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Abstract
The classic dichotomy between habitual and goal-directed behavior is often mapped onto a
dichotomy between model-free and model-based reinforcement learning (RL) algorithms,
putatively implemented in segregated neuronal circuits. Despite significant heuristic value in
motivating experimental investigations, several lines of evidence suggest that this mapping is in
need of modification and/or realignment. First, whereas habitual and goal-directed behaviors
have been shown to depend on cleanly separable neural circuitry, recent data suggest that
model-based and model-free representations in the brain are largely overlapping. Second,
habitual behaviors need not involve representations of expected reinforcement (i.e., need not
involve RL, model-free or otherwise), but may be based instead on simple stimulus-response
associations. Finally, goal-directed decisions may not reflect a single model-based algorithm but
rather a continuum of “model-basedness”. These lines of evidence thus suggest a possible
reconceptualization of the distinction between model-free vs. model-based RL--one in which
both contribute to a single goal-directed system that is value-based, as opposed to distinct,
habitual mechanisms that are value-free. In this chapter, we discuss new models that have
extended the RL approach to modeling habitual and goal-directed behavior and assess how
these have clarified our understanding of the underlying neural circuitry.
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In cognitive psychology, categories of mental behavior have often been understood through the
prevailing technological and computational architectures of the day. These have spanned the
distinction between types of processing (e.g., serial vs. parallel), forms of memory maintenance
(e.g., short-term vs. long-term storage), and even the fundamental relationship between mind
and brain (i.e., software vs. hardware). Over the past few decades, research into animal
learning and behavior has similarly been informed by prominent computational architectures,
especially those from the field of computational reinforcement learning (RL; themselves having
drawn inspiration from research on animal behavior; e.g., Sutton and Barto 1981, 1998). In
addition to offering explicit and testable predictions for the process by which an animal learns
about and chooses to act in their environment, ideas from RL have been adapted to
operationalize a distinction from the animal learning literature: the distinction between habitual
and goal-directed actions (Daw, Niv, and Dayan 2005; Daw and O’Doherty 2013; Dolan and
Dayan 2013).

The prevailing taxonomy mapping animal behavior to RL
As described in earlier chapters, goal-directed behavior is distinguished from habits by its
sensitivity to context (including motivational state), future outcomes, and the means-end
relationship between the actions being pursued and the rewarding outcome expected as a result
(Dickinson 1985; Wood and Rünger 2016). Experimentally, behavior is typically classified as
goal-directed when an animal alters a previously rewarded action following relevant changes in
the action-outcome contingencies (e.g., delivery of the outcome is no longer conditional on an
action) and/or following a change in the motivational significance of the outcome expected for
that action (e.g., the animal is no longer hungry; Hammond 1980; Adams 1982). Insensitivity to
these manipulations is considered a hallmark of habitual behavior. These two classes of
behavior are believed to be underpinned by distinct psychological processes and neural
substrates--a proposal that has been borne out by evidence for dissociable patterns of neural
activity (Gremel and Costa 2013) and inactivation studies showing that behavior can be made
more habitual or goal-directed by selectively inactivating specific regions of striatum and
prefrontal cortex (Yin and Knowlton 2006; Killcross and Coutureau 2003; Balleine and
O’Doherty 2010).
Edward Tolman, one of the earliest researchers into goal-directed decision-making, proposed
that a distinguishing feature of goal-directed behavior was a reliance on an internal model of the
environment to guide action selection, rather than action selection relying solely on the history of
prior actions and associated feedback (Tolman 1948). This qualitative distinction is at the center
of a parallel distinction in the RL literature between algorithms that drive an agent’s action
selection in a model-based or model-free manner (Sutton and Barto 1998; Kaelbling, Littman,
and Moore 1996; Littman 2015). Specifically, whereas model-free RL selects between actions
based on the rewards previously experienced when performing those actions, model-based RL
incorporates more specific information about the structure of the agent’s environment and how
this interacts with the agent’s actions and the associated outcomes. These parallels fostered a
natural alignment between the animal and machine learning literatures such that goal-directed
decisions were mapped onto model-based RL algorithms and habits were mapped onto
model-free algorithms (Daw, Niv, and Dayan 2005; Dolan and Dayan 2013). Today these
literatures are so tightly interwoven that the terms model-free/habitual and
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model-based/goal-directed are often used interchangeably, and the linkages between them
have yielded novel insights into complex decision-making phenomena, such as addiction
(Lucantonio, Caprioli, and Schoenbaum 2014; Vandaele and Janak 2017), impulsivity (Rangel
2013), and moral judgment (Crockett 2013; Cushman 2013; Buckholtz 2015). For instance,
individuals with debilitating habits are thought to be driven more by model-free than
model-based learning systems (Gillan et al. 2015, 2016), as are those who judge moral
wrongdoings based on the act and its outcome rather than also taking into account other
features of the situation (e.g., intention, directness of causality, Crockett 2013; Cushman 2013).
Problems with the current taxonomy
Despite its popularity and intuitive foundations, key aspects of this mapping between this pair of
dichotomies remain tenuous. First, the fundamental basis of reinforcement learning – the idea of
an agent adjusting its actions based on prior reinforcement – already strains against early
(Thorndike 1911; Hull 1943; James 1890) as well as more recent (Wood and Neal 2007;
Ouellette and Wood 1998; Wood and Rünger 2016) conceptualizations of habits. According to
these alternate views, habits form through repetition of prior actions, irrespective of whether
those actions were positively reinforced. In other words, the mapping between habits and
model-free RL is in tension with the idea that habits may be value-free and therefore may not
require any form of RL (Miller, Shenhav, and Ludvig 2016).
