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O U T L I N E

    INTRODUCTION 

   We can define rewards as objects or events that 
generate approach and consummatory behavior, 
produce learning of such behavior, represent posi-
tive outcomes of economic decisions, and may engage 
positive emotions. Rewards are crucial for individual 
and gene survival and support elementary proc-
esses, such as drinking, eating, and reproduction. 
This behavioral definition attributes reward function 
also to certain non-alimentary and non-sexual entities, 
including money, technical artifacts, esthetic stimulus 
attributes, and mental events. Rewards engage agents 
in such diverse behaviors as foraging, and trading on 
stock markets. 

   The functions of primary sensory systems are 
based on the physics and chemistry of specific stimuli 
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impinging on their receptors. By contrast, rewards 
are often polysensory and do not engage specialized 
receptors. Reward functions are not defined primarily 
by the physics and chemistry of their objects, but by 
the behavioral reactions they induce. In order to use 
rewards for specific behavioral reactions, the brain 
needs to extract the reward information from hetero-
geneous mechanical, electromagnetic, chemical, and 
other events impinging on our sensory organs. 

   In the absence of dedicated reward receptors, it 
would be helpful for the brain to have an explicit neu-
ronal signal that identifies a reward object and con-
tains information about its motivational or economic 
value, irrespective of other sensory properties. Such 
a reward signal could provide an input to neuronal 
processes underlying approach behavior, learning, 
and economic decision-making, just as, for example, 
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visual responses in retinal ganglion cells identify 
specific electromagnetic events and deliver this infor-
mation to brain centers involved in visual perception 
and sensorimotor reactions. 

   This chapter describes how the search for a  “ retina 
of the reward system ”  has revealed phasic signals in 
midbrain dopamine neurons that reflect information 
about the motivational or economic value of rewards 
regardless of other stimulus components and irre-
spective of specific behavioral reactions necessary to 
obtain the rewards.  

    CONCEPTS OF REWARD 

   In the absence of dedicated reward receptors, 
the behavioral definition of reward allows us to 
use behavioral theories for investigating the neural 
processing of reward. In analogy to David Marr’s sug-
gestion for the visual system ( Marr, 1982 ), behavioral 
theories help us to define and understand the prob-
lem to be solved (approach behavior, learning, and 
decision-making), and neurobiology helps us to 
understand how the problem is being solved (neural 
reward mechanisms). 

    Reward Value, Utility and Risk 

   Rewards are positive outcomes that have specific 
magnitudes and occur with specific probabilities. 
Agents make choices between options whose moti-
vational or economic values are determined by the 
magnitudes and probabilities of outcomes, all other 
outcome parameters being equal. 

   The term  “ mean (of reward) ”  seems more appro-
priate than  “ expectation (of reward) ” . Monkeys may 
not have a notion of mathematical expectation, and 
instead rely on experienced population or sample 
means. In addition the term  “ expectation ”  is used to 
denote a psychological process. The term  “ risk ”  refers 
to a form of uncertainty in which the probability dis-
tributions are known, whereas  “ ambiguity ”  indicates 
uncertainty with incomplete knowledge of probabili-
ties and is often referred to simply as  “ uncertainty. ”  
Risk in economics refers to the chances of losing and 
winning, rather than the narrower common sense 
meaning of the potential for loss. 

   Standard expected utility theory assumes that 
decisionmakers assign subjective utilities to objective 
outcome values, as measured objectively in choice 
preferences ( Bernoulli, 1738 ). Preference is expressed as 
the probability of choosing one option over all others. 
Utility usually increases non-linearly as a function of 
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value, and utility functions flatten gradually when 
utility increases progressively less with higher out-
come values. Then, the losses from probabilistically 
occurring rewards appear larger than the gains, the 
mathematical expectation of the probability distribu-
tion of utilities (expected utility) drops with increasing 
variance, and the decision-maker shows risk aversion. 
By contrast, assigning progressively more utility to 
higher outcome values favors variable outcomes and 
produces risk-seeking. Thus, the concave or convex 
shape of utility functions determines how much risk-
sensitive individuals lose or gain in expected utility 
with risky outcomes. Only individuals with linear 
utility functions are risk-neutral. For more details, 
Chapter 3 of this volume.  

