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Highly energetic wave conditions often
destroy the complex three-dimensional surf
zone structures (3), resulting in one or more
uniform linear bars along the shore (see the
right panel of the figure). Although it has
not been shown by any of the modeling ef-
forts described above, this is generally con-
sidered to be a forced response. What has
been shown to be a forced response is the
offshore migration of the linear bars when
energetic conditions continue to prevail (4,
5). The sediment transport formulation in
all prevailing models is based on near-bed
velocities derived from experiment or theo-
ry (14, 15). Applying a similar approach
during mild wave conditions typically re-
sults in incorrect onshore motion of the bar,
or even the failure of onshore motion (76).

Hoefel and Elgar (/) now show that this
onshore motion can also be predicted with a
deterministically forced sediment transport
model, provided that the sediment transport
induced by flow acceleration within the
waves is included. They extend a formula-
tion by Drake and Calantoni (/7) based on
detailed numerical modeling of particle-
fluid interactions in a sediment layer to the
case of random waves, appropriate for field
conditions. Hoefel and Elgar (/) demon-
strate improved prediction of near-shore bar
motion over a 45-day period. This implies a
substantial extension of prediction horizons
of deterministic forced models.

The introduction of wave acceleration
or, more generally, temporal and spatial
pressure gradients (/7—19) is an important
paradigm shift in describing and modeling
sediment transport. Prevailing concepts are
based on shear stress or work exerted by
fluid velocities. Introducing pressure gradi-
ents will give a new boost to understanding
sediment transport near the shore.

Breaking waves. ARGUS stations (Coastal Imaging Lab, Oregon State University) overlook-
ing part of a beach are used to obtain photographic images of incident wave breaking.
Waves prefer to break over shallow bars, where the foam of the breaking waves shows up
as an area of high light intensity. By averaging over a large number of images (equivalent to
a photographic time exposure), a stable estimate of light intensity is obtained (3). The sharp
contrast in light intensity between areas of breaking and nonbreaking waves reflects the po-
sition of shallow bar areas and deeper channels and troughs. (Left) A time exposure of Palm
Beach, Australia, with superposed bottom contours (sea-floor depth in meters with respect
to mean sea level) displays a complex pattern of shallow shoals (light areas) cut by deep rip
channels (dark areas). The beach is located on the left. (Right) A time exposure at the same
beach shows intense wave breaking on a linear bar and additional breaking at the shoreline.

Do these findings imply that
surf zone bar structures are deter-
ministically forced and thus deter-
ministically predictable? The an-
swer has to be negative. Many
studies of seabed and land geo-
morphology (9, 20) show that
self-organization processes lead
to emergent properties, which
cannot be predicted from the
physics of fundamental particles.

What is shown, though, is that reductionist
studies can still yield new insights and that
the fashionable self-organizational re-
search approach is not the only route to in-
creased understanding.

What hampers reductionist research
progress is the enormous effort required to
unravel physical processes from first prin-
ciples. Hoefel and Elgar show that it pays
off. Their study is a first step toward an op-
erational new sediment transport approach.
Developing this model further will require
new physical insights and capabilities for
modeling such phenomena as nonlinear
wave kinematics in the surf zone.
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Gambling on Dopamine