A second concern about this mapping stems from research into the neural circuitry associated
with each process. In strong contrast to the relatively clean and homologous neural
dissociations that have been observed when distinguishing habitual and goal-directed behavior
across species (Balleine and O’Doherty 2010; Yin and Knowlton 2006), model-free and
model-based RL processes have tended to recruit largely overlapping circuits (Daw et al. 2011;
Doll, Simon, and Daw 2012; Wimmer, Daw, and Shohamy 2012; but see Wunderlich, Dayan,
and Dolan 2012; Lee, Shimojo, and O’Doherty 2014). Moreover, the circuits implicated in both
forms of RL -- including regions of midbrain, ventral and dorsomedial striatum,
orbital/ventromedial prefrontal cortex, and anterior cingulate cortex -- overlap primarily with
circuits causally implicated in goal-directed (and/or Pavlovian) behavior, rather than with the
neural substrates of habitual behavior (Balleine and O’Doherty 2010).
Together these two concerns suggest that the links between the animal and machine learning
taxonomies are at the very least incomplete if not deeply misaligned. They paint a picture (a) of
habits as being potentially value-free and therefore not mapping cleanly to either form of RL and
(b) of model-free and model-based RL as instead both belonging to a category of value-based
behaviors that share mechanisms in common with goal-directed behaviors (Figure 1). Habits
are therefore not necessarily the product of model-free RL, and model-free RL may share more
in common with model-based RL than habits do with goal-directed behavior (see also Collins,
Chapter 5).
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Figure 1: Schematic of computational architectures for habitual and goal-directed
control. Left: Currently popular architecture in computational reinforcement
learning, in which model-free and model-based RL instantiate habitual and
goal-directed control, respectively (Daw, Niv, and Dayan 2005). Middle:
Proposed architecture in which habits are implemented by direct (“value-free”)
connections between stimuli and the actions that are typically taken in response
to those stimuli while goal-directed control is implemented by RL (Miller,
Shenhav, and Ludvig 2016; see Fig. 2). Right: Proposed architecture in which
habits are implemented by lower (“belief-free”) layers in a hierarchical predictive
network, while goal-directed control is implemented by higher (“belief-based”)
layers (Friston et al. 2016; see Fig 3; Pezzulo, Rigoli, and Friston 2015)

Alternative taxonomies for habitual and goal-directed behavior
Value-based vs. value-free control
As suggested above, habitual and goal-directed behaviors may be distinguished along other
dimensions and according to other schemes than those encompassed by the popular
model-free/model-based dichotomy. One alternative framework for distinguishing between
habitual and goal-directed behavior focuses on the role that value does or does not play in
driving those behaviors (Miller, Shenhav, and Ludvig 2016). Under this proposal, goal-directed
control is understood as relying on representations of expected value: “expected discounted
future reward” in the language of RL theory or “utility” in economics. Both model-based and
model-free RL agents represent expected value (i.e., both produce actions that are
value-based), and might therefore implement different types of goal-directed control. Habitual
control, in this view, arises from a different type of agent: a value-free, perseverative agent. This
perseverative agent tends to repeat actions frequently taken in the past in a particular situation,
regardless of their outcomes (Figure 1, middle). Crucially, this perseverative system considers
all past actions, whether they were taken under its control or under the control of the
goal-directed system. This allows behaviors to be “passed on” from one control system to the
other: if the goal-directed system tends to frequently take the same action in a particular
situation, the habitual system will learn also to take that action (Figure 2).
Such an arrangement has been shown to recapitulate classic findings in the literature on habits,
including their strengthening with overtraining; their insensitivity to outcome devaluation and
contingency degradation; and the widespread finding that humans and other animals
perseverate on previous actions in instrumental tasks, irrespective of feedback (Miller, Shenhav,
and Ludvig 2016). This framework also provides a natural explanation for the finding that
putatively model-based and model-free representations of value and prediction error tend to
co-locate in brain regions associated with goal-directed control (Daw et al. 2011). More
generally, this proposal is grounded in previous approaches that have incorporated Hebbian
plasticity (i.e., increasing strengthening of stimulus-response associations with repetition) in
other computational models of the development of automaticity (Ashby, Ennis, and Spiering
2007; Hélie et al. 2015; Topalidou et al. 2015).
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Figure 2. A) Schematic of value-based/value-free architecture. Habits are
implemented by a value-free process that strengthens actions that are frequently
taken in a given state, while goal-directed control is implemented by a process
that computes values based on history of reinforcement and knowledge of the
task structure. For details, see Miller et al. (2016) B) Simulations of a
reversal-learning environment: Action A is initially reinforced with higher
probability (0.5) than Action B (0), but after 1000 trials, the reinforcement
probabilities reverse. C) Soon after the reversal, the goal-directed system learns
that Action B is more valuable. D) The habit system increasingly favors Action A
the more often it is chosen and only begins to favor Action B once that action is
chosen more consistently (long after reversal). E) The weight of the goal-directed
controller gradually decreases as habits strengthen, then increases post-reversal
as the global and goal-directed reinforcement rates diverge. F) Actions are
selected on each trial by a weighted combination of the goal-directed values and
the habit strengths according to the weight.

