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The temporal precision of reward prediction in
dopamine neurons
Christopher D Fiorillo1, William T Newsome1 & Wolfram Schultz2
Midbrain dopamine neurons are activated when reward is greater than predicted, and this error signal could teach target neurons
both the value of reward and when it will occur. We used the dopamine error signal to measure how the expectation of reward
was distributed over time. Animals were trained with fixed-duration intervals of 1–16 s between conditioned stimulus onset and
reward. In contrast to the weak responses that have been observed after short intervals (1–2 s), activations to reward increased
steeply and linearly with the logarithm of the interval. Results with varied stimulus-reward intervals suggest that the neural
expectation was substantial after just half an interval had elapsed. Thus, the neural expectation of reward in these experiments
was not highly precise and the precision declined sharply with interval duration. The neural precision of expectation appeared to
be at least qualitatively similar to the precision of anticipatory licking behavior.

To select the most advantageous behavioral outputs, the nervous
system must recognize and exploit spatial and temporal patterns in
its sensory inputs. Although spatial processing has a straightforward
anatomical correlate, very little is known about how the nervous system
processes time. Interval timing in the range of seconds to hours is
known to depend on the basal ganglia and, like other functions of the
basal ganglia, is strongly dependent on dopamine innervation from the
ventral midbrain1–5. Several models of timing propose a central role for
midbrain dopamine neurons5–14. A number of these are reinforcement
learning models that rely on the reward prediction error signal of
midbrain dopamine neurons to teach target neurons to predict when a
reward event will occur (as well as its reward value)7–14. We investigated
the effect of reward timing on the responses of dopamine neurons.
Evidence that dopamine neurons encode a reward prediction error
comes primarily from electrophysiological recordings15–24. Dopamine
neurons are strongly activated when a reward, such as a drop of juice, is
repeatedly delivered with a long and variable inter-reward interval.
However, when a reward consistently follows a conditioned stimulus or
an operant response after a fixed delay of 1–2 s, dopamine neurons
show little or no activation. When reward is expected, but does not
occur, then the neurons’ firing rate is suppressed below its baseline level
shortly after the time that reward is usually delivered, even in the
absence of any external cue15,16,21. Furthermore, when the expectation
of reward is systematically varied, the activation by reward is graded,
declining roughly in proportion to reward expectation18,21,24. Thus, by
measuring the dopamine error signal while manipulating the timing of
reward, we should be able to estimate the temporal precision of the
neural expectation. In principle, the neural expectation could be quite
precise, rising abruptly to its peak near the end of a fixed interval, or
could be less precise, rising slowly from the start of the interval.

Furthermore, temporal precision at the behavioral level is known to
decline as interval duration increases, and dopamine responses could
therefore be sensitive to interval duration.
RESULTS
Behavior
Two macaque monkeys underwent Pavlovian conditioning (Fig. 1a).
Each of four visual stimuli, presented on randomly interleaved trials,
was associated with a particular fixed delay to liquid reward, which
varied from 1–16 s depending on the conditioned stimulus. Each
monkey was trained for at least 5 d and 600 presentations of each
conditioned stimulus to establish stable conditioned behavior before
the start of physiological recordings.
Anticipatory licking served as a behavioral measure of the monkeys’
reward expectation. Sweetened liquid was delivered from a spout just in
front of the mouth. If the monkey’s tongue or lips were not already
extended toward the spout at the time of the liquid delivery, a portion
of the liquid would fall unconsumed. After training, both monkeys
showed anticipatory licking only during stimulus-reward intervals.
Licking typically started about halfway through the stimulus-reward
interval and, once it had begun, lasted until reward was delivered
(Fig. 1b). Both monkeys licked earlier and on a greater proportion of
trials when the interval was shorter (Fig. 1c), although monkey B licked
on a smaller proportion of trials than monkey A (see Methods).
After we completed the physiological recordings, we trained the
animals on a variant of the same task called the peak-interval procedure1. The same conditioned stimuli were used, but the conditioned
stimulus remained on for three times its usual duration and no reward
was delivered on one quarter of pseudo-randomly chosen trials. The
average licking behavior on these probe trials increased until the usual
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Figure 1 Timing of anticipatory licking behavior (Experiment 1). (a) The
task design used Pavlovian delay conditioning. Each of four visual icons,
presented on pseudo-randomly interleaved trials, was paired with a different
delay from conditioned stimulus onset to juice onset. Receipt of the full
volume of juice required licking at the time of juice delivery. (b) Each
horizontal line represents the time of licking on an individual trial during
2- and 16-s intervals. The time was normalized to interval duration. CS,
conditioned stimulus. (c) The fraction of all trials with licking increased as
the interval elapsed. Conditioned stimulus onset occurred at time zero.
