav 21:281-288

@ Springer

Jenkins HM, Harrison RH (1960) Effect of discrimination training on
auditory generalization. J Exp Psychol 59:246-253

Kaiser DH (2008) The proportion of fixed interval trials to probe trials
affects acquisition of the peak procedure fixed interval timing
task. Behav Process 77:100-108

Kaiser DH, Zentall T, Neiman E (2002) Timing in pigeons: effects of
the similarity between intertrial interval and gap in a timing
signal. J Exp Psychol Anim Behav Process 28:416-422

Killeen PR (1999) Modeling modeling. J Exp Anal Behav 71:275-280

Killeen PR, Fetterman JG (1988) A behavioral theory of timing.
Psychol Rev 95:274-285

Killeen PR, Fetterman JG (1993) The behavioral theory of timing:
transition analyses. J Exp Anal Behav 59:411-422

Kirkpatrick-Steger K, Miller S, Betti C, Wasserman E (1996) Cyclic
responding by pigeons on the peak timing procedure. J Exp
Psychol Anim Behav Process 22:447-460

Kohler W (1938) Simple structural functions in the chimpanzee and
in the children. In: Ellis WD (ed) A source book of gestalt
psychology. Routledge & Kegan, London

Laude J, Stagner J, Rayburn-Reeves R, Zentall T (2014) Midsession
reversals with pigeons: visual versus spatial discriminations and
the intertrial interval. Learn Behav 42:40-46

Leak T, Gibbon J (1995) Simultaneous timing of multiple intervals:
implications of the scalar property. J Exp Psychol Anim Behav
Process 21:3-19

Lejeune H, Wearden JH (1991) The comparative psychology of fixed-
interval responding: some quantitative analyses. Learn Motiv
22:84-111

Lejeune H, Wearden JH (2006) Scalar properties in animal timing:
conformity and violations. Q J Exp Psychol 59:1875-1908

Lejeune H, Richelle M, Wearden JH (2006) About Skinner and time:
behavior-analytic contributions to research on animal timing.
J Exp Anal Behav 85:125-142

Lima J (2010) Invariancia da escala temporal com programas de
intervalos fixos misturados. Unpublished master’s thesis, Univer-
sity of Minho, Braga, Portugal

Lowe CF, Harzem P (1977) Species differences in temporal control of
behavior. J Exp Anal Behav 28:189-201

Lowe CF, Harzem P, Spencer P (1979) Temporal control of behavior
and the power law. J Exp Anal Behav 31:333-343

MacDonald C, Cheng RK, Meck WH (2012) Interval timing and
time-based decision making requires differential protein synthe-
sis in the dorsal and ventral striatum for the setting of ‘Start’ and
‘Stop’ response thresholds. Front Integr Neurosci 6:10. doi:10.
3389/fnint.2012.00010

Machado A (1997) Learning the temporal dynamics of behavior.
Psychol Rev 104:241-265

Machado A, Arantes J (2006) Comparison of scalar expectancy
theory (SET) and the learning-to-time (LeT) model in a
successive temporal bisection task. Behav Process 72:195-206

Machado A, Cevik M (1998) Acquisition and extinction under
periodic reinforcement. Behav Process 44:237-262

Machado A, Guilhardi P (2000) Shifts in the psychometric function
and their implications for models of timing. J] Exp Anal Behav
74:25-54

Machado A, Keen R (1999) Learning to time (LeT) or scalar
expectancy theory (SET)? A critical test of two models of
timing. Psychol Sci 10:285-290

Machado A, Keen R (2003) Temporal discrimination in a long
operant chamber. Behav Process 62:157-182

Machado A, Oliveira L (2009) Dupla bisseccdo temporal: testes
criticos de dois modelos de timing. Acta Comport 17:25-60

Machado A, Pata P (2005) Testing the scalar expectancy theory (SET)
and the learning-to-time model (LeT) in a double bisection task.
Learn Behav 33:111-122


http://dx.doi.org/10.3389/fnint.2012.00010
http://dx.doi.org/10.3389/fnint.2012.00010

Anim Cogn (2016) 19:707-732

731

Machado A, Silva F (2007a) Toward a richer view of the scientific
method: the role of conceptual analysis. Am Psychol 62:671-681

Machado A, Silva F (2007b) On the clarification of concepts: a reply
to Gallistel (2007) and Lau (2007). Am Psychol 62:689-691

Machado A, Malheiro MT, Erlhagen W (2009) Learning to time: a
perspective. J] Exp Anal Behav 92:423-458