Peter Shizgal and Andreas Arvanitogiannis

ith bated breath, a player at a
Wroulette table stares intently at the

spinning wheel. As the ball comes
to rest in one of the numbered slots, a smile
crosses the gambler’s face. This success
strengthens his misguided belief in his abil-
ity to overcome the house advantage, and he
prepares to wager again. The gambler’s abil-
ity to detect the slot where the ball has set-
tled depends on point-to-point connections
between nerve cells at multiple levels of the
visual system. The accompanying changes
in emotion, attention, learning, and action
depend on neurons with a very different pat-
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tern of connectivity. Such neurons include
midbrain dopamine neurons, which have
cell bodies in the substantia nigra and ven-
tral tegmental area of the midbrain, and
highly divergent projections that connect
with the frontal cortex, dorsal and ventral
striatum, and other forebrain regions.
Midbrain dopamine neurons go awry in
Parkinson’s disease, schizophrenia, and drug
addiction. Data from both human and ani-
mal research implicate this small but widely
connected neuronal population in motor
control, motivation, effort, reward, analge-
sia, stress, learning, attention, and cognition.
On page 1898 of this issue, Fiorillo ez al. (1)
report a new response mode for midbrain
dopamine neurons and speculate how this
new mode might contribute to the allure of
gambling.
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Anticipating a reward. Electrophysiological re-
sponses of single midbrain dopamine neurons
(yellow) were recorded while monkeys viewed a
computer monitor. Unique visual stimuli were
associated with different probabilities of a re-
ward (a drop of syrup). Rewards were presented
with different probabilities (P) when the condi-
tioned stimulus was switched off (CS offset). The
uncertainty (U) of the reward varied as an in-
verted U-shaped function of probability. When P
= 0 or P = 1, the monkey is certain that reward
delivery will or will not accompany CS offset. In
contrast, when P = 0.5, the onset of the CS pro-
vides no information about whether reward will
or will not occur, but it does predict the potential
time of reward delivery. The interval between
successive CSs varied unpredictably (not shown),
and thus the onset of the CS is the earliest reli-
able predictor of the occurrence and/or the po-
tential time of reward delivery. Once the mean-
ing of the stimuli has been learned, the popula-
tion of dopamine neurons responds to CS onset
with a brief increase in activity when P = 1.0, but
receipt of the expected reward does not provoke
a strong change in firing. When P = 0, CS onset
produced little response; if, however, the investi-
gator violated expectation by delivering a re-
ward, the dopamine cells responded with a brief,
vigorous increase in firing. When P= 0.5 (and un-
certainty about reward occurrence is maximal), a
slow, steady increase in firing is seen prior to the
time of potential reward delivery.

In a resting animal, midbrain dopamine
neurons show a slow, steady (“tonic”) rate
of firing; certain meaningful stimuli pro-
voke brief, abrupt (“phasic”) changes in
discharge. In previous work, Schultz and
co-workers (2, 3) recorded the activity of
single dopamine neurons in awake mon-
keys with microelectrodes. When the
monkey received an unexpected reward,
such as a drop of juice, most dopamine
cells responded with a burst of firing.
However, if the monkey learned that a
stimulus, such as a particular pattern on a
computer monitor, always preceded deliv-
ery of the reward, the dopamine neurons
no longer responded to the reward but
fired instead in response to the predictive
(“conditioned”) stimulus. Omission of a
predicted reward caused slowing or cessa-
tion of dopamine firing around the time
that the reward was expected.

The phasic responses of midbrain
dopamine neurons resemble a key signal
in computer models based on animal
learning (4-7). Through adjustment of
connection weights in a neural network
(“reinforcement”), these models are able
to predict the achievement of a goal state

“reward”) and result in optimization of
actions. The incremental improvement in
predictions is driven by a “prediction er-
ror”: the difference between expected and
experienced rewards. The new findings of
Fiorillo et al. both strengthen and chal-
lenge the reinforcement-learning notion of
midbrain dopamine neuronal activity while
raising many fascinating new questions.

The novelty of the Fiorillo et al. study
lies in their systematic variation of the pro-

portion of conditioned stimuli that were
followed by a reward. The conditioned
stimulus associated with each reward prob-
ability (0.0, 0.25, 0.50, 0.75, 1.0) consisted
of a unique visual pattern displayed on a
computer monitor for 2 seconds (see the
figure). Delivery of the reward, a drop of
syrup, coincided with the offset of the con-
ditioned stimulus. The dopamine neurons
responded to the conditioned stimuli with
phasic increases in firing that correlated
positively with reward probability. In con-
trast, responses to reward delivery showed
a strong negative correlation with reward
probability. On trials when an expected re-
ward was omitted, the firing of dopamine
neurons tended to decrease at the time of
potential reward delivery, and the magni-
tude of this dip tended to increase with the
probability of a reward. The systematic
variation in the strength of the phasic re-
sponses to conditioned stimuli and to re-
ward delivery or omission supports and ex-
tends previous findings obtained at the two
extreme probabilities (0.0 and 1.0): The
higher the likelihood of reward, the
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stronger the firing to the conditioned stim-
ulus, the larger the decrease in firing to re-
ward omission, and the weaker the firing to
reward delivery.