    Predictions 

   Evolutionary pressure demands the energy-efficient 
processing of information. One potential solution is to 
store predictions about future events at higher brain 
centers, process the differences between the newly 
incoming information and the predictions (prediction 
errors) in lower brain centers, and update the predic-
tions in higher brain centers by forwarding only the 
less information-containing prediction errors rather 
than the full information about the state of the exter-
nal world ( Rao and Ballard, 1999 ). In this way, higher 
brain centers have access to full information about the 
external world for perceptions, decisions, and behav-
ioral reactions at a much lower cost. This fundamen-
tal role of predictions would lead to two processes, 
namely learning, as defined by changes in behavior 
derived from updated predictions, and informed 
decision-making through advance information about 
the available choice options (as opposed to guesses, 
when outcomes are unknown). As choice options are 
best described by probability distributions rather than 
singular values, reward predictions also comprise dis-
tributions, and specify the key parameters of mean or 
expected value, expected utility, and the correspond-
ing SDs or variances.  

    Prediction Errors and Learning 

    “ Prediction error ”  refers to the difference between 
the actual outcome and its prediction. Animal learning 
theory and efficient temporal difference (TD) reinforce-
ment models postulate a crucial role for outcome pre-
diction errors in Pavlovian and operant conditioning 
( Rescorla and Wagner, 1972 ;  Sutton and Barto, 1981 ). 
Current views attribute Pavlovian learning to any 
acquisition of predictions, irrespective of vegetative 
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reactions or striated muscle contractions, as long 
as the outcome is not conditional on a behavioral 
reaction. The crucial role of prediction errors is based 
on Kamin’s blocking effect (1969), which demonstrates 
that learning and extinction advance only to the extent 
to which a reinforcer is better or worse than predicted, 
and slow as the prediction approaches the reinforcer.   

    DOPAMINE REWARD-RELATED 
RESPONSES 

    Pure Reward Signals 

   Pure reward neurons would carry a signal with 
abstract information about the objective economic 
reward value or utility that is useful for eliciting the 
known behavioral effects of rewards (approach behav-
ior, learning, decision-making, and positive emotion). 
Such a pure reward signal should not be specific for 
the sensory properties of the reward, and thus not 
distinguish between individual reward objects; nor 
should it reflect the specifics of the behavioral reac-
tion necessary to obtain the reward. However, some 
reward-related neurons do carry such additional 
information – for example, action-value neurons that 
combine specific movement information with specific 
reward information.  

    Dopamine Response to Reward 

   The majority of midbrain dopamine neurons 
(75–80%) show rather homogeneous, phasic acti-
vations with latencies of  � 100       ms and durations of 
 � 200       ms to temporally unpredicted food and liquid 
rewards. The remaining neurons are unresponsive to 
all stimuli tested. The responses increase monotoni-
cally with reward magnitude, such as liquid volume 
( Tobler  et al . 2005 ), apparently coding reward value 
or utility. Although further tests are necessary, the 
dopamine reward responses seem to constitute pure 
reward signals. 

    Prediction-error Coding 

   The dopamine response to the reward appears 
to code a prediction error, such that a reward that is 
better than predicted elicits an activation (positive 
prediction error), a fully predicted reward draws no 
response, and a reward that is worse than predicted 
induces a depression (negative error). Thus, the 
dopamine response implements fully the crucial term 
of the Rescorla-Wagner learning model. 
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   The error response varies quantitatively with the 
mean reward, irrespective of specific combinations 
of reward magnitude and probability ( Fiorillo  et al ., 
2003 ;  Satoh  et al ., 2003 ;  Morris  et al ., 2004 ;  Nakahara 
 et al ., 2004 ;  Bayer and Glimcher, 2005 ;  Tobler  et al ., 
2005 ). The prediction-error response is sensitive to 
the time of the reward, as a delayed reward induces a 
depression at its original time and an activation at 
its new time. Whereas the error coding is evident for 
activations reflecting positive prediction errors, it is 
more difficult to assess for the negative-error related 
depressions with their narrow dynamic range unless 
the full period of depression is considered ( Bayer 
 et al ., 2007 ).  

    Stringent Tests for Prediction Error 

   The coding of reward prediction errors should be 
tested in stringent paradigms developed by animal 
learning theory. In the blocking test ( Kamin, 1969 ), a 
stimulus that is paired with a fully predicted reward 
does not become a valid reward predictor. The absence 
of a reward following the blocked stimulus does not 
produce a prediction error, or a response in dopamine 
neurons, even after extensive stimulus–reward pair-
ings ( Waelti  et al ., 2001 ). By contrast, the delivery of a 
reward after a blocked stimulus constitutes a positive 
prediction error and, accordingly, elicits a dopamine 
activation. 