Belief-based vs. belief-free control
A second but related set of accounts distinguishes categories of behavioral control according to
the role played by beliefs rather than value per se (Figure 1, right; Friston et al. 2016). Under
belief-free schemes, an agent selects actions based on stimuli or stimulus-action sets (policies).
By contrast, under belief-based schemes, an agent maintains internal (probabilistic) estimates or beliefs - over external states (e.g., its current or future expected locations) and uses these
beliefs for action selection. Forming beliefs about the environmental state is important when the
environment is partially observable (i.e., some of its parts are hidden and not directly
observable, hence they need to be inferred) and the current stimulus does not unambiguously
specify (for example) the agent's position or context (Box 1).
To better understand the difference between belief-free and belief-based schemes, consider the
case of an agent in a T-maze, as depicted in Figure 3. The agent can be in one of eight possible
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states: one of four locations (center, top-left, top-right, bottom) within one of two contexts
(Figure 3). In Context 1, reward is on the top-left, while in Context 2 reward is on the top-right.
The agent knows its initial location (center), but does not know which context it is in. However,
the agent knows that colored cues at the bottom of the maze will disambiguate the context:
these cues are either blue (Context 1) or cyan (Context 2). A belief-free agent, who has no
notion of state or context, would select a policy to go directly to one of the two reward sites
(top-left or top-right), but will, as a result, risk missing the reward. A belief-based agent, who
knows it is uncertain about the context and that the cue will reduce this uncertainty, would
instead go to the cue location first (called an "epistemic action" as it aims at changing the
agent's belief state and not achieving an external goal). After disambiguating its current context,
the belief-based agent would go to the correct reward location with high confidence.

Figure 3. Epistemic vs. pragmatic policies and belief-based versus belief-free schemes. (A) A
simple choice situation that includes four spatial locations (center, top-left, top-right, bottom) and
two contexts (context 1 and context 2), for a total of eight (four by eight) hidden states. In context
1, the reward (blue circle) is located to the top-right and a cue indicating its position (blue arrow) is
located to the bottom. In context 2, the reward (cyan circle) is located to the top-left and a cue
indicating its position (cyan arrow) is located to the bottom. Red circles are not rewarding. (B) A
simulated agent starts from the centre location and has to select a sequence of two actions to
reach the reward site, but the agent does not know the current context. Three example policies
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are shown: policy 5 (top-left, top-left) is a pragmatic policy that goes directly to the left location;
policy 8 (bottom, top-left) and policy 9 (bottom, top-right) are epistemic policies that go to the
informative (bottom) location before reaching one of the two reward locations. (C) Results of a
simulation using the belief-based scheme of active inference. The panel shows the sequence of
contexts (context 1 is represented by the green circle and context 2 by the black square) that the
agent encounters for each trial and the policies it selects (horizontal lines). There is a clear
transition between epistemic policies 8 and 9 to the pragmatic policy 5 at trial 18, when the agent
has resolved its uncertainty about its current context. (D) Outcomes (cyan and blue dots are
rewards, red is no reward; note that outcomes are stochastic), performance (expected utility, with
zero as maximum value) and reaction time for each trial. (E) Agent's belief about its initial hidden
state. The values 1 and 2 indicate the centre location in context 1 and 2, respectively. Note that
the agent increases its belief about being located in context 1 - which also produces the shift from
an epistemic to a pragmatic policy after about 20 trials. (F) This panel shows how the belief-free
component of the agent controller emerges over time. The belief-free component here
corresponds to the expected transitions between the eight hidden states (columns are starting
states, lines are end states), which are learned by "observing" one's own goal-directed behavior
over time. In this particular example, an epistemic policy emerges as the agent progressively
increases its expectation that it would perform a transition from state 1 (centre - context 1) to state
7 (bottom - context 1) and from state 7 to state 3 (top-left - context 1). When the confidence in
these transitions is sufficient, the agent can shift from the belief-based scheme shown in panels
(C, D) to a simpler belief-free scheme that does not require a generative model but only one of the
matrices of expected transitions shown in panel (F). The latter correspond to habits and are
insensitive to devaluation (for further details and simulations, see Friston et al., 2016).

In other words, a belief-free agent would reach a reward location without resolving its
uncertainty first and (in this maze) fail half the time. On the contrary, a belief-based agent would
perform an epistemic action first (go to the cue location) and then go to the correct reward
location. This case exemplifies the similarities belief-based action selection shares with
properties of goal-directed action selection, most notably its reliance on cognitive
representations (state representation and generative models), its epistemic drives (i.e., foraging
for information and reducing uncertainty prior to acting) and its context-sensitivity. Friston and
colleagues (Friston et al. 2016) proposed that a belief-free scheme is sufficient to characterize
habitual systems, but that a belief-based scheme is necessary to characterize goal-directed
systems.