Maia S, Machado A (2009) Representation of time intervals in a
double bisection task: relative or absolute? Behav Process
81:280-285

Matell MS, Henning AM (2013) Temporal memory averaging and
post-encoding alterations in temporal expectation. Behav Pro-
cess 95:31-39

Matell MS, Kurti AN (2014) Reinforcement probability modulates
temporal memory selection and integration processes. Acta
Psychol 147:80-91

McMillan N, Roberts WA (2012) Pigeons make errors as a result of
interval timing in a visual, but not visual-spatial, midsession
reversal task. J Exp Psychol Anim Behav Process 38:440-445

McMillan N, Roberts W (2015) A three-stimulus midsession reversal
task in pigeons with visual and spatial discriminative stimuli.
Anim Cogn 18:373-383

McMillan N, Kirk CR, Roberts WA (2014) Pigeon (Columba livia)
and rat (Rattus norvegicus) performance in the midsession
reversal procedure depends upon cue dimensionality. J Comp
Psychol 128:357-366

Meck WH (1983) Selective adjustment of the speed of internal clock
and memory processes. J Exp Psychol Anim Behav Process
9:171-201

Meck WH, Church RM (1984) Simultaneous temporal processing.
J Exp Psycol Anim Behav Process 10:1-29

Merchant H, Luciana M, Hooper C, Majestic S, Tuite P (2008)
Interval timing and Parkinsonis disease: heterogeneity in tempo-
ral performance. Exp Brain Res 184:233-248

Molet M, Zentall TR (2008) Relative judgments affect assessments of
stimulus duration. Psychon Bull Rev 15:431-436

Monteiro T, Machado A (2009) Oscillations following periodic
reinforcement. Behav Process 81:170-188

Odum AL, Lieving LM, Schaal DW (2002) Effects of d-amphetamine
in a temporal discrimination procedure: selective changes in
timing or rate dependency? J Exp Anal Behav 78:195-214

Oliveira L, Machado A (2008) The effect of sample duration and cue
on a double temporal discrimination. Learn Motiv 39:71-94

Oliveira L, Machado A (2009) Context effect in a temporal bisection
task with the choice keys available during the sample. Behav
Process 81:286-292

Pinto C, Machado A (2011) Short-term memory for temporal
intervals: contrasting explanations of the choose-short effect in
pigeons. Learn Motiv 42:13-25

Pinto C, Machado A (2015) Coding in pigeons: multiple-coding
versus single-code/default strategies. J Exp Anal Behav
103:472-483

Platt JR (1979) Temporal differentiation and the psychophysics of
time. In: Zeiler MD, Harzem P (eds) Reinforcement and the
organization of behavior. Wiley, New York, pp 1-29

Platt JR, Davis ER (1983) Bisection of temporal intervals by pigeons.
J Exp Psychol Anim Behav Process 9:160-170

Rayburn-Reeves RM, Zentall TR (2013) Pigeons’ use of cues in a
repeated five-trial-sequence, single-reversal task. Learn Behav
41:138-147

Rayburn-Reeves RM, Molet M, Zentall TR (2011) Simultaneous
discrimination reversal learning in pigeons and humans: antic-
ipatory and perseverative errors. Learn Behav 39:125-137

Rayburn-Reeves RM, Laude JR, Zentall TR (2013) Pigeons show
near-optimal win-stay/lose-shift performance on a simultaneous-
discrimination, midsession reversal task with short intertrial
intervals. Behav Process 92:65-70

Reynolds GS, Catania AC (1962) Temporal discrimination in
pigeons. Science 135:314-315

Richelle M, Lejeune H (1980) Time in animal behavior. Pergamon,
New York

Roberts S (1981) Isolation of an internal clock. J Exp Psychol Anim
Behav Process 7:242-268

Roberts S (1998) The mental representation of time: Uncovering a
biological clock. In: Scarborough D, Sternberg S (eds) An
invitation to cognitive science: methods, models, and conceptual
issues, vol 4, 2nd edn. MIT Press, Cambridge, pp 53-106

Roberts WA, Cheng K, Cohen JS (1989) Timing light and tone
signals in pigeons. J Exp Psychol Anim Behav Process 15:23-35

Russell R, Kirkpatrick K (2007) The role of temporal generalization
in a temporal discrimination task. Behav Process 74:115-125

Sanabria F, Killeen P (2007) Temporal generalization accounts for
response resurgence in the peak procedure. Behav Process
74:126-141

