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INTRODUCTION

According to expected utility theory, choice is uni-
tary by definition. For instance, a single scale mapping
the objects of choice to utility or value is implicit in
(indeed, formally equivalent to; see Chapter 1) a set of
preferences over these objects, so long as those prefer-
ences satisfy some regularities such as transitivity.

Of course, such an abstract analysis does not speak
directly to the mechanisms and processes that actually
produce choices. At a process level, the notion that
human and animal decisions are governed not by a
single unitary controller, but rather by multiple, com-
peting sub-systems, is pervasive throughout the his-
tory of psychology (Damasio, 1994; Dickinson, 1985;
Freud, 1961; James, 1950). Similar frameworks have
also become prevalent in neuroscience and behavioral
economics (Balleine and Dickinson 1998; Balleine et al.,
2008; Daw et al., 2005; Kahneman, 2003; Laibson, 1997;
Loewenstein and O’Donoghue, 2004; Thaler and An,
1981; Weber and Johnson, 2009).

Although such multiplicity of control sits oddly
with some theoretical perspectives, as we stress below,

the brain is modular, and it evolved over time.
Behavioral control mechanisms exist even in primitive
organisms and are preserved, and augmented, in
humans and other mammals. Also, such a multiplicity
of choice mechanisms can be normatively justified
even in more theoretical analyses, once computational
considerations are taken into account. Although theory
prescribes that a decision variable such as expected
utility should take some particular value, exactly com-
puting this value to guide choice is often laborious or
intractable. In this case, as we will see, approximations
may be preferable overall, and different approxima-
tions are more efficient in different circumstances.

In this chapter, we focus on a particularly crisply
defined and well-supported version of the multiple
systems framework, which has its roots in the behav-
ioral psychology of animal learning (Balleine and
Dickinson, 1998; Dickinson, 1985), and has more
recently been extended to humans and to serve as the
foundation for predominant neural and computational
accounts of these functions (Balleine and O’Doherty,
2010; Balleine et al., 2008; Daw et al., 2005). The over-
arching theme of all this work is that a particular
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behavior � such as a lever press by a rat � can arise in
multiple different ways, which are dissociable psycho-
logically, neurally, and computationally. In effect,
these are different routes to a decision.

This framework details three learning systems that
enable organisms to draw on previous experience to
make predictions about the world and to select beha-
viors appropriate to those predictions. Since these dif-
ferent sorts of predictions all ultimately concern events
relevant to biological fitness, such as rewards or pun-
ishments, they can also be thought of as different forms
of value. The systems are: a Pavlovian system that learns
to predict biologically significant events so as to trigger
appropriate responses; a habitual system that learns to
repeat previously successful actions; and a goal-directed
system that evaluates actions on the basis of their spe-
cific anticipated consequences.

In this chapter, we will describe each of these learn-
ing processes, detailing their putative neuronanatomi-
cal and computational underpinnings. Also, we will
describe situations under which these different systems
might interact with each other, in a manner that can
bias behavior in either adaptive or maladaptive ways.
Furthermore, we will consider whether the three sys-
tems as traditionally outlined are sufficient to account
for the full gamut of human behavior, or whether there
might be additional systems. Finally, we will speculate
on the relationship between the multiple learning sys-
tem framework we outline here and other multiple sys-
tems theories not overtly related to learning.

MULTIPLE SYSTEMS FOR LEARNING
AND CONTROLLING BEHAVIOR

Reflexes and Pavlovian Learning

In order to understand these different systems it is
instructive to take a phylogenetic perspective. For all
animals, it confers adaptive advantage to have
mechanisms in place to alter behavior in response to
environmental challenges and thereby increase the
probability of survival. Perhaps the simplest such
behaviors are reflexes. These are fixed, stereotyped
behaviors automatically elicited by specific types of sti-
muli (Sherrington, 1906). Such stimuli do not require
learning (over the lifetime of the organism) in order to
come to elicit such responses, but rather have innate
activating tendencies. Simple examples of such reflexes
are the withdrawal reflex elicited after touching a hot
surface, a startle reaction elicited by a loud bang, or
the generation of a salivary response following the
presence of food in the mouth. These reflexes are beha-
viors that have been shaped over the course of evolu-
tionary history because they provide an adaptive

solution to environmental challenges: it is useful to
withdraw from hot surfaces so as to minimize tissue
damage, it is advantageous to salivate in the presence
of food so as to facilitate its consumption and diges-
tion. Reflexive behaviors are simple to implement (e.g.,
by more or less directly coupling sensors to effectors
with minimal computation in between), and accord-
ingly they are found in even the simplest organisms
such as in species of bacteria that show chemotaxis
(Berg et al., 1972) all the way up to humans.

Reflexes are by nature reactive, in that they are eli-
cited only once a triggering stimulus is perceived. In
many cases, however, it would more advantageous for
an organism to be able to behave prospectively, in
advance of a behaviorally significant event. For exam-
ple, a flight reflex might help you to survive an
encounter with a mountain lion, but will be more
effective if you can flee in anticipation when the preda-
tor is likely to show up, as opposed to only reacting
once it is right in front of you.

Pavlovian learning (see also Chapter 15) is a mecha-
nism by which an animal can learn to make predic-
tions about when biologically significant events are
likely to occur, and in particular to learn which stimuli
(e.g., in the case of mountain lions: roars or rustling of
leaves) tend to precede them (Pavlov, 1927). Such pre-
dictions can then be coupled to the reflex mechanism,
so that instead of responding exclusively in a reactive
manner, the organism can elicit reflexive actions in
anticipation of a biologically significant event. The
standard laboratory model of such learning is based
on Pavlov’s (1927) findings that if a neutral stimulus
(e.g., a bell) is repeatedly paired with the subsequent
delivery of food, then that stimulus will also come to
elicit salivation by virtue of its predictive relationship
with the food delivery. The response depends on what
sort of outcome is predicted: if a neutral stimulus is
paired with the subsequent delivery of thermal pain,
that stimulus will come to elicit a withdrawal reflex.
Although some types of conditioned response are
identical to the response elicited by the associated out-
come (e.g., salivation to food), some other classes of
Pavlovian conditioned reflexes, while still stereotyped,
are distinct from those that occur in response to the
predicted outcome (such as orienting to a visual cue
predicting food as opposed to chewing in response to
the food itself), perhaps reflecting the fact that the
behavior that would be adaptive in preparation for the
arrival of an event is sometimes different from that
required following its onset (Konorski, 1948).

Pavlovian learning is known to be present in many
invertebrates, including insects such as drosophila
(Tully and Quinn, 1985), and even in the sea-slug
(aplysia; Walters et al., 1981), and also in vertebrates
including humans (Davey, 1992).
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As described, Pavlovian behaviors are more flexible
than simple reflexes in that when to emit the behaviors
is shaped by predictive learning, but they are also
inflexible since the responses themselves are stereo-
typed. A related point is that the learned contingency
that controls Pavlovian behavior is that between the
stimulus and the outcome rather than that between the
action and the outcome. That is, I salivate because I
have learned something about the bell � that it predicts
food � rather than something about salivation � e.g.,
that it makes food more palatable. Clearly, learning to
take actions because they produce some desired out-
come (to carry out some arbitrary action such as lever-
pressing, because it produces food) is also highly
advantageous, and more reminiscent of decision mak-
ing as it is normally conceived in economic analyses.
However, before turning to such learning, known as
instrumental conditioning, we first discuss the evidence
that Pavlovian behaviors are really produced by a
stimulus-triggered reflex in the manner described.
Although some Pavlovian responses (like salivation)
have an obviously automatic character, others (such as
approach or withdrawal) are more ambiguous: the
form of the behavior itself thus does not unambigu-
ously reveal the nature of the learning that produced it.