Licking is shown up until the time of juice delivery. (d) Licking behavior on
unrewarded probe trials in the peak interval procedure. Time (x axis) was
scaled by the standard stimulus-reward interval. The overlap of data for
different stimulus-reward intervals demonstrates that the timing of licking
scales with interval duration, consistent with Weber’s Law, except on the
rising phase in animal B.

intervals. The patterns of timed behavior in our monkeys were at least
qualitatively similar to those of humans and other animals1,4,25.
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time of reward and then declined, suggesting that the monkeys’
subjective expectation usually reached its peak very near the end of
the standard interval (Fig. 1d). However, the licking was spread over a
relatively long period of time, with the amount of licking on probe
trials remaining over half its maximal value for at least as long as the
standard interval.
A hallmark of interval timing in the range of seconds to minutes or
longer is that the temporal uncertainty, or spread in the expectation,
scales linearly with the interval duration1,4,25. This phenomenon is
often called the ‘scalar’ property of timing, and it is analogous to
Weber’s law for the perception of stimulus intensity. When the
time axes were scaled by the standard interval and the average amount
of licking was normalized by its maximum, the licking superimposed
across stimulus-reward intervals (Fig. 1d). Thus the licking behavior of
our monkeys appeared to show scalar timing. The only exception was
licking on the rising phase in monkey B (see Methods).
Observation of licking behavior led us to several conclusions. First,
the fact that licking was restricted to the latter half of stimulus-reward
intervals and was sometimes entirely absent for longer intervals
(depriving the animals of reward) suggests that the cost of licking
was high enough that the animals had an incentive for precise timing in
this task. Nonetheless, even after hundreds of trials of training on fixed
intervals, licking typically began after only about half the interval had
elapsed. This suggests substantial temporal uncertainty (low precision).
However, the temporal uncertainty cannot be readily quantified, as
licking is unlikely to directly reflect reward expectation. Presumably the
monkey licks when its reward expectation at a given moment exceeds a
threshold that is determined by the cost of licking. This would explain
why both the latency and average amount of licking depend on how
much liquid is expected23. Thus, an absence of licking does not
necessarily reflect an absence of expectation, and the expectation
presumably rises both before and after the onset of licking. Finally,
temporal precision declined as the duration of the interval was
increased (Fig. 1c,d). Thus, the momentary expectation was lower
during longer stimulus-reward intervals in comparison with shorter
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Physiology
We individually recorded single dopamine neurons in the substantia
nigra and ventral tegmental area (see Methods). Juice was delivered
without any predictive cue in a separate block of trials with a long and
variable inter-reward interval (a uniform distribution of 6–16 s in
monkey A and 2–16 s in monkey B). As in our previous work18,23,
reward delivered in this context was less predictable than in any other
condition that we studied. The relatively large response to this
‘unpredicted’ reward served as a standard to which other reward
responses in the same neuron could be compared.
We carried out three distinct experiments. The first examined the
effect of fixed stimulus-reward intervals of different durations (Fig. 2).
On the basis of the behavior, the spread of temporal expectation
appeared to increase (precision decreases) with stimulus-reward interval (Fig. 1). Thus, the momentary expectation was weaker for longer
interval durations, and this appeared to be reflected in the larger reward
responses of dopamine neurons (Fig. 2). The second experiment
examined the response to reward that was delivered earlier or later
than usual on a small number of probe trials (Fig. 3). The third
experiment examined responses to reward that was delivered after a
stimulus-reward interval that varied in duration from trial to trial
(Figs. 4 and 5). These latter two experiments provided a measure of the
temporal spread or precision of expectation. Dopamine reward
responses in these tasks were found to be only weakly sensitive to the
precise timing of reward, suggesting low precision.
Experiment 1: fixed intervals of differing durations
Neurons were recorded in the Pavlovian task described above
(Fig. 1a–c). As previously shown, when a conditioned stimulus preceded reward by a short interval of 1 or 2 s, the reward elicited little or no
activation, whereas the conditioned stimulus elicited a substantial
activation. As the stimulus-reward interval increased, the response to
the conditioned stimulus diminished (Fig. 2a,b and Supplementary
Fig. 1 online). This finding supports the proposal of dopaminemediated reinforcement learning models that the reward value that
drives dopamine neurons is best defined as the discounted sum of future
rewards7–14. According to these models, a conditioned stimulus associated with a longer delay to liquid reward acquires a lesser reward value,
as the value of the liquid that it predicts is discounted.