This taxonomy also illustrates that a belief-based scheme is only required when there is state
uncertainty, but when uncertainty is resolved (e.g., after learning), the belief-based scheme can
give way to a belief-free scheme. For instance, after engaging with the T maze above for a
sufficient number of trials to learn that the reward contingencies were stable, the agent can
become sufficiently confident about them. In this case, it would not need to check context cues
anymore but can go directly to the correct reward location (e.g., the top-left). In other words, with
no residual uncertainty about the current context, the agent no longer needs a belief-based
scheme or epistemic actions. This case is exactly when the agent can use (or learn) a classical
belief-free or stimulus-response RL policy, say, to go directly to the top-left (see Friston et al.
2016 for details). Hence, belief-free action selection shares many similarities with habitual
behavior--most notably, a primary dependence on stimuli to trigger actions and an inflexibility to
changes in contingencies (i.e., a change in reward location). In sum, while goal-directed
behavior requires a belief-based scheme, habitual behavior maps naturally to a belief-free
scheme; and both can co-exist within the same agent architecture. Note that while the beliefbased scheme uses a notion of (expected) value, the belief-free scheme uses stimulusresponse mechanisms and has no notion of value.
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Box 1. Beliefs within a Markov Decision Process (MDP) framework. Under a
belief-free scheme, an agent always directly infers its state (e.g., position in the maze)
from sensory measurements (observations). This scheme is particularly attractive
because an agent does not need to consider previous stimuli or actions to select an
action--the current stimulus is sufficient (the so-called Markov property of Markov
Decision Processes, MDP). Such a scheme also assumes a one-to-one mapping
between the agent’s “true” state (e.g., position in the maze) and its observations.
However, realistic environments complicate such inferences about one’s current (or
future) states in at least two ways. First, such environments are stochastic, meaning
different observations can follow from the same state, such as reward being delivered
probabilistically in a corner of a maze. Second, most environments involve aliasing,
meaning different states generate the same observations, such as observing reward in
two different corners of a maze. The former complication (stochasticity) is not a real
challenge for most RL schemes, but the latter (aliasing) is more difficult to handle, as
an agent cannot infer its true state from sensory measurements. The agent may thus
face a credit assignment problem in assigning observations to their true causes
(sometimes called hidden states). There are various ways to extend the MDP
formulation to handle these more challenging cases. One is called Belief-MDP and
consists in augmenting the agent’s representation with a sort of memory; the hope is
that, even if two states are aliased and cannot be distinguished on the basis of the
current observations, they can be distinguished on the basis of a trace of previous
observations.
The problem described above is enriched within a framework known as a Partially
Observable Markov Decision Process (POMDP; Kaelbling, Littman, and Cassandra
1998); here, the agent is enriched with a notion of “state” that is distinct from an
observation or a history of previous observations. In a probabilistic setting, an agent
maintains a probability distribution or belief over its current state or even about future
goal states or previous states (becoming a belief-based system). All of these beliefs
are continuously updated on the basis of new observations, using mechanisms that
are analogous to Kalman (or Bayesian) filters – hence, it can resolve any ambiguity
about its current (or future or past) states by collecting more observations. This
probabilistic approach is at the core of recent formulations of goal-directed systems
that are driven by planning-by-inference (Botvinick and Toussaint 2012), KL control
(van den Broek, Wiegerinck, and Kappen 2010) and active inference (Friston et al.
2017).

Other approaches
There have been several other theoretical attempts to carve the space that includes
goal-directed and habitual behavior, while avoiding a strict model-based vs. model-free
dichotomy. One such approach leverages distinct forms of memory for past rewards: a
slowly-updating, long-term memory and a rapidly-adjusting short-term memory (Hikosaka et al.
2017; Silver, Sutton, and Müller 2008). The former is thought to encode skills, which are
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analogous to habits in that they are automatic, precise, and inflexible, whereas the latter is
responsible for flexible responding, analogous to goal-directed control. A second approach puts
habits right into the goal-directed planning process, whereby planning proceeds through a
typical search process, but terminates after a certain depth (Keramati et al. 2016). The value of
the terminal node of the search is taken to be the habitual value and used to guide the initial
choice. A third approach asserts that habits arise from “chunking” of action sequences that are
initially taken under goal-directed control and are selected by the goal-directed system in
situations where they are adaptive (Dezfouli and Balleine 2013; Dezfouli, Lingawi, and Balleine
2014) A fourth approach proposes a tripartite division between exploratory, model-based, and
motor memory systems. This approach splits the model-free system into a component that
generates highly-variable exploratory behavior and another habitual component that sticks
strictly to the learned values (Fermin et al. 2016). Finally, research on category learning has
described a related distinction between the competing systems: between a non-verbal, implicit
system and a verbal, explicit system (Ashby et al. 1998; Ashby and Maddox 2011). The former
system exhibits many of the hallmarks of habitual behavior, including rapid responding and
insensitivity to change, whereas the latter only emerges when there is a verbalizable rule
available. Synthesizing and distinguishing these multiple taxonomies is a significant challenge
for future work.
What is the structure of the goal-directed system?
In the previous section, we reviewed schemes that replace model-free RL as the computational
basis for habits. In this section, we consider the variety of possible schemes for the
computational basis of goal-directed control, many of which merge model-based planning with
model-free elements. This diversity results from the fact that optimal model-based control is
impossible in realistic environments, because it would require enumerating and evaluating the
full tree of possible future states, imposing computational costs that cannot be met by any
physical system. Different schemes therefore represent different attempts to approximate
optimal control without paying these costs (Daw and Dayan 2014). A wide variety of such
algorithms has been proposed, both within reinforcement learning (Sutton and Barto
1998)(CITATION) and in artificial intelligence more generally (Russell and Norvig 2002), and the
details of the algorithms used by the brain are only now beginning to be understood (Dolan and
Dayan 2013).