Accordingly, a raging debate in the animal learning
field during the mid-twentieth century concerned the
issue of whether Pavlovian learning processes really
existed separate from instrumental processes, or
whether all animal learning could be explained by
one or the other sort of mechanism (Bindra, 1976;
Mowrer, 1947). Clear evidence that putatively
Pavlovian behavior really is driven by learning about
stimulus�outcome relationships (versus instrumental
learning about action�outcome relationships) comes
from experiments in which these two sorts of contin-
gencies are pitted against one another. For instance, it
can be arranged that a bell predicts food, but the food is
only delivered on trials when the animal does not sali-
vate. In this way, the animal experiences the Pavlovian
stimulus�outcome relationship, but never the (instru-
mental) action�outcome relationship. Nevertheless,
animals do come to salivate reliably in this situation,
and are unable to learn not to do so, despite the fact
that this deprives them of food (Sheffield, 1965). This
(and similar results for other behaviors like approach;
Hershberger, 1986) supports the interpretation of these
behaviors as a Pavlovian reflex.

Instrumental Conditioning: Habits and
Goal-Directed Actions

If Pavlovian behaviors are not instrumental, it is
also the case that instrumental behaviors are not

Pavlovian. That is, animals can also learn to emit new
behaviors that produce desired outcomes, and are sen-
sitive to the action�outcome contingency. Consider
lever-pressing for food. In principle, behavior that
appears instrumental might arise due to a Pavlovian
reflex. A rat might approach a stimulus (here, a lever)
predictive of food, and thereby blunder into depress-
ing the lever. But if the behavior changes in response
to changes in the action�outcome contingencies that
do not affect the stimulus�outcome relationship, then
such behaviors cannot be explained as Pavlovian. For
instance, animals can either learn selectively to press
the same lever to the left, or to the right, depending
which of those movements is programmed to produce
food (Dickinson, 1996). Both such behaviors can not be
explained away as inbuilt Pavlovian reflexes to the
expectancy of food.

Early theories of instrumental conditioning
described the learning process in terms of a simple
mechanism which is again an elaboration of the
stimulus-triggered reflex. Here, the idea is to learn
new associations between stimuli and responses: effec-
tively, wiring up new behaviors as reflexes (Hull, 1943;
Thorndike, 1898). Such stimulus�response links were
suggested to be shaped by a reinforcement rule that
the early 20th century psychologist Edward Thorndike
called the Law of Effect. He proposed that if a response
was performed in the presence of a stimulus, and it
led to “satisfaction” (e.g., reward), then its link would
be strengthened, whereas stimulus�response links
leading to “discomfort” would be weakened. Such sti-
mulus�response learning mechanisms are likely
widely present across vertebrate species. Some even
argue that instrumental learning mechanisms are pres-
ent in inverterbrates such as drosophila or aplysia
(Brembs et al., 2002; Cook and Carew, 1986), although
the extent to which Pavlovian accounts for the putative
instrumental behavior have been successfully ruled
out in some of the inverterbrate studies might be open
to debate.

Stimulus�response learning of this sort is today
referred to as habitual learning (Dickinson, 1985), and
(after Pavlovian learning) is the second of the three
behavioral control systems considered in this chapter.
Although such a learning system is capable of estab-
lishing even very complex behavioral patterns, such
as for instance when training a pigeon to play ping
pong (Skinner, 1962), this mechanism still has an odd
and sometimes maladaptive inflexibility owing to its
foundation in the stimulus�response reflex. In partic-
ular, a stimulus�response learner works simply by
repeating actions that were previously successful (i.e.,
followed by “satisfaction”). But such a mechanism is
incapable of evaluating novel actions (or re-evaluating
previously experienced ones) based on any other
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information about the task, the world, or the animal’s
goals.

Based on this insight, in classic work, Thorndike’s
contemporary, the American psychologist Edward
Tolman (Tolman, 1948) used a number of different
spatial foraging tasks in the rat to argue for the insuffi-
ciency of the stimulus�response mechanism for
explaining mammalian instrumental learning. For
instance, he demonstrated that rats exposed to a maze,
even in the absence of any reinforcement, were faster
at learning the route to a location subsequently baited
with food, compared to animals that hadn’t been pre-
trained in the maze. This effect is known as latent learn-
ing. Similarly, Tolman demonstrated that rats could
flexibly select new pathways through a maze in order
to reach a goal if the previously rewarded pathway
was no longer available or if a better shortcut newly
became available. None of these effects can be
explained by stimulus�response learning. For exam-
ple, even if animals in the latent learning task formed
some stimulus�response associations during the maze
pre-exposure period, these wouldn’t preferentially
favor the particular trajectory that would later lead to
reward. Tolman interpreted these findings as suggest-
ing that these animals instead learned to encode what
he called a “cognitive map” � in this case, essentially
an internal map of the spatial layout of the maze and
the locations of goals � and that they could use it in
order flexibly to select actions in pursuit of their goals.
More generally, a cognitive map (as defined today)
typically encodes the contingencies of a task: how dif-
ferent actions lead to different outcomes, including
goals.

More recently, Dickinson (1985) has argued (on the
basis of a task and results discussed in more detail
below) that both Thorndike and Tolman were,
in effect, right: that in fact there are two distinct
mechanisms for instrumental conditioning in the mam-
malian brain. These include both the habitual stimu-
lus�response mechanism and a goal-directed
mechanism that evaluates actions more prospectively,
as by a cognitive map. The goal-directed system is the
third system of behavioral control considered in this
chapter. On Dickinson’s definition, a choice is goal-
directed if it depends on a representation of the
action�outcome contingency (that lever-pressing pro-
duces food: the cognitive map) and on the outcome as
a desired goal or incentive (that food is valuable).
Otherwise it is seen as the product of some other influ-
ences, such as habitual or Pavlovian. As we have seen,
Pavlovian and habitual mechanisms can produce
adaptive behaviors, but they do not actually do so on
the basis of a representation of this sort, the critical fea-
ture of a goal-directed system. For this reason, a goal-
directed system can solve action selection problems

that a habitual, stimulus�response system cannot, and
this also allows its contributions to behavior to be dis-
sociated experimentally from the products of habitual
and Pavlovian systems.

A key basis for distinguishing goal-directed and
habitual behaviors experimentally is thus examining
whether organisms can flexibly adjust their actions fol-
lowing a change in the reward value of an associated
outcome (Figure 21.1). In a typical experiment, a hun-
gry rat first learns to lever-press for food. Following
this training, some “devaluation” manipulation is per-
formed to reduce the desirability of the food to the rat.
For instance, the rat can be fed to satiety, or the food
can be paired with drug-induced illness to produce a
selective aversion. At this point the rat does not value
the food, in the sense that it will not eat it if presented.
The rat is then offered the chance to work again on the
lever associated with the now-devalued food. In this
case, if its behavior were controlled by a goal-directed
system, then it would evaluate the action in terms of
its consequence (the food) and its desirability (low),
and correctly decide not to press the lever. This makes
sense, but it stands in contrast to how a stimulus�
response learner would behave. In that case, the
behavior would only be controlled by its previous
“satisfaction” upon pressing the lever. Because the act
of pressing the lever was previously reinforced, such a
system makes the counterintuitive prediction that the
rat would continue to lever-press, even though it
demonstrably doesn’t want the food. This is because a
stimulus�response system bases its choices only on
past satisfaction, and not on the particular expected
consequences of actions or their current values.
Ultimately, the stimulus�response link can be
unlearned (by new experience showing that the
lever-press no longer produces “satisfaction”), but ini-
tially the mechanism will produce inappropriate
behavior.