In contrast to conditioned stimulus responses, reward responses
increased with the stimulus-reward interval (Fig. 2c,d and Supplementary Fig. 1). Linear regression analyses showed that the mean
population response to reward in each monkey increased in proportion
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Figure 2 Dopamine neurons are sensitive to interval duration (Experiment 1). (a) Population histograms (mean ± s.e.m.) of firing rates from 30 neurons in
animal B following the onset of conditioned stimuli. Neurons were more strongly activated by stimuli associated with a shorter delay before reward. Color code
is shown in c. Bin size ¼ 20 ms. The time period indicated by the double-headed arrow was chosen to quantify the conditioned stimulus responses of all
neurons in animal B, as shown in b. Histograms of firing rate are shown in the same format in all figures. (b) Mean population responses (± s.e.m., 11 neurons
in animal A, 30 in animal B) to each conditioned stimulus as a function of stimulus-reward interval. Prior to averaging across neurons, responses were
normalized to the response following the conditioned stimulus that was associated with the shortest interval (see Methods). (c) Population histograms of firing
rates from 30 neurons following juice onset in animal B. (d) Mean population responses to juice delivery as a function of stimulus-reward interval (26–34
neurons in animal A (black), 30 in animal B (gray)). Prior to averaging across neurons, responses were normalized to the response to juice delivery that
followed a long and variable interval (see Methods). For each animal, responses were a linear function of interval duration on a logarithmic scale, as indicated
by the R2 values.

Experiment 2: probe trails with early or late reward
To investigate the extent to which the expectation is spread over time,
we carried out a second set of experiments in which we trained each
animal with a fixed stimulus-reward interval of 2.0 s for 500–2,000
trials. During subsequent physiological recordings, we delivered reward
after a delay of 1.0 s on a small number of probe trials (Fig. 3a). Early
reward caused a greater activation than did reward at its usual time
(Fig. 3b,c), confirming a previous study16. However, there was much
less activation to early reward than to ‘unpredicted’ reward, suggesting
that the neural expectation was relatively strong even after just half of
the 2-s interval had elapsed. We observed similar responses when
reward was delivered at 1.5, 2.5 or 3.0 s (Supplementary Fig. 3 and
Supplementary Results online). We found no physiological evidence
that the reward expectation had been substantially altered by exposure
Figure 3 Response of dopamine neurons to juice delivered earlier or later
than usual (Experiment 2). (a) Schematic illustrating the design of
Experiment 2 with probe trials. After extensive training in which a
conditioned stimulus was followed by juice after 2.0 s on all trials, juice was
delivered after 1.0 s on 20% of pseudo-randomly selected probe trials during
physiological recordings. (b) Population histograms (animal B) of responses
to juice when it was delivered at its usual time of 2.0 s, at 1.0 s on probe
trials, or unpredictably after a long and variable interval in the absence of an
explicit conditioned stimulus. (c) Mean (± s.e.m.) responses averaged across
all neurons in both animals, measured at the time period indicated by the
double-headed arrow shown in b. Prior to averaging, firing rates in each
neuron were divided by the response to ‘unpredicted’ juice in the same
neuron. Gray scale is the same as b.
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to the probe trials, and even if it were, the alteration would probably not
be large enough to account for the weak activation to early reward that
we observed (Fig. 3; see Supplementary Fig. 4 and Supplementary
Results online).
Experiment 3: variable intervals
As an additional test of the temporal precision of the neural expectation, we examined the effect of varying a stimulus-reward interval from
trial to trial (Fig. 4a). The distribution of intervals was flat and ranged
between 1.0 and 3.0 s (or 0.5 and 3.5 s; Fig. 5a). The animal’s
expectation during this variable interval should be spread over a
duration of at least 2 s (as a result of averaging across past intervals
of differing durations; for example, see ref. 26). If the expectation
associated with each observed interval is strong for only a brief period
near the end of the interval (high precision), then introduction of
variable intervals should substantially weaken the momentary reward
expectation, resulting in large dopamine responses. In contrast with
this high-precision hypothesis, we found that dopamine neurons were
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to the logarithm of the interval (R2 4 0.98, P o 0.01; Fig. 2d). Among
individual neurons, 38 of 40 had a positive slope, of which 16 were
significantly positive (P o 0.05; Supplementary Fig. 2 and Supplementary Results online). Thus, in contrast with previous observations
with short fixed intervals, rewards delivered after fixed intervals that
were 2–4-fold longer caused a substantial activation of dopamine
neurons. In fact, after a 16-s interval, the reward response was as
large as that following ‘unpredicted’ reward (Fig. 2d). This is presumably because the temporal spread of expectation increased and the
momentary expectation of reward decreased with interval duration, as
suggested by the lesser amount of licking behavior that we observed
during longer intervals (Fig. 1c).