   In the conditioned inhibition paradigm, a test stim-
ulus is presented simultaneously with an established 
reward-predicting stimulus, but no reward is given 
after the compound, making the test stimulus a pre-
dictor for the absence of reward. Reward omission 
after such a conditioned inhibitor does not produce a 
negative prediction error or a depression in dopamine 
neurons ( Tobler  et al ., 2003 ). By contrast, delivery of a 
reward after the inhibitor produces a strong positive 
prediction error and, accordingly, a strong dopamine 
activation. 

   The results from these formal paradigms confirm 
that dopamine neurons indeed show bidirectional 
coding of reward-prediction errors.  

    Adaptive Coding 

   The dopamine response does not simply reflect the 
prediction error of the mean reward, but also adapts 
to the predicted reward distribution within 2 seconds. 
When visual stimuli predict specific binary distribu-
tions of equiprobable reward magnitudes ( P       �      0.5 
each), delivery of reward with the larger of the two 
magnitudes within each distribution elicits the same 
dopamine activation, despite 10-fold differences in 
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reward magnitude and prediction error ( Tobler  et al ., 
2005 ). Experimental separation of mean and standard 
deviation (SD) suggests that the dopamine response 
codes the prediction error divided by, or normalized 
to, the SD, reflecting how much the delivered reward 
differs from its prediction in units of SD rather than 
mean. Theoretical considerations suggest that error 
teaching signals that are scaled by risk rather than 
mean can mediate stability in learning that is resist-
ant to the predicted risk of outcomes ( Preuschoff and 
Bossaerts, 2007 ; see also Chapter 23 of this volume). 

   Adaptive shifts in responses to predicted outcome 
distributions also occur in the orbitofrontal cortex and 
striatum of monkeys ( Tremblay and Schultz, 1999 ; 
 Cromwell  et al ., 2005 ;  Hosokawa et al., 2007 ) and 
humans ( Breiter  et al ., 2001 ;  Nieuwenhuis  et al ., 2005 ). 
However, shifts are not observed in all orbitofron-
tal reward neurons, nor do they occur when there is 
insufficient time for adaptation ( Padoa-Schioppa and 
Assad, 2008 ). Future experiments might search for a 
potential common mechanism across reward struc-
tures that may match the probability distributions of 
neuronal responses to the probability distributions of 
rewards.   

    Dopamine Response to Reward-predicting 
Stimuli 

   Dopamine neurons are activated by reward-pre-
dicting visual, auditory, and somatosensory stimuli 
(for review, see Schultz, 1998). These responses occur 
irrespectively of the sensory modalities and spa-
tial positions of stimuli, and of arm, mouth, and eye 
movements being executed. The responses increase 
with the means of predicted reward probability distri-
butions, without distinguishing between magnitude 
and probability ( Tobler  et al ., 2005 ). Response mag-
nitude increases with decreasing reaction time, and 
thus may incorporate the animal’s motivation ( Satoh 
 et al ., 2003 ). In choices between different reward values 
or delays, the responses to the presentation of choice 
options reflect the animal’s future chosen reward 
( Morris  et al ., 2006 ) or the highest reward across 
options ( Roesch  et al ., 2007 ). 

   During the course of learning, the dopamine 
response to the reward decreases gradually, and a 
response to the reward-predicting stimulus develops 
(Mirenowicz and Schultz, unpublished;  Takikawa 
 et al ., 2004 ;  Pan  et al ., 2005 ). The acquisition of condi-
tioned responding is sensitive to blocking, indicating 
that prediction errors play a role in the learning of 
dopamine neurons. The response transfer to reward-
predicting stimuli complies with the principal 
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characteristics of teaching signals of efficient reinforce-
ment models ( Sutton and Barto, 1981 ). The response 
shift does not involve the back-propagation of pre-
diction errors of earlier TD models ( Montague  et al ., 
1996 ), and is reproduced in recent TD implementa-
tions ( Suri and Schultz, 1999 ;  Pan  et al ., 2005 ). 

   Physically intense stimuli with attention-induc-
ing and possibly rewarding functions induce acti-
vations in dopamine neurons. These responses are 
enhanced by stimulus novelty ( Ljungberg  et al ., 1992 ; 
 Horvitz  et al ., 1997 ), but disappear quickly with 
aversive conditioning (Mirenowicz and Schultz, 
unpublished). However, attention-inducing reward 
omission induces only depressions. Other strong 
attentional stimuli, such as punishers and conditioned 
inhibitors, induce predominantly depressions and only 
brief, non-differential, initial activation components, 
and rarely full neuronal activations ( Mirenowicz and 
Schultz, 1996 ;  Schultz  et al ., 1997 ;  Tobler  et al ., 2003 ). 
Some of these non-reward-related activations may 
be due to response generalization. Responsiveness to 
non-reward-predicting stimuli increases in contexts 
with higher proportions of stimuli predicting reward 
as opposed to non-reward ( Schultz and Romo, 1990 ; 
 Waelti  et al ., 2001 ;  Tobler  et al ., 2003 ). 