Their most provocative results concern
the activity of the dopamine cells before
the time of potential reward delivery. In
previous work carried out at the two ex-
treme probabilities, the firing rate was sta-
ble. By exploring intermediate probabili-
ties, Fiorillo ef al. reveal a striking new pat-
tern: The activity of dopamine neurons in-
creased before the potential delivery of an
uncertain reward. In contrast to the brief
upswings in firing triggered by reward-
predicting stimuli and unexpected re-
wards, the population firing rate rose
steadily throughout most of the 2-second
presentation of the conditioned stimulus
when the probability of reward was 0.5, at-
taining a higher rate than when the reward
probability was 0.25 or 0.75.

The authors propose that the sustained
firing preceding the time of potential re-
ward delivery tracked the uncertainty of
the reward. The onset of the conditioned
stimuli signaling probabilities of either 0.0
or 1.0 provided the monkey with definitive
information as to whether the reward
would be delivered; if the meaning of the
stimuli had been fully learned, then uncer-
tainty about reward occurrence following
stimulus onset would be zero. In contrast, a
reward was equally likely to be delivered or
omitted when the probability was 0.5, and
the monkey should have been maximally
uncertain about reward occurrence. When
the reward probability was 0.25 or 0.75,
uncertainty was intermediate; if the mon-
key had bet on the occurrence of the reward
following stimulus onset, it could have
won, on average, three trials out of every
four.

Regarding reinforcement learning mod-
els, the phasic response of the dopamine
neurons encodes a prediction error that is
used as a “teaching signal” to improve fu-
ture predictions. The incremental adjust-
ment of the weights causes the teaching
signal to move backward in time toward the
onset of the earliest stimulus that reliably
predicts the occurrence of a reward (and/or
its potential time of delivery). How the sus-
tained response preceding potential reward
delivery could be incorporated into such
models is hard to see. If the dopamine sig-
nal serves as the teacher, and the sustained
component is not filtered out, how could
the sustained component remain stationary
in time and amplitude over many trials?
This problem is a knotty one because the
sustained and phasic signals do not appear
to be carried by independent populations of
neurons. Thus, postsynaptic elements are
likely to register the combined impact of
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both the phasic and sustained signals.
Given the slow time course of dopaminer-
gic transmission, the authors are not confi-
dent that the two signals could be demulti-
plexed by postsynaptic elements.

Fiorillo et al. show that the sustained
activity grows with the magnitude of the
potential reward (the volume of syrup de-
livered). They propose that the dopamine
responses multiplicatively combine re-
ward magnitude with probability, thus en-
coding the expected reward value. This
may be so in the case of the phasic re-
sponse, which varies monotonically with
reward probability (although data in addi-
tion to those shown are required to prove
multiplicative combination). However, the
sustained response increases as probabili-
ty rises from 0.0 to 0.5 and then decreases
toward zero as probability grows further
to 1.0. This bitonic mapping of probabili-
ty seems incompatible with the calcula-
tion of expected value; for example, this
mapping yields a value at or near zero for
a certain payoff. Given that many
dopamine neurons show both phasic and
sustained responses, the problem of ex-
tracting an uncorrupted expected-value
signal is analogous (or identical) to the as-
yet unsolved problem of extracting an un-
corrupted prediction error.

When reward uncertainty was maxi-
mal, close to 30% of the dopamine neu-
rons showed increased firing before po-
tential reward delivery, and the firing rate
of the population as a whole rose steadily
during most of the 2-second presentation
of the conditioned stimulus. Increasing
the payoff (the volume of the syrup drops)
strengthened sustained firing. Thus, a
substantial release of dopamine might oc-
cur during prolonged periods of uncer-
tainty about large payoffs. The authors
propose that such increases in dopamine
output may contribute to the rewarding
properties of gambling. Given the impor-
tance of dopamine in addiction and that
experimentally induced increases in
dopamine tone can produce rewarding ef-
fects (8), this is not a suggestion to be tak-
en lightly. Indeed, repeated intermittent
increases in dopamine release can lead to
sensitization, which increases appetitive
motivation and the persistence of behav-
iors that lead to additional dopamine re-
lease (9). Results of neuroimaging studies
in humans suggest elevated dopamine re-
lease during game-playing and gambling-
like tasks (10-12).