One strategy for reducing computational costs is to explore only parts of the search tree,
whether using random rollouts (Silver and Veness 2010; Kearns, Mansour, and Ng 2002) or
other heuristics to focus the search (Huys et al. 2012, 2015; Kocsis and Szepesvári 2006).
Evaluation of unexplored parts of the tree may be further assisted by cached values (Keramati
et al. 2016). In general, these approaches entail a meta-control problem governing how much of
the tree to search (Baum 2004; Simon 1984). A closely related approach, termed DYNA,
combines model-based and model-free reinforcement learning. In this framework, a model-free
value is incrementally updated through samples drawn from a world model (Sutton 1991; Silver,
Sutton, and Müller 2008; Gershman, Markman, and Otto 2014).
Another approach to reducing the computational costs of model-based control, while remaining
sensitive to at least some changes in task contingencies, is to adopt a predictive state
representation, in which each state is associated with information about expected future states,
but no explicit planning takes place (Dayan 1993; Littman and Sutton 2002) An agent using
such a representation avoids many of the costs of model-based control but retains some of its
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flexibility, making it a plausible candidate for understanding some aspects goal-directed
behavior in humans (Russek et al. 2017; Momennejad et al. 2016).

What all these approaches have in common is that they typically do not make a sharp distinction
between model-based and model-free learning. Rather, these algorithms seem to operate along
a continuum, such that “model-basedness” itself forms a continuous dimension that varies in
informational richness, from simple associations between states or responses and cached
values to more complex associations that include information about specific outcomes and/or
transition probabilities, or even conjunctive associations between states, responses, and
outcomes (Alexander and Brown 2011, 2015). This continuity between model-based and
model-free algorithms stands in stark contrast to the sharp division between goal-directed and
habitual mechanisms suggested by behavioral and neural data. This difference lends credence
to accounts in which goal-directed control is implemented by a system with model-based and
model-free aspects, whereas habitual control is implemented by separate mechanisms (Miller,
Shenhav, and Ludvig 2016; Pezzulo, Rigoli, and Friston 2015; Friston et al. 2016; Topalidou et
al. 2015; Dezfouli and Balleine 2012; Ashby, Ennis, and Spiering 2007).

What will make for a good account of habitual and goal-directed behavior?
The previous sections have described various attempts to develop computational theories of
habitual and goal-directed control, along with the challenges that each theory faces. Directly
comparing the utility of these models, however, proves difficulty because of a critical limitation in
this area: the different theories tend to address different aspects of the experimental literature.
Indeed, it is not always clear when the various theories describe different, incompatible views of
the processes by which behavior is controlled, and when they instead describe potentially
compatible pieces of a larger picture which no theory yet fully encompasses. Therefore, rather
than attempting such direct comparisons, in this section we instead outline the major pieces of
empirical data that a future theory of habitual and goal-directed control should address.

Automaticity versus control
As discussed above, one classic criterion for distinguishing habits and goal-directed behaviors
relates to the kind of action an animal takes after experiencing a degradation of contingencies or
devaluation of outcomes following extended training. Habits, however, exhibit other behavioral
hallmarks, including responses that are faster and more accurate (Graybiel 2008; Wood and
Rünger 2016; e.g. Smith and Graybiel 2013). With extended training, behavior also becomes
more consistent, an observation documented most robustly in the literature on motor skill
learning (Newell 1991; Willingham 1998; Wulf, Shea, and Lewthwaite 2010). In other words, the
inflexibility of habitual control trades off with gains in speed and consistency of action.
This set of observations collectively points to habits as being fundamentally more automatic
than goal-directed actions. That is, relative to their goal-directed equivalents, habitual actions
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are selected faster and are less prone to interference from other ongoing tasks (Norman and
Shallice 1986; Shiffrin and Schneider 1977; Posner and Snyder 1975) . This distinction was
instrumental in classifying habits and goal-directed behaviors as exemplars of
automatic/intuitive (“System 1”) versus controlled/reflective processing (“System 2”) within the
dual-process literature (Wood, Labrecque, and Lin 2014; cf. Evans 2008). It is therefore difficult
to describe a robust taxonomy of these behaviors without accounting for the relative differences
in automaticity between them (Wood and Rünger 2016) in addition to the kinds of choices an
animal makes in a given setting.
Not only must a theory of these behaviors account for the automaticity of habits, it must also
account for the controlled nature of goal-directed decision-making. The characteristics of
decisions that involve increasing goal-directed deliberation suggest that such decisions benefit
from cognitive control. For instance, increasingly goal-directed decisions are slower, more
susceptible to interference from other ongoing processes, and are experienced as
costly/effortful (Schwartz 2004; Otto, Gershman, et al. 2013; Otto, Raio, et al. 2013; Kool,
Gershman, and Cushman 2017; see Kool et al., Chapter 7; Schmidt et al., Chapter 6). However,
it is still unknown what type(s) of cognitive control that goal-directed decisions rely on and what
kinds of costs they incur. One prominent proposal suggests that goal-directed decision-making
requires searching through an internal map of potential future states in order to identify the best
possible future state (Kurth-Nelson, Bickel, and Redish 2012). This search process requires
selection from and maintenance of episodic and semantic memories, as well as instantiation of
relevant contexts (see Schmidt et al., Chapter 6). The cost of goal-directed decision-making
therefore may derive from the time and/or cognitive resources required for this search process
(Shenhav et al. 2017).