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only slightly (but significantly) more activated by reward delivered after
the variable interval than after a fixed 2-s interval (P o 0.005 in
each monkey, paired t tests; Fig. 4b,c), suggesting that trial-to-trial
variations in interval duration of ±50% did not strongly alter the
expectation. Thus, the neural expectation appeared to be relatively high
during both fixed and variable intervals of short duration, as evidenced
by the much larger reward responses that we observed with the
standard long and variable intervals (Fig. 4b,c).
When the reward responses in the same experiment were examined
as a function of the preceding interval, responses were observed to be
larger on trials in which reward was delivered after a shorter interval
(Fig. 5b), suggesting that the expectation grew stronger as the interval
elapsed in the absence of reward. Because reward was delivered by 3.0 s
on every trial, the absence of reward at one moment during the elapsing
interval may increase the expectation that reward will occur in the next
moment. The contingency over time between no reward and reward is
described by the hazard function. It has been shown that the behavior
of monkeys and the firing rate of neurons in parietal cortex track
elapsed time in a manner consistent with the hazard function27.
Although the expectation apparently grew during the elapsing interval,
late rewards nonetheless caused activation of dopamine neurons above
their baseline firing rate (compare the activation rates in Fig. 5b with
the baseline rates in Fig. 4b). Similarly, delivery of conditioned stimuli
and rewards following longer than average intertrial intervals also
elicited activations (data not shown). These observations appear to
contradict a previously proposed model of reward timing14, which
predicts that rewards delivered later than usual should suppress the
activity of dopamine neurons.
If the expectation of reward grows over time during an elapsing
interval, then the activity of dopamine neurons may be increasingly
suppressed as the stimulus-reward interval elapses in the absence of
reward. Indeed, the firing rate gradually declined as the variable interval
elapsed (P o 0.05 in each monkey; see Methods and Fig. 5c). The slight
gradual decline in firing rate could reflect negative prediction errors
that are small and growing over time as reward expectation increases.
We also found evidence for a similar effect during short fixed stimulusreward intervals. For a fixed 1-s stimulus-reward interval, the firing
rate in a population of 30 neurons was suppressed from a baseline of
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Figure 4 Response of dopamine neurons to juice delivered following
a stimulus-reward interval that varied across trials (Experiment 3).
(a) Schematic illustrating the design of Experiment 3. Onset of one
conditioned stimulus was always followed by juice after a fixed interval of
2.0 s. Onset of a second conditioned stimulus was followed by juice at any
time between 1.0 and 3.0 s. (b) Population histograms (animal B) of
responses to juice delivered after a fixed 2.0-s interval, a variable interval
with a mean of 2.0 s, or a long and variable interval. We tested 32 of the 62
neurons recorded in animal B with a 0.5–3.5-s interval rather than a 1–3-s
interval. All responses following the variable interval conditioned stimulus
have been averaged together, regardless of whether a particular interval was
long or short. Figure 5 shows responses as a function of the actual preceding
interval. (c) Mean (± s.e.m.) responses averaged across all neurons in both
animals, measured at the time period indicated by the double-headed arrow
shown in b. Prior to averaging, the firing rates in each neuron were divided
by the response to ‘unpredicted’ juice of the same neuron. Gray scale is the
same as b.
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3.00 ± 0.08 impluses per s (measured in the 0.5-s period before
conditioned stimulus onset) to 2.70 ± 0.07 in the 0.5-s period before
reward delivery (P o 0.01, paried t-test). A similar suppression of
activity was seen for a fixed 2-s interval (P o 0.05, 62 neurons; Fig. 5c),
but not for longer intervals (Fig. 5f). Such an effect may be negligible for
longer fixed intervals, as the momentary expectation would be weaker.
In the experiment described above, the distribution of stimulusreward intervals was flat, meaning that all of the intervals were equally
probable. Previous work has shown that the behavior of monkeys and
the activity of single cortical neurons can also adapt to reflect
knowledge of unimodal and bimodal interval distributions27,28.
An exponential distribution is particularly interesting to consider,
as its hazard function is flat. Thus the expectation in the present
moment is independent of what happened in the preceding moment.
We trained monkey B with a stimulus-reward interval of 1 s plus an
exponential distribution with a mean of 1 s (Fig. 5d). Responses of
dopamine neurons were larger following earlier rewards (P o 0.05,
linear regression; Fig. 5e), similar to our results with flat distributions
(Fig. 5b). In addition, the firing rate tended to decline gradually as the
interval elapsed with no reward delivery, although this trend did not
reach statistical significance (P ¼ 0.22; Fig. 5c). Thus, neural activity
appeared not to reflect knowledge of the unique time-independent
property of the exponential distribution. Despite considerable training,
the monkey may not have been able to learn that neighboring points in
time were statistically independent. We found this interesting, as one
might have suspected that statistical independence is readily learned or
even that it represents the system’s default assumption. However,
exponential distributions of intervals between reward events may be
virtually nonexistent in the natural world, and a system that is designed
to exploit temporal correlations may not be capable of leaning that
there is no correlation in some rare cases.