The proposal that dopamine release
driven by uncertainty about large payoffs
could contribute to gambling comes at a
moment when decision theorists are
striving to integrate emotional and cog-
nitive influences on choice (/3, /4). The

roulette player faces a house advantage
of 5.26% and may well be aware of these
odds. Nonetheless, he harbors very com-
mon misperceptions about the statistical
independence of successive outputs pro-
duced by randomizing devices such as
roulette wheels (75); such mispercep-
tions may coexist with awareness of the
house edge and may contribute substan-
tially to the gambler’s misplaced confi-
dence that he can beat the odds. The ef-
fectiveness of cognitive therapy aimed at
correcting such misperceptions has been
demonstrated after 6 to 12 months (/6).
However, emotions powerfully influence
decision-making in real time (/3, 14)
and may provide a necessary comple-
ment to cognitive errors. The Fiorillo et
al. proposal links such emotion-driven
processes to the uncertainty-related ac-
tivity of dopamine neurons.

These investigators ponder what a neu-
ral signal, which proves maladaptive in the
artificial environment of a casino, does in
the natural environment. They propose that
such a signal may drive risk seeking, help-
ing an animal beset with uncertainty to find
better predictors of consequential events.
Conditions that promote either risk aversion
or risk seeking have been studied extensive-
ly. Generally, these studies detail influences
unrelated to the reward value of uncertainty
(17). Nonetheless, uncertainty could con-
tribute, and the proposal by Fiorillo and col-
leagues merits investigation.

The functional argument advanced by
the authors links the sustained firing of
midbrain dopamine neurons to increased
allocation of attention, thus addressing the
question of why this signal firing precedes
the time of potential reward delivery.
Adapting some ideas from animal learning
(18), they propose that increased attention
during uncertainty may promote the learn-
ing of better predictors and actions. This
aspect of their hypothesis is also likely to
stimulate much empirical and modeling
work. It will be fascinating to discern how
phasic and sustained dopamine signals
contribute to selective (/9) and nonselec-
tive (20) aspects of attention.

The authors appeal to the inherent vari-
ability of interval timing to account for
the time course of the sustained response.
If interval timing were error-free, then un-
certainty about the imminence of reward
would be zero until just before the offset
of the conditioned stimulus, even if the
probability of reward occurrence were
0.5. However, the interval-timing mecha-
nism is known to be noisy (27). Thus, dur-
ing presentation of the conditioned stimu-
lus, the monkey’s confidence that reward
is imminent should rise more gradually
(22). Could this account for the slow in-
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crease in population firing when probabil-
ity equals 0.5? Clearly, uncertainty about
the imminence of reward delivery does
not suffice to produce sustained firing, as
no such firing precedes the offset of the
conditioned stimulus when reward proba-
bility equals 1.0. Why the contribution of
uncertainty about time should depend on
the uncertainty about occurrence is not
clear. It is also perplexing that less sus-
tained activity was seen when the condi-
tioned stimulus was turned off midway
between the time of its onset and the time
of potential reward delivery. Perhaps this
reflects the fact that dopamine modulates
the impact of motivationally charged
stimuli (23).

Fiorillo et al. have engaged in some the-
oretical risk taking that may reap scientific
rewards. They propose that the activation
of dopamine neurons by uncertainty mobi-
lizes attention, motivates risk seeking, and
promotes learning about relationships be-
tween external stimuli and consequential
events. Their striking results and provoca-
tive ideas will increase uncertainty about
some seemingly well-established ideas, at-
tract the attention of researchers in many
disciplines, motivate the search for new da-
ta and relationships, and promote learning
about a neural system of great importance
to understanding both normal and patho-
logical behavior.
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