The development of habits
A foundational observation in the psychology of goal-directed and habitual control is that habits
are slow to develop. The behavioral manifestations described above (speed, stereotypy,
inflexibility, and resistance to interference) appear only after extended experience with a
particular type of behavior (Adams 1982; Dickinson 1998; Wood and Rünger 2016). Behavior in
relatively novel environments tends to be slow, flexible, and vulnerable to distraction – the
hallmarks of goal-directed control. A computational theory of goal-directed and habitual control
must account for this shift, in which behavior begins under putatively goal-directed control, then
over time becomes habitual. Such a theory must also account for the fact that habitization
proceeds at different rates in different types of environments, for example proceeding slowly in
the case of “variable-ratio” reward schedules in which reward rate is directly proportional to the
rate of performance of an action, but proceeding very quickly in “variable-interval” reward
schedules which produce a reduced correlation between variability in behavior and variability in
reward (Dickinson, Nicholas, and Adams 1983; Miller, Shenhav, and Ludvig 2016).

Neural correlates of goals and habits
Computational theories of goal-directed and habitual control can be tested and constrained by
neural data in at least two ways. First, predicted computational variables can be validated by
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observing corresponding neural correlates. All of the theories that we have outlined posit latent
computational variables, such as the expected value associated with an action, or the
associative strength between two stimuli, that are kept track of by the processes that govern
behavior, and that change over time. To the extent that a theory accurately describes
computational mechanisms implemented by the brain, these latent variables are expected to
have correlates in neural activity. Measurement of neural activity (e.g., single unit recordings,
fMRI) during the performance of well-controlled tasks should reveal these neural correlates, and
could help adjudicate between competing models.
The second way in which neural data can inform theories of the type we consider here is by way
of perturbation experiments. Specific perturbations to neural activity (e.g., lesions,
pharmacology, optogenetics) have been shown to have specific effects on behavior in many
tasks. A classic and robust example of this is found in the specific impairments in goal-directed
or habitual control caused by lesions to specific regions of the striatum (Yin and Knowlton
2006). A more recent example seems to demonstrate a specific role for dopamine in
model-based control (see Box 2). A successful computational account of behavior must account
for these causal mechanisms, perhaps by ascribing particular computational functions to
particular structures or neurotransmitters.

Box 2. Do we need model-free control? Many of the theories presented in the main
text offer alternative computational mechanisms for habits that take the place of
model-free reinforcement learning. While these models allow for the possibility that
model-free computations may still play a role in driving goal-directed behavior, this
move nevertheless raises the question of whether stand-alone model-free algorithms
are a necessary component of computational theories of decision-making.
Historically, the strongest support for model-free algorithms in the brain has come from
a series of seminal studies demonstrating that firing rates of dopaminergic neurons in
the midbrain showa response pattern evocative of the “prediction error” signal (Schultz,
Dayan, and Montague 1997) which plays a key computational role in model-free
learning algorithms. These findings have given rise to the view that these neurons are
part of a model-free control system, perhaps involving principally their strong projection
to the striatum (Houk, Adams, and Barto 1995). This picture has been complicated by
recent evidence indicating that dopamine transients may be informed by model-based
information (see also Sharpe & Schoenbaum, Chapter 11). Dopamine neurons in a
reversal learning task encode prediction errors that are consistent with inference
(Bromberg-Martin et al. 2010), while dopamine transients in humans encode
information about both real and counterfactual rewards (Kishida et al. 2016). Perhaps
most tellingly, dopamine neurons encode prediction errors indicative of model-based
information (Sadacca, Jones, and Schoenbaum 2016), and they even respond to errors
in the predictions of sensory features that do not impact the value of the reward
received (Takahashi et al. 2017)
These findings are congruent with a wealth of recent data from cognitive neuroscience,
suggesting that dopamine plays a role in model-based rather than model-free control.
Individual differences in dopamine receptor genotype correlate with the extent of
model-based, but not model-free influence on behavior (Doll et al. 2016). Model-based
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control is more dominant in human subjects with higher endogenous dopamine levels
(Deserno et al. 2015), as well as those whose levels of dopamine have been artificially
increased using drugs (Wunderlich, Smittenaar, and Dolan 2012). Patients with
Parkinson’s Disease, in which midbrain dopaminergic neurons die in large numbers,
show a smaller influence of model-based control on behavior, which is rescued if they
take medication to restore systemic dopamine levels (Sharp et al. 2015).
This pattern of results casts doubt on the idea that dopamine neurons signal a
model-free prediction error in the service of a model-free control system. The idea that
such a dopaminergic model-free system underlies habitual control is further undermined
by data showing that Parkinson’s patients are relatively unimpaired at learning habits
with respect to goal-directed control (de Wit et al. 2011; Hadj-Bouziane et al. 2012), and
also that subjects whose levels of dopamine have been artificially depleted show fewer
“slips of action”, a behavioral measure of habit formation (de Wit et al. 2012). Taken
together, these data suggest that dopamine may not be involved in specifically
model-free computations, and is unlikely to play a selective role specifically in habitual
control. More generally, these developments raise doubts about the widely accepted
notion that the brain implements model-free reinforcement learning algorithms, and they
urgently motivate the search for alternative computational accounts of habitual
behavior, such as those reviewed in this chapter.