A model of timing in dopamine neurons
We attempted to develop a mathematical description of the temporal
expectation that is consistent with the behavioral and neural data and is
able to explain why reward responses increase in proportion to the
logarithm of the stimulus-reward interval. For the case of familiar
fixed intervals, we wanted to describe how the animal’s subjective
reward expectation is distributed over future time, starting just after
the conditioned stimulus has appeared and been identified by the
animal. For simplicity, we assume that the expectation is reasonably
described by a probability distribution, in which case the integral over
future time must be one (even though reward can never be certain to
be delivered in the future). Neither the behavioral nor neural data
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intervals. Following the initial phasic activation in response to conditioned stimulus onset, firing rate gradually declined as the variable interval elapsed, as
indicated by linear regression analyses. Error bars (s.e.m.) are larger for longer intervals, as fewer long duration trials were recorded. We obtained virtually
identical results to c and b from a separate population of 32 neurons recorded in monkey B with a variable stimulus-reward interval of 0.5 to 3.5 s (data not
shown). (d–f) We recorded from 26 neurons in monkey B during presentation of an exponential distribution of stimulus-reward intervals. (d) Histogram shows
the number of trials of the various stimulus-reward intervals when the interval distribution was programmed to be exponential with a mean of 2.0 s. (e) As for
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place strong constraints on the shape or width of the distribution (see
Discussion). However, for a variety of different distributions that are
consistent with Weber’s law, the peak expectation would decline in
proportion to the inverse of the interval duration (Fig. 6a and
Methods). If this is correct, then the present experiments have systematically varied reward expectation over an eightfold range, which is
twice the range of previous studies18,21. Indeed, at the longest interval
tested (16 s), the activation of dopamine neurons was as large as our
standard ‘unpredicted’ reward (Fig. 2d), which evoked the largest
responses seen in this and previous studies18,23. Over this relatively
large range of expected values and firing rates, the firing rate following
reward was a linear function of the logarithm of the stimulus-reward
interval (Fig. 2d). We considered what form of prediction error could
account for these results.

The conventional prediction error of temporal difference learning
algorithms depends on the difference between the actual and expected
reward value at a given moment in time. Assuming that the expectation
declines as the inverse of the interval duration, the error at the end of a
familiar stimulus-reward interval of duration T would be
Error ¼ R "

R
T

ð1Þ

where R is reward magnitude (which is constant in the present
experiments). The conventional prediction error would therefore be
a highly nonlinear function of interval duration (Fig. 6b) and of the log
of duration (not shown), and thus it appears not to provide an accurate
description of the responses of dopamine neurons when interval
duration is varied.
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Even disregarding the present data, two modifications to the
conventionally defined prediction error are probably necessary to
accurately describe the error signal of dopamine neurons. First, the
Weber-Fechner law presumably applies to the perception of reward
magnitude26,29 and its encoding by dopamine neurons. Second, it has
been shown that dopamine neurons are sensitive to reward uncertainty18 and that the error response of dopamine neurons appears to be
scaled or normalized by a measure of uncertainty such as the s.d.23.
Thus, the prediction at each moment in time would correspond to a
distribution of potential reward magnitudes and the error signal would
be the difference between actual and expected value in units of s.d. This
would be an efficient means of representing reward value, analogous to
the common practice in statistics of measuring a value in z scores or
standard deviates from the mean.