   Taken together, these characteristics may qualify 
the main dopamine activations following reward-
predicting stimuli as pure reward signals, with the 
possible exception of an additional motivational 
component. The responses to non-reward-predicting 
stimuli also occur irrespectively of sensory modalities, 
including responses to intense stimuli, initial non-
differential response components to reward-predicting 
stimuli, and generalized responses; their functions 
may be related to the positively motivating attributes 
of intense, novel, and reward-resembling stimuli, but 
do not seem to reflect general arousing or attentional 
functions irrespective of motivational valence.  

    Dopamine Concentrations 

   Fast-scan cyclic voltammetry detects changes in 
dopamine concentration in dopamine projection areas 
downsteam of impulse activity of dopamine cell bod-
ies, at time-courses somewhat comparable with elec-
trophysiology. Dopamine concentrations increase after 
unpredicted food rewards, shift to reward-predicting 
stimuli during conditioning, and show a propensity 
for generalization to non-reward-predicting stimuli in 
ventral striatum ( Day  et al ., 2007 ). These data replicate 
some of the essential reward responses seen with elec-
trophysiology, and suggest that the impulse responses 
indeed lead to dopamine release.  
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    Reward Signals in Other Brain Structures 

   Among rather heterogeneous neuronal populations, 
a fraction of neurons in orbitofrontal cortex and stria-
tum are activated in relation to rewards and reward-
predicting stimuli ( Thorpe  et al ., 1983 ;  Ravel  et al ., 
2003 ). A subset of orbitofrontal reward neurons show 
graded responses with reward magnitude ( Wallis and 
Miller, 2003 ), and some of them carry pure reward 
signals by reflecting the economic value of reward 
objects determined by choice preferences, without 
distinguishing between different rewards ( “ chosen 
value ”  neurons of  Padoa-Schioppa and Assad, 2006 ). 
Most orbitofrontal and some striatal reward neurons 
do not discriminate between spatial positions or 
visual features of reward-related stimuli ( Tremblay 
and Schultz, 1999 ;  Hassani  et al ., 2001 ). 

   However, other orbitofrontal and striatal reward 
neurons do not seem to carry pure reward signals, 
as they distinguish between different reward objects 
with same economic values ( “ offer value ”  neurons of 
 Padoa-Schioppa and Assad, 2006 ) or are in addition 
sensitive to visual object features. Action-value neu-
rons encode both reward and movement parameters, 
and are often viewed as parts of goal-directed mecha-
nisms by which reward information labels specific 
movements with specific economic value, and thus 
may determine decisions between differently val-
ued actions. Such neurons are found in the striatum 
( Hollerman  et al ., 1998 ;  Kawagoe  et al ., 1998 ;  Samejima 
 et al ., 2005 ), and constitute the typical reward neurons 
found in prefrontal and parietal cortex ( Watanabe, 
1996 ;  Platt and Glimcher, 1999 ;  Sugrue  et al ., 2004 ).   

    DOPAMINE REWARD RISK SIGNAL 

   If a reward signal reflects the mean reward scaled 
by the standard deviation (SD) of reward probability 
distributions, could there be a direct neuronal signal 
for risk as measured by SD? When varying reward 
probabilities from 0 to 1 while keeping magnitude 
constant, the mean increases monotonically with 
probability, whereas risk (SD, variance) and entropy 
show an inverted U function peaking at  P       �      0.5. More 
than one-third of dopamine neurons show a relatively 
slow, moderate activation that increases gradually in 
time between the reward-predicting stimulus and the 
reward, and varies monotonically with risk ( Fiorillo 
 et al ., 2003 ). The activation occurs in individual tri-
als, and does not seem to constitute a prediction-error 
response propagating back from reward to the reward-
predicting stimulus. The activation also increases 
monotonically with SD or variance when binary 
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distributions of different equiprobable, non-zero 
reward magnitudes are used, entropy being constant 
at 1 bit. Thus, SD and variance appear to be viable 
measures for risk as coded by dopamine neurons. 
Risk-related activations have slower time-courses and 
lower peaks compared with the responses to reward-
predicting stimuli and prediction errors at different 
behavioral periods. 

   A dopamine risk signal may have three functions. 
First, it might influence the scaling of responses by 
SD in dopamine and other reward neurons. Second, 
it might provide an input to brain structures deal-
ing with the assessment of reward risk  per se . Third, 
it might combine with a mean economic value signal 
to represent information about the expected utility in 
risk-sensitive individuals, according to the mean-vari-
ance concept in financial decision theory (Levy and 
Markowitz, 1958).  