Schneider BA (1969) A two-state analysis of fixed-interval respond-
ing in the pigeon. J Exp Anal Behav 12:677-687

Siegel SF (1986) A test of the similarity rule model of temporal
bisection. Learn Motiv 17:59-75

Singer R, Klein E, Zentall T (2006) Use of a single-code/default
strategy by pigeons to acquire duration sample discriminations.
Learn Motiv 34:340-347

Skinner BF (1938) The behavior of organisms: an experimental
analysis. Appleton-Century-Crofts, New York

Spence KW (1936) The nature of discrimination learning in animals.
Psychol Rev 43:427-449

Spence KW (1937) The differential response in animals to stimuli
varying within a single dimension. Psychol Rev 44:430-444

Spence KW (1942) The basis of solution by chimpanzees of the
intermediate size problem. J Exp Psychol 31:257-271

Spetch ML, Cheng K (1998) A step function in pigeons’ temporal
generalization in the peak shift task. Anim Learn Behav
26:103-118

Staddon JER, Cerutti D (2003) Operant conditioning. Annu Rev
Psychol 54:115-144

Staddon JER, Higa J (1999) Time and memory: towards a pacemaker-
free theory of interval timing. J Exp Anal Behav 71:215-251

Stagner JP, Michler DM, Rayburn-Reeves RM, Laude JR, Zentall TR
(2013) Midsession reversal learning: why do pigeons anticipate
and perseverate? Learn Behav 41:54-60

Stubbs DA (1976) Response bias and the discrimination of stimulus
duration. J Exp Anal Behav 25:243-250

Swanton DN, Matell MS (2011) Stimulus compounding in interval
timing: the modality-duration relationship of the anchor dura-
tions results in qualitatively different response patterns to the
compound cue. J Exp Psychol Anim Behav Process 37:94-107

Swanton DN, Gooch CM, Matell MS (2009) Averaging of temporal
memories by rats. J Exp Psychol Anim Behav Process 35:434-439

Switalski RW, Lyons J, Thomas DR (1966) Effects of interdimen-
sional training on stimulus generalization. J Exp Psychol
72:661-666

Vieira de Castro AC, Machado A (2012) The interaction of temporal
generalization gradients predicts the context effect. J Exp Anal
Behav 97:263-279

Vieira de Castro AC, Machado A, Tomanari GY (2013) The context
effect as interaction of temporal generalization gradients: testing
the fundamental assumptions of the learning-to-time model.
Behav Process 95:18-30

Vieira de Castro AC, Vasconcelos M, Machado A (2015) Temporal
generalization gradients following an interdimensional discrim-
ination training. Q J Exp Psychol 25:1-18

Wearden JH, Edwards H, Fakhri M, Percival A (1998) Why “sounds
are judged longer than lights”: application of a model of the
internal clock in humans. Q J Exp Psychol 51:97-120

@ Springer



732

Anim Cogn (2016) 19:707-732

Wearden JH, Norton R, Martin S, Montford-Bebb O (2007) Internal
clock processes and the filled duration illusion. J Exp Psychol
Hum Percept Perform 33:716-729

Whitaker JS, Lowe CF, Wearden J (2003) Multiple-interval timing in
rats: performance on two valued mixed fixed-interval schedules.
J Exp Psychol Anim Behav Process 29:277-291

Whitaker JS, Lowe CF, Wearden J (2008) When to respond? And
how much? Temporal control and response output on mixed-
fixed-interval schedules with unequally probable components.
Behav Process 77:33-42

@ Springer

Wynne CDL, Staddon JER (1988) Typical delay determines waiting
time on periodic-food schedules: static and dynamic tests. J Exp
Anal Behav 50:197-210

Zeiler MD, Powell DG (1994) Temporal control in fixed-interval
schedules. J Exp Anal Behav 61:1-9

Zentall TR, Weaver JE, Clement TS (2004) Pigeons group time
intervals according to their relative duration. Psychon Bull Rev
11:113-117



	Animal timing: a synthetic approach
	Abstract
	Part I: The temporal generalization gradients in prototypical procedures
	Fixed-interval schedule and the peak procedure
	The temporal generalization task

	Part II: The synthetic approach at work
	Concurrent timing: mixed fixed-interval schedules and the serial nature of temporal memories
	Concurrent timing: the free-operant psychophysical procedure and the distributed nature of temporal memories
	Retrospective timing: simple bisection
	Retrospective timing: double temporal bisection and a context effect
	A case study: searching for relational temporal control with LeT as the null hypothesis

	Part III: Conclusion
	Acknowledgments
	References