To incorporate these two modifications, we first needed to divide the
conventional prediction error of equation (1) by the s.d. of the estimate
of reward magnitude. We do not have a measure of the animal’s
uncertainty about reward magnitude, but Weber’s law suggests that the
uncertainty will vary in proportion to the expected value (R/T). The
s.d. would therefore be equal to k TR, where k is the coefficient of
variation in reward magnitude (the ratio of the s.d. to the expected
(mean) reward magnitude). Thus, when reward is delivered at the end
of an interval of duration T, the modified prediction error would be
Errornormalized ¼

R " TR T " 1
:
¼
k
k TR

ð2Þ

If the error is normalized in this way, it would grow as a linear function
of interval duration (Fig. 6b). Thus the normalized error could account
for the data from Experiment 1 (Fig. 2d) if we assume that the firing
rate of dopamine neurons depends not on the actual difference between
reward magnitude and expected magnitude, but rather on the logarithmically scaled perception of the difference, as suggested by the
Weber-Fechner law as applied to reward magnitude26,29. The graph of
mean population responses (Fig. 2d) could then be thought of as a
log-log plot, with firing rate corresponding to the logarithm of the
normalized prediction error. The linearity in the log-log plot (Fig. 2d)
would mirror that shown in Figure 6b with linear axes. In summary,
the mean population responses of Experiment 1 (Fig. 2d) may be
explained by the confluence of three hypotheses, each of which is
already supported by independent evidence. First, the peak expectation
of reward is inversely related to interval duration, as required for a
variety of distributions of future reward that are consistent with the
scalar timing property. Second, the dopamine error signal is the
conventionally defined error divided by a measure of uncertainty
such as s.d.23. Finally, the activity of dopamine neurons encodes a
logarithmic transformation of the error signal, as implied by the
Weber-Fechner law when applied to reward magnitude.
DISCUSSION
We found that dopamine neurons were highly sensitive to the duration
of a stimulus-reward interval (Fig. 2), but were only weakly sensitive
to the precise timing of reward following a conditioned stimulus
(Figs. 3–5). Similar to the behavioral expectation, as measured by
Pavlovian-conditioned licking behavior, the neural expectation
appeared to be substantial after just half of a familiar interval had
elapsed. Thus, our results suggest that the expectation of reward in
these Pavlovian tasks was not of high temporal precision at either the
neural or behavioral level and that temporal precision declined sharply
as interval duration increased.
Receipt of reward in the Pavlovian task studied here did not require
behaviorally precise timing, and thus another task may have revealed
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more precise timing. However, our monkeys were extensively trained
and their behavior demonstrated that they had both knowledge of
stimulus-reward intervals and an incentive for precise timing. Furthermore, it is generally believed that the marked flexibility of interval
timing, functioning over a large range of interval durations from
seconds to hours, comes at the cost of precision4. For example, a 10–
30% difference between intervals is required for even moderately
reliable discrimination1. At the neuronal level, a lack of high precision
might be inferred from the expectation-related delay-period activity of
many sensorimotor neurons (for example, see refs. 27,28,30–33),
including dopamine neurons18. Firing rates typically begin to gradually
increase (or decrease) shortly after the first event and they continue
until the second event occurs, suggesting that the neuronal expectation
is characterized by high temporal uncertainty. We came to a similar
conclusion by observing the phasic prediction error of dopamine
neurons following the second event.
In addition to the gradual delay-period activation, and the phasic
reward activation studied here, the inhibition of dopamine neurons
following the omission of predicted reward also relates to the precision
of timing. A previous study16 reported that when juice was expected at
1.0 s after a manual response, the inhibition became substantial at 1.1 s
on average across individual neurons. This inhibition must be internally timed and could reflect the activation of some neurons in which
interval timing is more precise than in dopamine neurons. However, we
found evidence in the summed activity of a population of neurons that
a slight suppression of firing rate below baseline was already present
between 0.5 and 1.0 s after the start of a 1.0-s fixed interval. Regardless
of the inhibition’s temporal precision, our results address its involvement in the computation of the prediction error. Anatomically specific
computational models have suggested that the inhibition of dopamine
neurons is timed to cancel the excitation, thereby producing the error
signal7,10–12,34. However, we found that the excitatory effect of reward
can be greatly diminished even at times when the absence of reward
does not lead to any measurable inhibition (Figs. 3–5). This suggests
that the cancellation of excitation to predictable rewards may be largely
complete before the excitatory reward signal reaches dopamine neurons and that the inhibition of dopamine neurons may only provide the
‘finishing touch’ to a computation that is largely performed upstream
of dopamine neurons.
Both the early onset of licking behavior (Fig. 1) and the weak neural
responses to early reward (Figs. 3–5) suggest that reward predictions
are characterized by substantial temporal uncertainty. However,
the weak activations to early reward may not result solely from the
limited temporal precision of the system. First, there may be a timeindependent component to reward expectation resulting from a simple
stimulus-reward association, as suggested by the late, stimulus-driven
licking behavior (Fig. 1d). A second contribution is suggested
by reinforcement learning models. According to these models, reward
value at a given moment in time is defined as the expected sum
of current and future rewards, where the values of future rewards
are discounted according to their anticipated delay. In the present
experiments, each presentation of a conditioned stimulus was
accompanied by exactly one drop of juice. If the animal has learned
this rule, then the reward value of early juice in experiments 2 and 3 is
diminished, as it signals the absence of juice in the subsequent seconds.
