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aminergic neurons are activated by novelty (although, of 
course, BOLD activations are far from direct measure­
ments of dopaminergic activity). One possibility, sug­
gested by the Kakade and Dayan (2002) model and also by 
a follow-up imaging study (Wittmann, Daw, Seymour, & 
Dolan, 2008), is that the brain approximates the value of 
exploration by assigning bonuses for novelty, rather than 
for uncertainty. Novelty bonuses are particularly easy to 
compute—they require only optimistic initialization—but 
they are only an imperfect proxy for uncertainty. For in­
stance, such bonuses would likely not be engaged by the 
task shown in Figure 1C and Figure 12, because the explo­
ration there was mandated by changing reward probabili­
ties in familiar bandits, rather than by explicit novelty.

Finally, if organisms indeed use some sort of random 
exploration, rather than exploration guided toward uncer­

of an option other than the one for which the subject was 
estimated to expect the most reward. Together with the 
behavioral results and other imaging findings suggesting 
the involvement of anterior prefrontal areas in process­
ing uncertainty (e.g., Yoshida & Ishii, 2006) and of the 
intraparietal cortex in belief states (as discussed above), 
this neural dissociation suggests that rather than being en­
couraged by a bonus reported in a common currency with 
exploitative value, exploration in this task somehow draws 
on distinct neural processes.

It is certainly possible that high-level regulation of the 
sort associated with the frontal pole overrides a prepotent 
drive to exploit; however, we should stress that it is not 
clear from these data what function, if any, these areas 
causally contribute to exploration. It is also unclear how 
to reconcile these findings with the observation that dop­
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Figure 12. Areas differentially active during exploration. Top: Both the bilateral frontopolar cortex (rFP, lFP) and the anterior 
intraparietal sulcus (rIPS, lIPS) exhibited higher BOLD activity during choices estimated to be exploratory, as compared with 
exploitative ones. Bottom: BOLD time courses from these regions averaged over exploratory (solid) and exploitative (dashed) 
trials; both areas exhibit positive BOLD excursions during exploration and the opposite for exploitation. Adapted from “Corti-
cal Substrates for Exploratory Decisions in Humans,” by N. D. Daw, J. P. O’Doherty, P. Dayan, B. Seymour, and R. J. Dolan, 2006, 
Nature, 441, p. 878. Copyright 2006 by the Nature Publishing Group. Reprinted with permission.
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for instance, restricting the number of basis functions 
in the representation of value functions, discretizing the 
belief state very coarsely, or restricting the length of the 
history of past observations used to create an effective 
state space. However, there are few broad results about 
the consequences of these approximations for the quality 
of control.

From a neural and psychological perspective, there are 
many open issues. One question under active debate in­
volves the way in which uncertain information, such as 
belief states, might be represented in the activity of popu­
lations of neurons and support the basic computations of 
Bayesian decision theory, such as belief updating (Equa­
tion 26) and the calculation of expected values (Equa­
tion 22) (Beck, Ma, Latham, & Pouget, 2007; Beck & 
Pouget, 2007; Deneve, 2008; Jazayeri & Movshon, 2006; 
Ma et al., 2006; Rao, 2004; Sahani & Dayan, 2003; Zemel, 
Dayan, & Pouget, 1998). Conversely, it is as yet unclear to 
what extent subjects can perform these operations in rich 
domains (for instance, with multimodal posterior distribu­
tions), let alone get near to an optimal balance between 
exploration and exploitation.