Dickinson and colleagues have used this reward
devaluation manipulation, changing the value of an
outcome after learning, to examine what mechanism
drives instrumental behavior in rats. These experi-
ments demonstrate evidence for both goal-directed
and habitual control, i.e. rats can be either sensitive to
devaluation (reducing pressing on a lever than had
delivered now-devalued food, relative to a control
non-devalued action�outcome pair), or insensitive
(maintaining inappropriate lever pressing), in different
circumstances. Note that much as with Tolman’s
spatial experiments, correctly adjusting one’s action
preferences following a reward devaluation cannot be
explained by a stimulus�response mechanism.
Conversely, a true goal-directed system would not per-
sist in lever pressing for a devalued goal. These two
modes of behavior thus each reject one of the models,
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and suggest that two systems for instrumental condi-
tioning control behavior at different times.

What circumstances affect which behavior is
observed? One key factor among several that influence
whether behavior is goal-directed or habitual is the
amount of training the animal received in the initial
lever-pressing, prior to devaluation (Adams, 1982;
Balleine and Dickinson, 1998). If animals are moder-
ately trained on the original lever-pressing task (e.g.,
having practiced it for five half-hour sessions prior to
the devaluation), they maintain devaluation sensitivity;
if they are overtrained (e.g., 20 sessions of lever-
pressing practice), behavior can become insensitive to
devaluation, suggesting a shift in control from goal-
directed to habitual over the course of learning. This is
one of the reasons for calling stimulus�response
behavior habitual � it resonates with a phenomenon
familiar in our own lives, that highly practiced beha-
viors (e.g., your route to work) become somehow auto-
matic and can sometimes be performed even when
inappropriate to your current goals (e.g., when you are

actually headed to the grocery store). Recently,
Tricomi and colleagues (2009) used a devaluation para-
digm similar to the rodent studies to show a transition,
with overtraining, from goal-directed to habitual
behavior in humans as well.

Returning to our phylogenetic narrative, given that
goal-directed and habitual behaviors are present in
rodents as well as humans, it is certainly tempting to
speculate that the capacity for goal-directed control
might well be widespread among mammals. The phy-
logenetic viewpoint allows us to appreciate that as
modern humans, we have inherited multiple different
systems for interacting with and learning about the
world, ranging from simple reflexes, including a
Pavlovian controller, a habit system and then a goal-
directed controller. On a behavioral level, these differ-
ent control systems are likely to interact either cooper-
atively or competitively to guide behavior, sometimes
in a manner that leads to the selection of apparently
inappropriate behaviors. We next consider computa-
tional and neural approaches to this multiplicity.

FIGURE 21.1 Distinguishing habitual from goal-directed instrumental learning using outcome devaluation. Left: Rats are first trained,
when hungry, to lever press for food. Center: the food is devalued, e.g., by feeding the animal to satiety. Right: animals are tested to assess
whether they will maintain lever pressing for the devalued outcome, compared to control animals who still value the outcome. The test is
conducted in extinction (without food delivery) to ensure that any changes in behavior relate to the animal’s internal representation of the
outcome, rather than learning from new experience with it during the test phase. Drawings by Sara Constantino. Bottom: both devaluation-
sensitive (goal-directed) and devaluation-insensitive (habitual) responses are observed under different circumstances. In this graph, the
effect of the amount of instrumental training is illustrated (data replotted from Holland, 2004): goal-directed behavior dominates early, but
gives rise to habitual (devaluation-insensitive) behavior following overtraining.
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COMPUTATIONAL FOUNDATIONS
OF MULTIPLE LEARNING SYSTEMS

So far, we have presented behavioral evidence that
several different sorts of learned representations can
control behavior in humans and laboratory animals.
We have suggested that these might reflect a series of
increasingly sophisticated action control mechanisms
built up by evolution, but we have so far been rela-
tively informal in discussing how they are adaptive.

A complementary view on adaptive behavior comes
from computer science and engineering, where
researchers have considered the computational prob-
lem of learned optimal control in the context of con-
trolling artificial agents such as robots. As discussed in
Chapters 15 and 16, ideas and algorithms from this
field, called reinforcement learning (RL; Sutton and
Barto, 1998), are also influential as theories in compu-
tational neuroscience. In particular, because they focus
on step-by-step optimization computations, such theo-
ries serve as a bridge between normative decision-
theoretic or economic notions of adaptive behavior
and the more process- or mechanism-level concerns of
psychologists and neuroscientists.

As it turns out, the distinction between habitual and
goal-directed instrumental control has a formal coun-
terpart in RL, which we describe here (Figure 21.2A).
This serves to connect the psychological categories to
more abstract models of efficient behavior, and also to
situate them in the context of studies of the neural
mechanisms for this learning, which (as discussed in
Chapters 15 and 16, and also below) have also been to
a great extent understood in RL terms.

Model-Based and Model-Free Learning

Consider the problem of choosing among a set of
options the one that maximizes the expected utility of
the outcome. We could write a standard decision-
theoretic expression for that objective, but using nota-
tion drawn from RL:

QðaÞ5
X
s

PðsjaÞrðsÞ ð21:1Þ

The options (actions a) result stochastically in differ-
ent outcomes (outcome states s) which have different
subjective utilities (rewards r); the objective function is
the average reward in expectation over the outcome,

V(st)
state value

Q(st,a)
model-free

action value

Q(st,a)
model-based
action value
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(A) (B)
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FIGURE 21.2 (A) Multiple routes to behavior in model-based and model-free reinforcement learning. (B) Neural circuits underlying valua-
tion in conditioning. Areas are labeled based on rodent lesion studies; the identification of the homologous structures in primates is discussed
in the text and illustrated in Figures 21.3 and 21.4. Evidence reviewed in text suggests that actions are influenced by three value learning sys-
tems implemented in dissociable neural substrates, each involving loops through different parts of the basal ganglia. On this view, habitual
instrumental actions are encoded in loops involving sensory-motor (SM) cortical inputs to dorsolateral striatum (DL). A parallel circuit linking
medial prefrontal cortex (mPFC), dorsomedial striatum (DM) appears to support goal-directed instrumental behavior. Finally, Pavlovian
responses appear to involve a ventral loop linking orbitofrontal cortex (OFC) and ventral striatum (VS), with important contributions also of
the central (CeA) and basal/lateral nuclei of the amygdala (BLA). All three loops are innervated by dopaminergic inputs from ventral tegmen-
tal area/substantia nigra pars compacta (VTA/SNc).
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by convention written Q. Such a formalism is often
used to characterize the choice between different mon-
etary lotteries in a human decision task, but it is
equally applicable, for instance, to a task in which a rat
faces a number of different levers, which deliver differ-
ent outcomes (e.g., different foods and liquids, shocks)
according to different probabilities.

Now suppose, like the rat, we wish to learn to solve
this problem by trial and error: by trying different
actions and observing their results. A key insight in
the early development of RL was that this learning
problem could equally be attacked by focusing on esti-
mating the quantities appearing on either side of the
equal sign in Equation 21.1.

An approach based on the right hand side of the
equation would learn a representation, for each action,
of the likelihood of producing each outcome (i.e.,
P(sja)), and also a representation of how pleasurable
each outcome is (i.e., r(s)). These functions can be
estimated from experience with actions and their out-
comes, e.g., by counting and averaging. Then when-
ever one wants to choose an action, each candidate’s
value can be explicitly computed via plugging the esti-
mates into Equation 21.1 and taking the sum. This is
called model-based reinforcement learning, because it
centers on representing the two functions characteriz-
ing outcomes and their values, which are together
known as an “internal model” of the task.