This aspect of predictive learning algorithms captures the common
sense notion that the exact timing of a predicted reward should
not matter much. Thus, the potential dependence of the dopamine
error signal on both current and future rewards may complicate
our effort to use it as an assay of the animal’s subjective reward
expectation. Consideration of each of the two factors discussed above
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suggest that the temporal precision of reward prediction is probably
greater than one might first think on the basis of only the weak responses
to early reward in experiments 2 and 3. Nonetheless, these data clearly
suggest the limited potential of dopamine neurons to signal the precise
time of reward events.
A large and influential class of interval timing models relies on the
existence of discrete elements that vary in their kinetic properties across
a spectrum (for example, see ref. 35). Just as each of a set of neurons or
synapses may be dedicated to a distinct region of space, spectral models
propose that discrete neural elements are dedicated to distinct periods
of the past (or equivalently, the future). When an external stimulus
occurs, it triggers the full spectrum of ‘time-stamped’ memory traces.
The goal of the system is to select those memory traces that best predict
when a second reward-related event will occur. As learning is only
needed when the second event is not accurately predicted, it has been
proposed that the prediction error of dopamine neurons drives the
selection process8,9,11–13. Climbing fibers from the inferior olivary
nucleus may have an analogous role in training the cerebellum2,36. In
the absence of neural data on the temporal uncertainty in prediction,
most models have not addressed the issue. Instead they have assumed,
for simplicity, that the spectral components have arbitrarily
precise timing that does not decline as the duration of the interval
increases (but see ref. 12). Such models therefore imply that the
activation of dopamine neurons by reward may be quite sensitive to
variation in the timing of reward, but should be absent following
reward at the end of a familiar fixed interval, regardless of its duration.
Our results indicate just the opposite. A more realistic future model
might include a spectrum of timing components that are similar to
those depicted in Figure 6a, in which the expectation of each
component would be substantially spread out over time and its
spread would grow in proportion to the maximum likelihood estimate
of the interval.
Although the ability for precise timing would appear to be
advantageous, its utility may be limited under typical conditions.
The statistics of natural reward events have not been characterized,
but one might expect that intervals that require internal timing tend to
be quite short. This is because relatively stereotyped sequences of
conditioned stimuli may be common, effectively providing the animal
with an external ‘clock’. If so, then internal timing may usually be
needed only for the short intervening intervals between stimuli (or
‘ticks’ of the clock). In addition, the repeated occurrence of very
precisely timed intervals on which we trained animals may be highly
unusual in more natural settings. Relatively imprecise timing could
therefore suffice if the majority of important, recurring intervals tend to
be short and variable. If, for whatever reason, a system lacks the
capacity for precise internal timing of long intervals, then the accurate
prediction of reward must rely on identifying external conditioned
stimuli that precede reward by short intervals. The activation of
dopamine neurons after long stimulus-reward intervals would be
useful for identifying shorter stimulus-reward intervals (assuming
that other predictive stimuli are present in the environment). Thus,
our results suggest that the dopamine error signal would be well suited
for a world in which the majority of intervals between reward events
tend to be short and variable.
METHODS
Animals. We studied two adult female macaques, monkey A at the University
of Fribourg (Macaca fascicularis, 3.3 kg) and monkey B at Stanford University
(Macaca mulatta, 10.5 kg). All experimental procedures complied with guidelines established by the Swiss Animal Protection Law and the US National
Institutes of Health, and were overseen locally by the Fribourg
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Cantonal Veterinary Office and the Stanford University Animal Care and
Use Committee.
Experimental design. We used 0.2 ml of flavored, sweetened liquid (‘juice’) as a
reward, which was delivered over 120 ms to monkey A and 200 ms to monkey
B from a spout immediately in front of the animal’s mouth. Each experiment
included 1–6 conditioned stimuli, each presented on pseudo-randomly interleaved trials. Conditioned stimuli were arbitrary visual icons 5 deg in diameter
(such as those shown in Figs. 1a, 3a and 4a), each presented at a distinct
location on a computer monitor for monkey A or in the same central location
for monkey B. The intertrial interval from juice delivery on one trial to
conditioned stimulus onset on the next trial was variable and ranged with a
flat distribution between 6–16 s in monkey A and 2–6 s in monkey B. For each
experiment, 1 week of pre-training was followed by about 4 weeks of recording.
Approximately 100–200 trials of each stimulus were presented each day.
Recordings began only after a pre-training period of about 5 d and 600
presentations of each conditioned stimulus, accompanied by the emergence of
discriminative conditioned licking responses.