Goal Selection and Pursuit
A rich psychological literature has characterized a set of distinct processes associated with
goal-directed control, including commiting to a goal (Oettingen 2012), formulating a plan to
achieve that goal (Wieber and Gollwitzer 2017), pursuing that plan in the face of unexpected
circumstances (Gollwitzer and Oettingen 2012), and learning from one’s success or failure to
achieve the desired goal (Coricelli et al. 2005; Laciana and Weber 2008). Computational
models have only begun to engage with this rich psychological phenomenology, for example
proposing that goal selection and goal pursuit map to two distinct computational processes with
separated demands and neural underpinnings (O’Reilly et al. 2014). However, much remains to
be understood concerning the psychological and phenomenological aspects of
goal-directedness and the associated computational processes. These more elaborate
psychological elements of goal seeking have also become an important topic for the nascent
field of computational psychiatry (Montague et al. 2012).
Goals and habits in ecological behaviors
Almost all previous theorizing about goal-directed vs. habitual systems has focused on
well-controlled laboratory experiments that manipulate a limited set of variables. Real-life
situations, by contrast, invariably include a large state space and number of options, making
some of the aforementioned strategies (e.g., exhaustive search or caching all state / action
values) intractable. It has been variously proposed that dealing with real-life situations requires
some form of approximation (e.g., approximate planning methods) as well as forms of
abstraction, modularization and/or hierarchization. These approximate solutions may reflect the
structure inherent in the problem space (e.g., the fact that often real-life problems can be split
into meaningful subproblems that can be solved one after the other, rather than solving the
whole problem from start to end). Still, this is largely uncharted territory and it is unclear whether
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one can find domain-general or domain-specific ways to address the full complexity of real-life
situations.
The challenge of real-life complexity is particularly acute in this instance as goal-directed and
habitual behavior are often distinguished by using laboratory manipulations (e.g., outcome
devaluation) that emphasize aspects that are present in one condition but not the other.
However, real-life situations, like shopping or planning a trip, tend to involve both habitual (e.g.,
stereotyped/script-like) components (e.g., going to the usual shop or train station) and novel
challenges that have to be solved on-the-fly and thus need to engage a more deliberative form
of reasoning (e.g., what to do if the shop is closed / the train is delayed). Some challenges
posed by these tasks may be solved by reusing "cached" strategies or require some minimal
form of generalization, whereas other challenges would require planning and deliberating de
novo - hence, aspects of goal-directed and habitual control would plausibly need to be
continuously and creatively meshed.
Recognizing that real-life behaviors are often hierarchically organized in this way, several recent
proposals have adopted decision architectures that are themselves hierarchical. One such
proposal comes from hierarchical reinforcement learning, and proposes that behavior can be
organized into abstract behavioral chunks (termed “options”), each aimed at reaching a given
goal (Botvinick 2012; Botvinick, Niv, and Barto 2009; Sutton, Precup, and Singh 1999). This
framework provides a way to abstract away unnecessary details and plan behaviors in terms of
sub-goals and their associated plans / policies (e.g., go to the train station, then take the train,
etc.). A related proposal suggests that the brain implements hierarchical probabilistic inference,
which identifies the best ways to decompose a problem, simplifying the selection of subgoals
(Maisto, Donnarumma, and Pezzulo 2015; Donnarumma, Maisto, and Pezzulo 2016; Balaguer
et al. 2016). Other hierarchical schemes posit that simpler and more complex aspects of a plan
(e.g., "go to the airport") depend on different hierarchical layers in the same network (Pezzulo,
Rigoli, and Friston 2015, 2018). Integrating ideas like these into models of the interaction
between goal-directed and habitual control offers a promising direction towards understanding
the complexities of real-world behaviors.

Interactions between Habitual and Goal-Directed Control
Previous research has proposed several ways that separate habitual and goal-directed
controllers could interact. One approach assumes that the goal-directed and habitual
mechanisms compete for control of behavior, with an arbitration mechanism that allocates
control to one or another mechanism (e.g., Daw, Niv & Dayan, 2005). The two controllers learn
independently, and the arbitration mechanism can reflect the uncertainty or recent utility of each
controller. As a result, behavior is alternately under control of one system or another at different
times or in different contexts. This allows the agent to avoid the costs of running the
goal-directed controller -- whether in terms of precision (Daw, Niv, and Dayan 2005), of time
(Keramati, Dezfouli, and Piray 2011), or of computational cost ( Kool, Cushman, and Gershman
2016) -- in situations where it is not needed.
While goal-directed and habitual controllers are often modeled as learning in parallel, some
proposals suggest a hierarchical organization.. One family of proposals suggests that habits can
be activated by goal-directed mechanisms (Aarts and Dijksterhuis 2000), perhaps being
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composed of “chunked” sequences of behavior which develop with experience (Dezfouli and
Balleine 2012; Dezfouli, Lingawi, and Balleine 2014). A complementary family of proposals
suggests that goals themselves may be activated by habits (Cushman and Morris 2015; see
also Kool et al., Chapter 7).