In fact, this is not the way of solving the problem
that is most prominent in psychological or neuroscien-
tific theories. An alternative is to learn to approximate
the left-hand side of the equation directly (Sutton,
1988). Here, that amounts to maintaining a representa-
tion of the estimated expected value Q for each action.
By simply sampling actions, and maintaining a run-
ning average of the rewards obtained, one can estimate
Q directly, and eschew any intervening representation
of the outcomes themselves. This approach is known
as model-free RL: it does not rely on an internal model
of the task contingencies. This is also exactly the learn-
ing approach detailed in Chapter 15: Q can be updated
using error-driven learning (increased or decreased
depending whether the reward is larger or smaller
than expected). As also discussed there, this is also the
approach associated with prominent accounts of the
responses of dopamine neurons, which appear to carry
such a prediction error signal for reward (Barto, 1995;
Montague et al., 1996; Schultz et al., 1997).

World Models Versus Goals and Habits

Note how closely the model-based and model-free
approaches mirror, respectively, the goal-directed and
habitual learning mechanisms described in the

previous section (Daw et al., 2005). For model-based
RL, the two pieces of the internal model (P(sja) and
r(s)) mirror the defining antecedents of the goal-
directed response, the action�outcome contingency
and the outcome’s incentive value. Meanwhile, like a
stimulus�response habit, the model-free value Q(a)
measures the previous reward obtained for a without
reference to the outcome identity: it is, in effect, a
record of previous “satisfaction” following a. (Note
that for simplicity, Equation 21.1 is written as a func-
tion over actions in a single situation. One could alter-
natively define Q as itself also dependent on the state
in which the action is taken: Qðs; aÞ5P

s0Pðs0js; aÞrðs0Þ.
This characterizes the value for actions taken in differ-
ent states or situations, in which case it more directly
resembles the strength of the stimulus�response asso-
ciation for stimulus s and response a, in terms of the
outcome s0.)

Model-based and model-free RL make analogous
predictions about reward devaluation tasks as do the
goal-directed and habitual mechanisms they formalize
(Daw et al., 2005). If an action is trained for some out-
come, and then the outcome is devalued, model-based
RL will incorporate that devaluation into its computa-
tion of Q(a) via r(s) in Equation 21.1 and adjust behav-
ior. Conversely, because model-free RL does not
compute Q(a) in terms of the outcome identity, it can-
not adjust the learned value following devaluation but
must relearn Q(a) from additional experience with the
outcome’s new value.

Finally, although Equation 21.1 describes tasks
involving a single action for a single outcome, multi-
step decision tasks, in which a series of states, actions,
and rewards occur in sequence, are important both in
computer science (for example chess) and in psychol-
ogy (mazes). As discussed in Chapters 15 and 16,
the same two families of RL approaches generalize
straightforwardly to multistep decision problems. In
this case, the relevant notion of the expected value for
an action in a state (a board position in chess or a loca-
tion in a maze) sums accumulated rewards over the
series of states that would subsequently be encoun-
tered. Thus, as detailed in Chapter 16, the expression
analogous to the right-hand side of Equation 21.1 for
such a task must take the expectation not just over the
outcome state s, but over the whole series of states fol-
lowing it, summing rewards over the resulting poten-
tial trajectories. Model-free learning of values can then
be accomplished by temporal-difference methods of
the kind discussed in Chapters 15 and 17, which gen-
eralize error-driven sampling of obtained rewards to
the long-run cumulative reward. As described in
Chapter 15, this is the algorithm typically associated
with the dopamine response. As detailed in
Chapter 16, model-based RL in this setting depends on
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learning the sequential transition function P(s0js,a)
describing how an action in a state leads to the next
state, and then iterating it repeatedly to predict trajec-
tories in computing the cumulative reward analogous
to the right hand side of Equation 21.1. This allows the
same theory to characterize spatial tasks, cognitive
maps and Tolman’s results such as latent learning,
along with simpler nonsequential operant lever-
pressing tasks of the sort discussed above. Computing
expected action values via model-based RL in this case
resembles a sort of predictive simulation about what
series of states and rewards will follow a choice
(Johnson and Redish 2007; Schacter et al., 2007).

Why Two Instrumental Systems?

The computational approach also provides some
insight into two questions central to this chapter: why
should the brain employ two instrumental decision sys-
tems, and how can it arbitrate between them? One
answer is that these computational approaches repre-
sent different tradeoffs between computational costs
and statistically efficient learning.

A model-based method is computationally expen-
sive at decision time, since it must compute the
expected value from Equation 21.1 explicitly, summing
over different possible state sequences. This is a partic-
ularly onerous requirement in a sequential decision-
making task like the game of chess, where the number
of future board positions to be examined is typically
impossibly large and the computation is therefore both
laborious and approximate. Model-free RL, in contrast,
requires only retrieving and comparing the learned net
values Q at decision time. On the other hand, as we
have seen, model-free RL can under certain circum-
stances make decisions that are less than ideal with
respect to the agent’s current knowledge and goals, as
in the example of a rat working for devalued food.
This is an example of a more general shortcoming of
these algorithms, which is that the process for sam-
pling Q values directly, without building a model,
does not fully take into account all information avail-
able at any particular point that is relevant to estimate
an action’s value. By recomputing action values from
their elements at each step, model-based RL ensures
more efficient use of information.

These models thus clarify how each of these two
approaches, model-based and model-free or goal-
directed and habitual learning, have strengths and
weaknesses that trade off against each other.
Essentially, they offer two points on a tradeoff between
computational complexity and statistical accuracy, with
model-based RL computing a reliable result with diffi-
culty, and model-free RL offering an easier shortcut to

a potentially less accurate result. Consider the example
of rodent lever-pressing, which starts out goal-directed
and becomes habitual with overtraining. (Data do not
yet exist, incidentally, to determine whether this transi-
tion is abrupt or gradual.) Early in training, the ani-
mal’s experience is sparse, and it may be worthwhile to
squeeze the most information out of this experience by
laboriously computing the value of actions in a model-
based fashion. However, given extensive experience
lever-pressing in a stable environment, recomputing
the same values in this way is unlikely to reveal any
surprises. These sorts of considerations may thus help
to explain why the brain apparently implements both
methods, and when (or even how) it chooses one over
the other. Formal models extend this reasoning (Daw
et al., 2005; Keramati et al., 2011; Simon and Daw,
2011a) to analyze under what circumstances the
computational costs of model-based RL (for instance, in
the brain, the opportunity cost of time and the
caloric cost of firing neurons) are likely to be justified
in terms of producing better decisions, i.e., those that
ultimately earn more rewards. The theories predict the
effect of overtraining on habits together with a number
of other factors that also have been shown to affect this
balance in experiments.

Computational Approaches to Pavlovian
Learning

We have focused on computational accounts of
instrumental conditioning, in an attempt to capture the
distinction between goal-directed and habitual learn-
ing. What of our other behavioral control system, the
Pavlovian one?

As we have seen, the different forms of instrumental
conditioning can be associated with different methods
for predicting Q(s, a), the reward expected for an
action in some situation. Computed different ways, we
can see this as playing both the role of the stimulus�
response association (between s and a) or the goal-
directed value of a in s. RL algorithms can analogously
be applied to learn a similar function, which is
relevant to Pavlovian conditioning in that it captures
something like the stimulus�outcome association. This
is known as V(s), and represents the reward expected
following some state (stimulus or situation), regardless
of (in expectation over) any actions taken. As is
described in detail in Chapter 15, model-free RL algo-
rithms for predicting V using error-driven updating
have a long history in psychology as theories of
Pavlovian conditioning. Moreover, as also discussed
below, these theories also became the foundation for
accounts of the dopamine response and its involve-
ment in conditioning.
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For Pavlovian behavior, the assumption is that the
conditioned response (salivation, or the like) in some
state s is directly proportional to the predicted reward
V(s). Theoretical work has considered how these
responses can compete against or combine with instru-
mental ones produced by model-free or model-based
RL (Dayan et al., 2006), but there has been little work
attempting to understand or rationalize the principles
of these interactions, analogous to that investigating
the efficient tradeoff between model-based and model-
free methods. This is an important area in which
future work can be expected to yield significant
results.