A second important point concerns the existence and 
interaction of different classes of mechanisms and sys­
tems involved in decision making. We have mentioned 
studies in rats suggesting that model-based mechanisms 
and goal-directed control (involving the medial prefron­
tal cortex and the dorsomedial striatum) and model-free 
mechanisms and habitual control (involving the dorso­
lateral striatum and dopaminergic neuromodulation) co­
exist and, indeed, compete to control choices (Balleine 
et al., 2007; Daw et al., 2005; Dickinson & Balleine, 2002; 
Killcross & Coutureau, 2003). As far as exploitation is 
concerned, these two mechanisms represent two ends of a 
spectrum trading off the statistical efficiency of learning 
(favoring model-based control over model-free control, 
which learns by bootstrapping) for the computational effi­
ciency of use (favoring model-free methods, which do not 
have to solve dynamic programming problems online). 
Other structures may also be involved—for instance, with 
the hippocampus contributing to control based on epi­
sodic memory (Lengyel & Dayan, 2008). The existence 
of discrete areas in exploration (Daw, O’Doherty, et al., 
2006) is less expected from the perspective of Bayesian 
decision theory, in which the benefits of exploration ap­
parent in Figure 9 are calculated of a piece with the ben­
efits of exploitation.

To summarize, decision theory is one of the few areas 
in which there is a tight and productive coupling between 
(1) normative theory from statistics, operations research, 
artif icial intelligence, economics, and engineering, 
(2) behavioral results in ethological and psychological 
paradigms, and (3) electrophysiological, pharmacologi­
cal, and even anatomical neural data. In a surprising set of 
cases, algorithmic ideas from the former disciplines have 
found relatively direct psychological and neural instantia­
tions in the latter ones, although this obviously need not be 
the case, particularly as the computations and algorithms 
get more complicated. The fruits of 50 years of analytical 

tainty, the dynamic regulation of the degree of random­
ness becomes particularly crucial. Although there is no 
direct evidence how this might be conducted, theoretical 
speculation has focused on the neuromodulator norepi­
nephrine as a potential substrate for such control (Cohen, 
McClure, & Yu, 2007; Doya, 2002; McClure, Gilzenrat, 
& Cohen, 2006).

Conclusions

We have reviewed some basic results in decision theory 
as they pertain to data in the psychology and neuroscience 
of choice. We considered the central computational issues 
surrounding the depths of the subjects’ ignorance about 
the rules of the tasks they face and their immediate state 
within the task, and also the heights of their ambition as 
to whether to try to optimize exploration and exploitation 
jointly. We also considered a number of different algo­
rithmic dimensions—most importantly, separating model-
based algorithms—which make direct, computationally 
expensive use of the (perhaps estimated) rules of the task 
to work out optimal actions—and value-or policy-based 
model-free algorithms that do away with these complexi­
ties, at the expense of being less statistically efficient at 
turning information from the world into good actions. We 
illustrated these issues with a number of paradigmatic 
special cases in which we could also report relevant psy­
chological and/or neural data.

A main focus of this review has been to highlight the 
commonalities among a large class of problems through 
the medium of Bayesian decision theory. Even though cer­
tain particular problems, such as the SPRT, admit particu­
larly simple solutions (which can be analyzed by special 
methods; Shadlen et al., 2007), apparently straightforward 
extensions take us back to the general case. Broader solu­
tions involve turning observations into beliefs about the 
state of the subject in the environment and handling se­
quential decision problems that involve optimization over 
multiple steps. We will end by considering some of the 
classes of question under current investigation.

From a computational perspective, the most interest­
ing and pressing direction for future studies concerns the 
construction of a relevant state space. We have stressed 
the notion of a belief state in the context of a probabilistic 
model of a domain. This offers a critical, crisp foundation; 
however, it also poses a brace of challenging problems: a 
statistical one of determining such models from experience, 
and a computational one of doing inference in the face of 
the lurking intractability to which we have often referred. 
Even approximate inference is extremely hard. Defining, 
and finding, minimal models is an obvious direction; and 
indeed, there is much current interest in taking advantage 
of structural properties of ecologically relevant domains, 
such as various forms of hierarchy, in order to make pro­
gress with these problems. There is also a wealth of work in 
unsupervised learning that is a fertile source of ideas.

A second key computational and algorithmic topic is 
that of approximations in general. There are some obvi­
ous routes to creating approximately optimal policies—
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research into decision making are being actively plucked 
in the form of biologically based models. Indeed, the high-
quality choices made by animals and humans in environ­
ments replete with extreme computational challenges 
coming from uncertainty about states and rules are poised 
to provide a whole new impetus toward the theory of ap­
propriate approximation.
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