An alternative possibility is that both goal-directed and habitual behavior interact by forming part
of a single controller, thereby cooperating to create a single integrated value. Such a
cooperative architecture is incorporated into the "mixed instrumental controller" (Pezzulo, Rigoli,
and Chersi 2013). By default, this controller uses probabilistic priors on action or policy values to
select action (i.e., a form of model-free control). The controller, however, also uses cost-benefit
computations to decide when the prior is not sufficient. When the prior is insufficient, a second,
model-based component is engaged to collect more evidence (by covertly resampling
experience from the internal forward model of the task) before making a choice. This approach
is closely related to the DYNA architecture (described above; Gershman, Markman, and Otto
2014; Sutton 1991), in which simulated experience from a forward model is used to drive
learning. Both of these schemes give rise to a continuum of choice patterns, which can stem
from purely cached values or from a combination of these values and internal modeling: the
more samples are drawn from the internal model, the more behavior will appear to be planned
rather than model-free.
Another way to construct a continuum between habitual and goal-directed behavior is to posit
that behavior at each moment results from a weighted sum of the influences of each system.
One set of approaches involves an explicit arbiter that assigns weights adaptively (Lee,
Shimojo, and O’Doherty 2014; Miller, Shenhav, and Ludvig 2016). Another approach appeals to
hierarchical predictive coding (Pezzulo, Rigoli, and Friston 2015). Here, goal-directed behavior
arises when higher hierarchical layers produce long-term action predictions, and these
predictions are used to "contextualize" shorter-term predictions at lower layers. Habitual
behavior arises when lower layers acquire sufficient precision (a measure of inverse uncertainty
in predictive coding) and become essentially insensitive to top-down messages. From this
perspective, the continuum between goal-directed and habitual behavior depends on the
relative strength (precision) of the top-down and bottom-up messages (predictions) in the
hierarchical architecture, without an explicit arbiter.
The majority of these schemes were developed in the context of models which assert that
habitual behavior relies on model-free mechanisms, and may be best suited to understanding
the interactions between model-based and model-free control within the goal-directed system
(see What is the structure of goal-directed control?, above). Generalizing them to the case
where habits are instantiated by other mechanisms remains an important direction for research.

Conclusions
A large body of evidence suggests that the brain contains separate mechanisms for
goal-directed control, characterized as flexible but slow and effortful, and habitual control,
characterized as inflexible but rapid and automatic (Balleine and O’Doherty 2010; Yin and
Knowlton 2006; Dolan and Dayan 2013). Recently, influential accounts have posited that
goal-directed control is instantiated by model-based RL mechanisms, while habitual control is
instantiated by model-free RL (Daw, Niv, and Dayan 2005). These proposals have given a new
theoretical foundation for investigations into the mechanisms of decision-making in general, and
supported new insights into many aspect of cognition, including addiction, morality, and other
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domains (Cushman 2013; Lucantonio, Caprioli, and Schoenbaum 2014). At the same time, key
tensions have become apparent between the model-based/model-free computational dichotomy
and the theoretical and empirical literature.
Theoretical accounts of habits, both classic (James 1890; Hull 1943; Thorndike 1911), and
modern (Wood and Rünger 2016; Graybiel 2008), hold that habits are mediated by direct
stimulus-response associations which bypass any representation of expected outcome.
Model-free RL, in contrast, depends critically on representations of expected value associated
with each action. Empirically, the clear dissociations observed between neural structures
involved in habitual and goal-directed behaviors have not been observed in tasks designed to
differentiate model-based from model-free computations – instead the regions involved have
been largely overlapping (Doll, Simon, and Daw 2012). Together, these findings suggest that
the model-based/model-free dichotomy may not map cleanly onto neural circuitry, and that
dominant computational models of goal-directed and habitual control may be in need of revision.
Here, we have reviewed a family of alternative proposals, which are diverse from one another in
many ways and both arise from and engage with different portions of the literature. One element
which many of these proposals share is severing of the tie between habitual control and
model-free reinforcement learning, instead positing that habits are instantiated by an alternative
computational mechanism (e.g., Dezfouli & Balleine, 2012; Miller et al., 2017; Friston et al. ,
2016). This realignment raises the question of whether model-free reinforcement learning
mechanisms in the brain are part of the goal-directed controller, or indeed of whether such
model-free mechanisms are at all necessary to explain human and animal behavior (see Box
2). More broadly, these newer proposals highlight important questions about the detailed
structure of the goal-directed system and how that system resolves the inevitable trade-offs
between performance and computational costs.
Finally, we have reviewed part of the broad empirical literature on goal-directed and habitual
behaviors, and suggested a set of phenomena that future work should seek to understand
computationally. On the empirical side, this will mean developing new behavioral measures
that allow for the examination of separate and interactive influences of habitual and
goal-directed processes on behavior in complex environments, at different stages of habit
development. On the computational side, it will be important to account not only for the
observed behaviors and neural patterns within these experiments but also to for the processes
underlying learning and selection of habits and goal-directed behaviors, and for the real-world
manifestations of these processes in both healthy and disordered populations. Such a
convergence of efforts will no doubt help to adjudicate between and build on available models
and work towards a full computational understanding of the neural mechanisms of goal-directed
and habitual control.
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