MULTIPLE NEURAL SYSTEMS
FORVALUE LEARNING

We have identified multiple learning systems that
are dissociable behaviorally and operate according to
different computational principles. This research has
provided the foundation for seeking neural substrates
supporting these mechanisms. This work is important
for several reasons. Perhaps most crucially with
respect to the argument of this chapter, the existence
of dissociable neural substrates mediating these dif-
ferent behaviors supports their interpretation in
terms of multiple systems. Second, information about
the neural systems involved provides additional
insights into how these systems operate. Third, inves-
tigations of the neural systems supporting these
behaviors, many of which are interconnected, have
tended to highlight additional questions about the
nature of interactions and commonalities between the
systems.

Broadly, our three learning systems implicate three
adjacent subregions of the rodent striatum: ventral (for
Pavlovian, also called the ventral striatum in primates
including humans), dorsolateral (for habitual, called
the putamen in primates) and dorsomedial (for goal-
directed behaviors, called the caudate in primates;
Figure 21.2B). These areas are interesting because they
are all targets of the midbrain dopaminergic system
(which plays an important role in computational
accounts of RL), and because different areas of stria-
tum have reciprocal interconnections with distinct
areas of cortex via a series of “loops” through the basal
ganglia (Alexander and Crutcher, 1990).

Pavlovian Learning

Pavlovian learning is arguably more heterogeneous
than the other systems we have considered, since it
involves numerous different sorts of responses for

different predictions, many of which may involve dis-
tinct brain subsystems if only for expression. However,
focusing on general appetitive and aversive Pavlovian
conditioning procedures most relevant to neuroeco-
nomics, there is now considerable evidence to
implicate several brain structures in this process, par-
ticularly the amygdala, the ventral striatum and the
orbitofrontal cortex. Anatomically, both the central
nucleus of the amygdala and the ventral striatum are
appropriately positioned to control the expression of
different sorts of Pavlovian responses. The amygdala
central nucleus projects to lateral hypothalamic and
brainstem nuclei involved in implementing condi-
tioned autonomic reflexes (Price and Amaral, 1981),
while the ventral striatum sends projections via the
globus pallidum to motor nuclei in the brain stem
such as the peduncolopontine nucleus (Groenewegen
and Russchen, 1984). These projections are compati-
ble with a role for the ventral striatum in implement-
ing conditioned skeletomotor reflexes such as
approach and avoidance behavior, as well as con-
summatory responses such as licking. These areas
and also areas upstream from them � the amygda-
la’s basal and lateral nuclei and the orbitofrontal cor-
tex � are all likely sites for plasticity subserving
Pavlovian learning.

Accordingly, lesions of the whole amygdala and
selective lesions of its lateral and central nuclei impair
the acquisition and expression of aversive fear condi-
tioning in rodents (Pare et al., 2004). Lesions of the
amygdala, ventral striatum and orbitofrontal cortex
can all result in impairments in at least some forms of
appetitive Pavlovian conditioning, such as conditioned
approach (Hatfield et al., 1996; Ostlund and Balleine,
2007; Parkinson et al., 1999). Importantly, lesions of
these areas tend not to have comparable effects on
instrumental learning � supporting the dissociation of
these functions � though (as we will discuss more
below), lesions do implicate ventral striatum and baso-
lateral amygdala in interactions between Pavlovian
and instrumental mechanisms.

Single unit studies in both rodents and monkeys
have revealed neuronal activity in both the amygdala
and orbitofrontal cortex related to conditioned stimuli
associated with the subsequent presentation of both
appetitive and aversive unconditioned stimuli such as
a sweet taste (juice reward), aversive taste or an air
puff (Morrison and Salzman, 2011; Paton et al., 2006;
Schoenbaum et al., 1998). Furthermore, human imaging
studies have revealed neural responses in amygdala,
ventral striatum and orbitofrontal cortex in response to
conditioned stimuli that are predictive of the subse-
quent delivery of appetitive and aversive outcomes
such as tastes and odors (Gottfried et al., 2002, 2003;
O’Doherty et al., 2002).
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An important commonality of the aforementioned
areas is that they are all major targets of the
dopamine-containing neurons of the midbrain, an
observation that links these systems closely to the
computational learning mechanisms discussed in the
previous section. In particular (see also Chapter 15),
the responses of dopamine neurons in Pavlovian con-
ditioning experiments (and also dopamine release in
ventral striatum assessed using fast-scan cyclic voltam-
metry) quantitatively match a reward prediction error
signal that drives learning in model-free RL theories of
Pavlovian conditioning (Montague et al., 1996; Schultz
et al., 1997). Dopamine influences plasticity at its tar-
gets (notably, in striatum), which may ultimately sub-
serve at least some forms of appetitive Pavlovian
learning (Aggarwal et al., 2012; Reynolds and Wickens,
2002). Accordingly, dopamine in ventral striatum is
indeed implicated in appetitive Pavlovian conditioning
procedures (Parkinson et al., 2002). Importantly, how-
ever, dopamine (albeit in other areas of striatum) is
also implicated in instrumental learning, as discussed
below.

Instrumental Behavior: Habit Learning

The existence of two systems for instrumental
behavior is supported by clear dissociations between
brain networks across studies using a number of dif-
ferent methodologies. One approach combines lesions
in rodents with devaluation tasks of the sort dis-
cussed above. The general form of the findings is
that lesioned animals can acquire instrumental beha-
viors, but the reward devaluation test demonstrates
that the behavior is supported by one or the other of
goal-directed or habitual mechanisms (depending
which areas are damaged) even under circumstances
when the other system would dominate in control
animals. Thus, for instance, following overtraining,
animals with damage to areas involved in habits
(discussed next) retain devaluation sensitivity even
while the behavior of neurologically intact control
animals become habitual (Yin et al., 2004). Another
set of lesions preserves goal-directed behavior while
abolishing habits.

These converging lines of evidence implicate the
dorsolateral striatum (the rodent homologue of the
putamen in primates) in habit learning and the habit-
ual control of behavior. In rodents, lesions of the
dorsolateral striatum have been found to render
behavior permanently goal-directed such that even
after overtraining these animals fail to express habits
(Yin et al., 2004). These areas of striatum are con-
nected to “skeletomotor loops” linking the basal
ganglia with the motor cortices. Since these circuits

are likely involved in the control of simple move-
ments, these areas are well positioned for simple
stimulus�response triggering (Alexander and
Crutcher, 1990).

In humans, fMRI studies of motor sequence learning
have reported an increase in activity in the posterior
part of the dorsolateral striatum as sequences have
become well learned (Jueptner et al., 1997; Lehéricy
et al., 2005), although such studies typically have not
determined whether responding has transitioned to
becoming habitual using the appropriate behavioral
assays. Tricomi et al. addressed those shortcomings by
demonstrating that increasing activity in right postero-
lateral striatum over the course of training did relate
to the emergence of habitual control as assessed with
a reinforcer devaluation test (Tricomi et al., 2009)
(Figure 21.3A,B). Moreover it has recently been shown
that using diffusion tensor imaging (DTI: see
Chapter 6) that differences in the strength of the con-
nectivity between right posterolateral striatum and
premotor cortex across individuals is significantly cor-
related with the degree to which individuals show evi-
dence of habitual behavior on a task in which goal-
directed and habitual responding are put in conflict
with each other (de Wit et al., 2012). Finally, in a
decision-making study (Wunderlich et al., 2012) based
more on the computational distinction between model-
based and model-free RL, correlates of value were
seen in this region for extensively trained actions, but
not for values that had to be computed by model-
based search (Figure 21.3C).