Behavior. Licking (and eye position in monkey B) was monitored as described
in the Supplementary Methods online. Monkey B licked on fewer trials than
monkey A and did not show any measurable licking during the longest interval
tested (8 s; Fig. 1c). The most likely explanation of the difference in behavior
between the two animals is that, although the internal expectation of reward
rose gradually in both animals during the delay interval, monkey B had a higher
threshold to begin licking. The lesser amount of licking was not simply the
result of a general lack of attention to the stimuli, as monkey B consistently
looked toward the (predictable) position of the conditioned stimulus (before
conditioned stimulus onset on 32% of trials and in the first 300 ms after
conditioned stimulus onset on 89% of trials). Although the behavior of
monkey B does not tell us whether or not the 8-s interval had been learned,
the smaller activation to reward after an 8-s interval (compared with ‘unpredicted’ reward) suggests that learning had taken place (Fig. 2c,d). The lesser
amount of licking could have been in part because monkey B was accustomed
to several-fold shorter intertrial intervals than monkey A (see above), and
therefore stimulus-reward intervals may have been more aversive to monkey B
(or similarly, stimulus-reward associations may have been weaker).
The licking in monkey B on the rising phase of the peak interval procedure
did not superimpose after scaling time by interval duration (Fig. 1d). This may
have been because the 1-s interval was short enough that the onset of licking
was influenced by limits on reaction time or because the scalar timing property
breaks down for intervals less than about 0.5–1.0 s1,2.
Recording dopamine neurons. Single-unit recordings were carried out
as described previously15. Dopamine neurons were distinguished by
their discharge characteristics. See the Supplementary Methods for additional information.
Data analysis. Similar to previous physiological studies, we found that the
population of dopamine neurons was quite homogeneous (for example, see
refs. 15–24,37). Therefore, we have summarized the data by averaging across
the entire population of recorded neurons. Because responses were relatively
stereotyped in their time course, the same standard windows were used across
all neurons to calculate firing rate following conditioned stimulus or juice onset
(see Supplementary Methods for additional information).
We normalized firing rates in Figure 2 and Supplementary Figure 3 by
measuring the last 500 ms of the intertrial interval before conditioned stimulus
onset to determine a neuron’s baseline firing rate. The baseline rate was
subtracted from the rate measured in the standard window following juice
or conditioned stimulus onset. The resulting value was then divided by the
difference between baseline activity and the response in the same neuron to
‘unpredicted’ juice (delivered following a long and variable intertrial interval, or
to the response to the conditioned stimulus associated with the shorted interval
in the case of conditioned stimulus responses). Normalized values tended to lie
between 0 and 1, but were occasionally outside of this range.
Linear regression analyses were performed on the normalized mean population responses of Experiment 1 (Fig. 2d) and on the unnormalized firing rates
in Experiment 3 (Fig. 5c,e,f). In the former case, neuronal responses to reward
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(mean responses in single cells or for the population) were regressed on the
logarithm (base 2) of the preceding stimulus-reward interval. In the latter case,
firing rates (as shown for the population averages in Fig. 5) were calculated in
0.5-s bins for every trial in every cell (1,100–1,900 trials) and these rates were
then regressed on the time since conditioned stimulus onset. For peri-stimulus
time histograms (Fig. 5c,f), firing rates before and up to 500 ms after
conditioned stimulus onset were excluded. Because trials with short stimulusreward intervals did not contribute data to the later bins, this approach
weighted the early time bins more heavily than later bins.
Model. We wanted to find the subjective distribution of reward expectation as a
function of time after conditioned stimulus onset in the case of familiar fixed
intervals. The shape of the distribution is not well constrained by the data, but
it could be normally distributed on a log scale38. Thus, the expectation at the
beginning of the interval EðtÞt ¼ 0 would be distributed over future time t as:
!
1
"ðln t " mÞ2
ð3Þ
EðtÞt ¼ 0 ¼ pffiffiffiffiffi exp
2s2
ts 2p

For a log-normal distribution to be consistent with scalar timing (Weber’s law),
the s.d. on a log scale (s) would need to be a constant (independent of interval
duration)38. The peak subjective expectation should occur approximately at the
end of a fixed interval, which in the case of a log normal distribution would
occur when time t is equal to the mode (exp(m – s2)) in equation (3) (Fig. 6a).
Substituting exp(m – s2) for t in equation (3) shows that the exponential term
of equation (3) would be independent of interval duration and the peak
expectation would decline in proportion to the inverse of the interval duration
(Fig. 6a). Because our concern here is restricted to how the peak expectation
scales with interval duration, neither the spread of the distribution nor its
precise shape is important. Indeed, the inverse relationship of peak expectation
to interval duration is also true for certain other distributions that are
consistent with scalar timing, such as Rayleigh and normal distributions with
a constant coefficient of variation.
Note: Supplementary information is available on the Nature Neuroscience website.
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