    DOPAMINE CONFUSIONS 

   Neurotransmitters can influence postsynaptic neu-
rons through phasic signals transmitting time-specific 
information for specific behavioral processes, and 
through tonic, permissive actions, without much vari-
ation over time. Dopamine seems to have both actions 
(for review, see  Schultz, 2007 ). 

   The phasic, informational signals of dopamine 
neurons relate to reward and risk, and are compat-
ible with subsecond time-courses of rapid behavioral 
processes. They produce subsecond rises of dopamine 
concentrations well above 100       nM. These signals are 
suitable for assigning reward credit to stimuli and 
actions during learning by enabling synaptic modifi-
cations, and they may inform rapid neuronal decision 
mechanisms. At mostly slower timescales of seconds, 
a negative dopamine signal reports aversive events, 
and voltammetrically measured dopamine is released 
with movements. Microdialysis reveals moderate 
dopamine fluctuations over several minutes with pun-
ishment and stress, but these are much slower than in 
most learning and decision-making mechanisms. 

   In addition to its informational function, dopamine 
appears to play a permissive role devoid of spe-
cific, behavioral information that is required for a 
large variety of motor, cognitive, motivational, and 
learning processes to function properly. These proc-
esses become deficient when dopamine transmission 
is impaired by lesions or receptor antagonists, and 
recover partly after pharmacological stimulation of 
dopamine receptors without the phasic informational 
signals being restored. This role involves sustained, 
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finely controlled, and only slowly varying extracellular 
dopamine concentrations in the order of 5–20       nM that 
exert a necessary, sustained influence on postsynaptic 
striatal and cortical receptors, membranes, and sec-
ondary messenger systems processing a large variety 
of specific, informational, behavior-related signals. 
The permissive role would allow the limited number 
of dopamine neurons to be involved in a large vari-
ety of functions residing in postsynaptic structures 
like striatum and cortex, without providing them with 
phasic input signals containing specific information. 

   Confusion will arise when confounding the differ-
ent informational and permissive modes of dopamine 
action and trying to identify a single behavioral 
dopamine function to the exclusion of other func-
tions, as we usually do for primary sensory systems. 
For example, strong dopamine reductions in the stria-
tum lead to Parkinsonian movement deficits, but 
dopamine neurons do not encode movement param-
eters. Apparently, dopamine has a permissive effect 
on movement processes residing in the striatum 
without carrying its own movement-related infor-
mation, and Parkinsonism may reflect a disorder of 
dopamine-dependent, movement-related activity in 
striatal neurons rather than a deficit in informational 
coding of dopamine neurons. Likewise, impaired 
inputs from dopamine neurons to the ventral striatum 
induce deficiencies in incentive motivational salience, 
but dopamine neurons do not carry a phasic incen-
tive salience signal, as they are activated very little 
by punishers, which are motivationally very salient. 
Apparently, the deficits in incentive salience are due to 
a disfunctional ventral striatum following impairment 
of the permissive rather than informational dopamine 
action. Thus, dopamine is involved in movement and 
incentive salience, but this involvement reflects the 
permissive rather than the informational reward- and 
risk-related dopamine function. Postsynaptic mecha-
nisms would be able to discriminate between the 
permissive and informational dopamine functions 
on the basis of their time-courses and instantaneous 
dopamine concentrations.  

    CONCLUSIONS 

   Just as the retina transfers information from elec-
tromagnetic waves to action potentials, dopamine 
neurons transfer information from polysensory stim-
uli to action potentials signaling rewards. The reward 
signal informs neural decision-making mechanisms 
about the abstract motivational or economic reward 
value, or possibly utility, as the key decision variable 
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for economic choices. Neurons in other reward struc-
tures carry additional reward information, including 
reference to drive states and sensory details about 
individual reward objects. However, the economic 
reward value signal of dopamine neurons codes nei-
ther simply reward nor mean economic value. Rather, 
it encodes reward outcome as it deviates from pre-
diction, thus fulfilling the basic requirement for a 
prediction-error teaching signal postulated by learning 
theory, and it is scaled in units of standard deviation 
rather than mean. A separate, slower dopamine signal 
informs directly about the degree of risk. Whereas the 
dopamine reward and risk signals are fast enough for 
immediate behavioral reactions, dopamine also oper-
ates with slower time-courses in a much wider spec-
trum of behavior, often in a permissive role without 
much temporal and behavioral information.  
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