From a computational perspective, instrumental
learning of action preferences by model-free RL (the
proposed computational theory of habit formation)
uses reward prediction errors similar (or in some
theories, identical) to those previously discussed for
Pavlovian learning. Moreover, within instrumental
conditioning, we might on computational grounds
expect dopamine to be preferentially involved in
habit formation, rather than in goal-directed behav-
ior. This is because model-based learning (the puta-
tive computational substrate for goal-directed
behavior) does not rely on similar reward prediction
error signals, since it doesn’t directly learn aggregate
reward predictions at all (Glascher et al., 2010).
Accordingly, attenuating prediction-error related sig-
nals in rodent dopamine neurons (by genetically
deleting an excitatory receptor that supports such fir-
ing) impairs habits while sparing goal directed learn-
ing (Wang et al., 2011). Given the devaluation work
discussed above, a likely site of action for dopami-
nergic involvement in habit learning is the dorsolat-
eral striatum, where indeed the removal of the
dopaminergic input blocks habit formation (Faure
et al., 2005).

402 21. MULTIPLE SYSTEMS FOR VALUE LEARNING

NEUROECONOMICS



Goal-Directed Learning

The counterpart to the lesion evidence implicating
dorsolateral striatum in goal-directed behavior is

lesion of the adjacent dorsomedial striatum in rodents,
a manipulation which impairs goal-directed behavior
as assessed by devaluation, but spares habits (Yin
et al., 2005). Together, these lesions of the dorsomedial
and dorsolateral striatum suggest that these two func-
tions are separate and independent from one another,
in that they can each be separately affected while leav-
ing the other intact. Such a pattern of results is known
as a double dissociation.

Key inputs to the dorsomedial striatum come from
the medial prefrontal cortex, and in particular, in
rodents, from an area of the medial prefrontal cortex
known as the prelimbic cortex. Lesions here have have
effects similar to dorsomedial striatum in abolishing
goal-directed behavior (Balleine and Dickinson, 1998;
Corbit and Balleine, 2003; Killcross and Coutureau,
2003; Ostlund and Balleine, 2005). However, one differ-
ence between these areas emerges when the lesion
operations are performed between the initial instru-
mental training and the devaluation test (rather than
before training). In this case, dorsomedial striatal
lesions continue to affect goal-directed behavior, but
prelimbic lesions no longer affect it. These results sug-
gest that both areas are involved in the acquisition of
goal-directed behavior, but only dorsomedial striatum
is implicated in its expression (Yin et al., 2005).

In humans, there is now accumulating evidence to
implicate the ventromedial prefrontal cortex in goal-
directed learning (Balleine and O’Doherty, 2010). This
area (and similarly positioned areas on the medial wall
of prefrontal cortex in primates) is a likely homologue of
the prelimbic cortex in rats, and also a key area in
neuroeconomics due to many reports of correlates of
expected value/utility there (see Chapters 8, 13, and 20
for more on this). Evidence tying this area to goal-
directed behavior includes that value-related activity in
this region tracks the current value of an instrumental
action in a manner that mirrors goal-directed valuation.
That is, following devaluation, activity decreases for an
action associated with a devalued outcome relative to
an action associated with a still valued action (Valentin
et al., 2007; de Wit et al., 2009; Figure 21.4A,B).
Furthermore, activity in this region also tracks measures
related to the instrumental contingency (the causal rela-
tionship between an action and an outcome), sensitivity
to which is another important feature of goal-directed
control (Liljeholm et al., 2011; Tanaka et al., 2008). Also,
studies examining whether expected value correlates in
this region comply more with model-based (versus
model-free) values, as predicted by computational
models, have repeatedly shown evidence for model-
based values there (Beierholm et al., 2011; Daw et al.,
2011; Hampton et al., 2006, 2008) (Figure 21.4C).

The human dorsomedial striatum has not been
implicated as clearly in goal-directed behavior using
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FIGURE 21.3 Neural correlates of putative habitual control and
of model-free cached value signals in humans. (A) Task used by
Tricomi and colleagues (2009) to induce habitual control in humans.
Participants responded in an adapted free operant procedure
whereby in a particular epoch they could free respond (on a variable
interval schedule) in order to obtain rewarding outcomes which were
either Fritos or M&Ms. The particular outcome obtained was condi-
tional on performance of a particular action (button press) in the pres-
ence of a specific discriminative stimulus (fractal). One group of
participants were extensively trained on these actions by being given
3 days of training (32 minutes per day). After devaluation by selective
satiation on either Fritos or M&Ms, this group did not show any sig-
nificant change in their response rates to the action associated with
the devalued outcome relative to the non-devalued outcome in a test-
phase, whereas by contrast another modestly trained group that
received only 16 minutes of training on a single day showed robust
devaluation effects. Thus, the extensively trained group showed
evidence of habitual control. (B) Region of posterior putamen found
to show gradual increases in activity as a function of training over
3 days of repeated scanning in the overtrained group, implicating
this region in habitual control in humans. From Tricomi et al. (2009).
(C) Results from fMRI study by Wunderlich and colleagues (2011) in
which participants received extensive training on a particular
sequence of actions in order to obtain rewards while at the same time
they received modest training on another set of actions. In a choice
situation between these two sets of actions, correlations were found
in the identical region of putamen to that identified in C to the value
of the extensively trained action but not to the moderately trained
action irrespective of whether the modestly trained action is chosen
(left plot), or whether the extensively trained action is chosen (right
plot). Adapted with permission from Wunderlich et al. (2012).
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devaluation protocols. However, contingency manip-
ulations have implicated this area alongside the
vmPFC (Liljeholm et al., 2011; Tanaka et al., 2008).
Finally, the strength of the connection between ven-
tromedial prefrontal cortex and dorsomedial striatum,
as measured with DTI, has been shown to correlate
with the degree of behavioral expression of goal-
directed action selection across individuals (de Wit
et al., 2012).

The computational view of goal-directed behavior
as supported by model-based RL raises several addi-
tional questions. First, Equation 21.1 shows how
model-based valuation draws, separately, on two sorts
of learning: state predictions (like the cognitive map),

and learning about the current reward (incentive)
value of particular goals or states. Moreover, combin-
ing these predictions to evaluate a candidate action
involves a more active computation simulating future
states. How does the brain implement these separate
functions? Learning the relationships between states or
stimuli, separate from reward value, is classically
thought to implicate the hippocampus, especially in
spatial tasks (Cohen and Eichenbaum, 1993; O’Keefe
and Nadel, 1978). Tying this idea to model-based eval-
uation, Redish and colleagues have shown how repre-
sentations of spatial location run ahead of rodents’
current location at choice points in a spatial maze,
entering different alternatives sequentially as though
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FIGURE 21.4 Human brain regions implicated in goal-directed control and in encoding model-based RL signals. (A) Instrumental-
devaluation task used by Valentin and colleagues (2007) to uncover role for vmPFC in goal-directed control. Participants learned to choose
between different actions denoted by discriminative stimuli which led to differing probabilities of obtaining a bolus of chocolate milk (illus-
trated here) or in a different condition, tomato juice. After training, one of the outcomes (either chocolate or tomato) were selectively devalued
by feeding the participant to satiety on that outcome outside the scanner, and participants were placed back in the scanner and then invited to
choose between the actions again. Adapted with permission from Valentin et al. (2007). (B) Task used in study by Hampton and colleagues (2006)
to implicate vmPFC in encoding model-based valuations. Participants engaged in probabilistic reversal learning in which selection of one
action denoted by a discriminative stimulus leads to a high probability of a monetary gain, while the other action leads to a high probability
of monetary loss. After a period of time the contingencies reverse so that the previously rewarding action now predominantly yields losses
while the previously punishing action yields gains. Hampton and colleagues (2006) constructed a computational model that incorporated
knowledge of the reversal structure of the task and compared performance of that model against a model-free RL algorithm that did not incor-
porate knowledge of the task structure. (C) A region of vmPFC was found to correlate better with value signals generated by the model-based
algorithm compared to the model-free algorithm, implicating this area in model-based valuation. (B) and (C) adapted with permission from
Hampton et al. (2006).
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simulating potential future trajectories (Johnson and
Redish, 2007). Devaluation studies have failed to find
an effect of hippocampal lesions on goal-directed lever
pressing (Corbit et al., 2002), but quite analogous studies
involving an overtraining-dependent shift in behavior
in spatial mazes do implicate hippocampus in the
apparent spatial analogue of goal-directed action
(Hartley and Burgess, 2005). This may suggest some
suborganization of internal models by the type of task
structure. An fMRI study in humans also implicates
hippocampus in state prediction in a nonspatial associa-
tive learning task (Bornstein and Daw, 2012) and other
fMRI studies also implicate additional areas of parietal
and frontal cortices (Glascher et al., 2010; Simon and
Daw, 2011b). Finally, given the results discussed above,
the circuit involving ventromedial PFC and dorsome-
dial striatum might be involved in tying these state pre-
dictions to incentive value.

Taken together, the above findings implicate specific
segregated neural systems in each of the three types of
learning outlined so far. However, given that each of
these systems can exert control over behavior, this
raises the question of how do these systems interact
either competitively or cooperatively in order to medi-
ate the control of actions?

WHAT IS THE NATURE OF
THE INTERACTIONS BETWEEN

THE DIFFERENT SYSTEMS?

Overall, given that all three of these systems can
produce behaviors but these behaviors may often be
mutually exclusive since there is only one body, the
overriding sense of their interactions is competitive.
For instance, we have already mentioned how the
Pavlovian response to, for instance, salivate or
approach in expectation of food can overcome the abil-
ity to learn, by instrumental means, to withhold these
responses in order to obtain food. Similarly, we have
argued that devaluation-insensitive habitual or
devaluation-sensitive goal-directed behaviors domi-
nate under different circumstances.

A major open and underexplored question, how-
ever, is how each system can come to control
behavior at any one time. One possibility is that a
separate arbitrator or controller sits on top of these
systems and acts to gate their access to behavior.
Alternatively, the systems might somehow competi-
tively interact without the need for a separate arbi-
trator, e.g., through some sort of mutual inhibition at
the point of action selection. Empirical evidence in
favor of either of these possibilities is currently

lacking. Moreover, although there have been sugges-
tions of principles, already described, that may
explain or rationalize the competition between goal-
directed and habitual behaviors, these have yet to be
mapped to any neural mechanism, nor have similar
principles been elucidated for Pavlovian vs. instru-
mental competition.

Nevertheless, it is clear that all these systems do
often compete to control action-selection in everyday
life, with sometimes maladaptive consequences. In
particular, habits can intrude to control performance
under situations where a goal-directed action would
be more appropriate. An example of this would be
driving on the wrong side of the road while on vaca-
tion in a country with driving-side laws opposite to
that in one’s home country. On the computational
analysis (Daw et al., 2005; Keramati et al., 2011; Simon
and Daw, 2011a), although this might be a catastrophic
error, this division of labor may still be justified on
average by the computational savings (e.g., in time
and energy) of adopting simpler model-free control.

The interaction between goal-directed and habitual
systems, and particularly the situation where habits
come to dominate behavior has become an area of con-
siderable interest in neuropsychological models of
addiction and other psychiatric disorders involving
compulsive behaviors, such as obsessive compulsive
disorder (Everitt and Robbins 2005; Redish et al.,
2008, 2012). Along these lines (Gillan et al., 2011) it has
recently been demonstrated that patients with
obsessive compulsive disorder show a significant
impairment in their ability to select goal-directed
actions over habitual actions in a task in which the two
systems were associated with competing actions, sug-
gesting that these patients either have an over-active
habitual system, an underactive goal-directed system
or impaired arbitration.

Pavlovian and Instrumental Interactions

Although Pavlovian responses and instrumental
actions also compete, with similarly deleterious conse-
quences (Breland and Breland 1961; Dayan et al., 2006),
there are other classes of Pavlovian-instrumental inter-
actions that are more facilitatory. In particular, there is
a phenomenon known as Pavlovian-to-instrumental
transfer (PIT) whereby ongoing instrumental action for
reward (e.g., lever pressing) can be invigorated by the
presentation of a Pavlovian stimulus that also predicts
reward delivery. In rodents (Corbit et al., 2001), this
effect depends on the amygdala and ventral striatum
(Corbit et al., 2001); both areas have also been impli-
cated in human studies (Bray et al., 2008; Prevost et al.,
2012; Talmi et al., 2008).

405WHAT IS THE NATURE OF THE INTERACTIONS BETWEEN THE DIFFERENT SYSTEMS?

NEUROECONOMICS



Although the literature on PIT has overwhelmingly
focused on facilitatory interactions between Pavlovian
and instrumental behaviors that are appetitively
motivated, it is also the case that aversive Pavlovian
cues can impact instrumental choice. Pavlovian cues
predicting aversive outcomes such as electric shock
reduce responding on an instrumental action for
reward, a phenomenon known as conditioned sup-
pression (Killcross et al., 1997). Another example of
where this type of adverse interaction might occur
is in the phenomenon of “choking under pressure,”
whereby motor performance on a task under condi-
tions of high stakes such as for a large monetary
reward, breaks down relative to performance on the
same task for a more modest incentive (Chib et al., 2012;
Mobbs et al., 2009). In the study by Chib et al., the
degree of choking behavior exhibited by the subjects
was found to be correlated with the level of deactiva-
tion in response to increasing incentives in the ventral
striatum at the time of motor performance, implicating
the ventral striatum in this type of adverse Pavlovian
interaction alongside the facilitatory effects found in the
appetitive domain.

A different sort of facilitatory Pavlovian-to-
instrumental interaction is known as conditioned rein-
forcement. Here Pavlovian cues that are predictive of
reward can act, like rewards, to drive new instrumen-
tal learning: e.g., a rat might learn to press a lever,
which produces a light that was previously trained to
predict food. (This is, at least notionally, different
from PIT where the cues only facilitate previously
learned responses, not learning itself.) Conditioned
reinforcement is a laboratory model of the rewarding
effects of something like money, which after all is
only an intermediate means to obtain primary
reward in the biological sense. Lesions suggest that
the conditioned reinforcement effect also involves
basolateral amygdala and ventral striatum � the
same circuitry as PIT and Pavlovian learning more
generally (Cador et al., 1989). As discussed exten-
sively in Chapter 15, this effect also has a clear reso-
nance with model-free RL theories of instrumental
learning and also with the responses of dopamine
neurons, which can be driven by reward predictors
as well as rewards. The relationship arises in compu-
tational strategies for model-free learning in settings
like mazes or chess, where (unlike the simple one-
step objective in Equation 21.1 here), multiple states
and actions may intervene before an action is
rewarded. In this case, the prediction error for
model-free learning of future value (the “temporal-
difference” error) incorporates information both from
rewards and from predictors of future rewards, and
either may train model-free action values Q(s, a).

CONCLUSIONS: ALTERNATIVE
SYSTEMS, MORE SYSTEMS

The idea that decisions are driven by multiple com-
peting systems dates to the beginning of science: Plato
likened the soul to a charioteer driving a team of
winged horses, one honorable and guided by verbal
commands, and another beastly and indecent (Plato,
1995: 428–437 B.C.). As we have mentioned already,
numerous dual- or multiple-system frameworks have
been proposed in cognitive psychology and behavioral
economics. In our view, the multiple system approach
detailed here is relatively unique when compared to
these other (often more specialized) models in its long
pedigree and breadth of support � comprising a cen-
tury of behavioral, neural, and computational evidence
in animals and humans. It also situates multiple sys-
tem ideas in the context of other important concepts in
neuroeconomics, such as theories concerning the role
of dopamine in learning and the functions of value
representations in the ventromedial prefrontal cortex.
In general, a difficulty with dual-system views, includ-
ing this one, is that differentiating their distinct contri-
butions to behavior (which is, as we have stressed,
often ambiguous) is at best laborious and at worst,
assumption-bound. In both its psychological and
computational incarnations, the framework described
here is unusually specific in defining the contributions
of the different controllers in ways that permit dissoci-
ating them experimentally. Moreover, the empirical
relevance of these definitions is supported by the find-
ings that they, indeed, produce clear neural and
behavioral dissociations.

Although we would not go so far as to claim that
other dual- or multiple-system theories are identical to
this one, it does capture a number of common themes.
Do these theories refer to the same systems we have
delineated? To additional systems? Are there more
controllers yet to be discovered? All these questions
are difficult to answer. If the general view of the brain
is that it consists of many interacting modules, then
where to draw the boundaries between “systems” is
somewhat of a matter of interpretation and nomencla-
ture. For instance, much work in both human cognitive
psychology and behavioral economics stresses a dis-
tinction between a controlled or deliberative mode,
and an automatic behavioral mode for the monitoring
and selection of behavior (Kahneman, 2003; Norman
and Shallice, 1986; Schneider and Shiffrin, 1977). This
corresponds plausibly to the distinction put forward
here, with both habitual and Pavlovian behaviors as
distinct types of automatic control. However, dual pro-
cess theories from cognitive psychology tend to associ-
ate the deliberative mode with linguistic (or sometimes
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rule-based or explicit) reasoning, which clearly does
not contribute to goal-directed rat lever pressing.
Nonetheless, such reasoning falls under the broader
purview of model-based learning, and might be con-
sidered part of an augmented or evolved version of
the rodent’s goal-directed controller.

Similarly, we have here suggested that the hippo-
campus may serve as part of a model-based system,
particularly contributing to internal models for certain
tasks such as spatial navigation. This fits well with
another influential multiple-systems hypothesis arising
from the memory literature, which distinguishes a
declarative memory system centered on the hippocam-
pus from a subcortical system for procedural memo-
ries much like habitual and Pavlovian learning (Squire,
1992). While this theory tends to emphasize the con-
tent of different memories and the degree of conscious
(explicit) access to those memories as opposed to the
role of these systems in guiding behavior, the basic
division corresponds reasonably well with our frame-
work. On the other hand, combining these ideas with
the same three-system framework we present, Lengyel
and Dayan (2007) instead suggest that hippocampus
subserves a distinct, fourth system for episodic control,
separate from the goal-directed controller. As with
model-based RL, this system is envisioned to compute
values using the right hand side of Equation 21.1, but
via a different approximation to that average than was
employed in previous theories, computing values as a
function of particular previous episodes rather than
their statistical summary in an internal model.

Whether this (or for that matter, linguistic or rule-
based control) is best understood as a refinement in the
characterization of a single model-based controller,
versus a truly dissociable system and mode of computa-
tion, might best be judged by whether clear double
dissociations can be found between them and traditional
goal-directed control. This is the same manner that goal-
directed and habitual systems have been dissociated.
No similar evidence yet exists dissociating goal-directed
from a putative episodic (or linguistic) controller.

Finally, perhaps the most important aspect of multi-
ple system theories in behavioral and neuroeconomics
has been their implications for errors and problems of
self-control. Particularly influential in this respect has
been an emphasis, pervasive in some theories going
back even to Plato’s horses, on a distinction between a
“cold,” rational, logical system for guiding behavior,
and a “hot”, affectively charged or impulsive system
(Damasio, 1994; Loewenstein, 1996; Weber and
Johnson, 2009). Various deviations from normative
choice, such as framing effects or hyperbolic time dis-
counting, have been argued to arise from “hot” inter-
ference (Loewenstein, 1996). In intertemporal choice,

for instance, a “patient” system that computes values
with a slow discount rate is suggested to compete with
a more “impatient” system that computes values with a
high discount rate, with these influences superimposing
to produce quasi-hyperbolic discounting (Laibson, 1997;
Thaler and An, 1981). The jury is still out as to whether
such a putative distinction between inter-temporal pro-
cesses is implemented at the neural level, with initial
claims in this regard (McClure et al., 2004) having been
subsequently challenged by evidence in favor of an inte-
grated (single process) account (Kable and Glimcher,
2007). Nevertheless, it is clearly the case that multiple-
system theories have rich implications for self-control
and rationality. How might these theories relate to the
multiple-learning system view described here?

In both our phylogenetic and computational presen-
tations, we have stressed the differences between the
systems in terms of the mechanisms or computational
techniques they bring to bear in serving common and
adaptive ends of obtaining reward or avoiding punish-
ment. In this respect, our characterization eschews any
distinction between systems as more or less “rational”
or “emotional.” That said, the behavioral repertoire
that the Pavlovian system uses to pursue adaptive
ends centers, in the appetitive domain, mainly on
reflexes for approaching and consuming rewards.
These could certainly be interpreted to have a “hot” or
“impulsive” character, as could the arousing and facili-
tating influences of Pavlovian learning on instrumental
behaviors (PIT, discussed above).

Thus, we have suggested (Dayan et al., 2006) that
the Pavlovian system in particular captures (and rein-
terprets) many of the “hot” or “impulsive” influences
described by other authors. Such influences are clearly
applicable to many tests of self-control in the face of
direct temptation (e.g., the famous “marshmallow test”
of Walter Mischel and his colleagues; Mischel, 1974),
though less obviously to choices in more descriptive
settings. Another important feature of Pavlovian learn-
ing is that in many preparations, the strength of condi-
tioning is strongly dependent on the temporal interval
between the conditioned and unconditioned stimulus
(Holland, 1980), such that (at least, when other time
intervals in the experiments are held fixed) Pavlovian
conditioned responses are strongest for a shorter inter-
val between stimulus and outcome, and become pro-
gressively weaker as the interval increases. This
feature of temporal dependence in Pavlovian condi-
tioning may produce some effects resembling short-
horizon discounting. Finally, in fMRI studies, the same
brain systems known to be core parts of the Pavlovian
system and to mediate Pavlovian-instrumental interac-
tions, namely the ventral striatum and the amygdala,
are most often identified as being active under
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situations where an individual’s choices are prone to
irrational biases such as framing or endowment effects,
(De Martino et al., 2006, 2009).

In all, the three-system approach we have described
captures many themes and features of other frame-
works in this area. In particular, interpreting issues of
impulsivity and self-control in terms of Pavlovian influ-
ences casts them in a different and potentially revealing
light. For the same reasons, it also points to new ques-
tions. For instance, as we have mentioned, there has
been considerable focus on understanding the competi-
tive interactions between habitual and goal-directed
instrumental control, which are also important to self-
control issues in overcoming maladaptive habits, as in
drug abuse. But to the extent that self-control and
related problems at the heart of neuroeconomics instead
center on overcoming Pavlovian responses, these are
theoretically and empirically more underexplored. For
instance, under what circumstances can Pavlovian influ-
ences be overcome at all? Can these interactions be
understood in terms of rational cost�benefit tradeoffs?
Although Pavlov’s original work is a century old, impli-
cations like these remain to be explored.
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