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How do habit and skill relate to one another? Among many traditions of habit research, we suggest that 'slip-of-action' habits are the type most likely to relate to
motor skill. Habits are traditionally thought of as a property of behavior as a
whole. We suggest, however, that habits are better understood at the level of intermediate computations and, at this level, habits can be considered to be equivalent to the phenomenon of automaticity in skill learning – improving speed of
performance at the cost of ﬂexibility. We also consider the importance of habits
in learning complex tasks given limited cognitive resources, and suggest that deliberate practice can be viewed as an iterative process of breaking and
restructuring habits to improve performance.

Highlights
The term 'habit' is used to describe a diverse range of behavioral phenomena.
Habits are almost universally interpreted
in terms of a stimulus–response (S–R)
association that becomes obligatory
through repetition.
A 'slip-of-action' habit occurs when a
particular action is erroneously selected
in response to an imperative stimulus.
This type of habit is likely to be the most
relevant to skill.
Most behaviors are not the result of a single simple S–R association but instead
are generated through multiple intermediate computations. Any of these intermediate computations could become
habitual, leading to qualitatively different
types of habitual behavior.

How are skill and habit related?
An often-quoted passage from William James states: 'When we look at living creatures from an outward point of view, one of the ﬁrst things that strike us is that they are bundles of habits' [1]. However,
among the examples of habit that James offered were walking, swimming, and playing piano – things
which we nowadays think of instead as examples of skill. Although habits and skills have come to be
viewed as distinct phenomena, they share a longstanding philosophical and scientiﬁc history [2,3],
and to this day are thought to have fundamental similarities [4–7]. We still, however, lack a satisfactory
understanding of exactly how they are related to one another, either computationally or
neurobiologically. This is well exempliﬁed by the many ways in which these terms have been juxtaposed over the years: 'habit of skill' [1], 'habit and skill' [8], 'habit is a learned skill' [3], 'skills are thought
to be a component of a habit' and 'skill aspects of habits' [9], and 'habitual skill' [10].

When couched at the level of intermediate computations, habit can be
considered to be equivalent to the
phenomenon of automaticity in skill
learning – improving the speed of action selection at the cost of ﬂexibility.
Habits are essential for learning and performing complex skills because they enable us to perform particular aspects of
a skill automatically, thus allowing cognitive resources to be applied to other aspects of the skill that require deliberation
and ﬂexibility.

In modern usage, the terms 'habit' and 'skill' seem to be easy to distinguish: driving the same
route each morning from home to work is a habit, but driving the car itself is a skill; drinking coffee
whenever you sit down to write a paper is a habit, while making the perfect espresso and carrying
it to your desk without spilling it are skills. In fact, the distinction between skills and habits has at
times been thought to be so evident that skills could be deﬁned by way of contrast to habits
[11,12]. However, there appear to be numerous parallels between skills and habits: both are
acquired rather than being innate [1], both are classiﬁed under procedural memory [13], both
are claimed to involve the striatum [5,14], and both have been related to reinforcement learning
[15–19]. These and other parallels have prompted many to speculate that skill and habit may
reﬂect different aspects of the same underlying mechanism that changes how a task is represented and accomplished (e.g., [5,6,20]).
How might we reconcile these conﬂicting views of the relationship between habits and skills? Is
there a sense in which skills and habits can be considered to be equivalent? Should habits be
viewed as a special type of skill, or skills as a special type of habit? In this review we focus on
understanding motor skills and their relationship to habits. We survey current conceptualizations
of both skill and habit, and highlight their points of contrast and convergence.
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Deliberate practice, a key principle in the
acquisition of expert performance, can
be viewed as the process of iteratively
improving a skill by temporarily breaking
and then replacing habits with improved
versions.
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Skill
Acuity, selection, and speed
Motor skill is something that we clearly recognize when we see it. Examples range from innate
skills that we often take for granted, such as walking and reaching [21–23], to everyday skills
(e.g., driving or touch-typing) that most of us acquire later in life, to skills that only a few people
possess at an elite level, such as playing the violin. Formally deﬁning motor skill and determining
what behaviors should qualify as being skilled has not proven straightforward and remains a
contentious topic [24]. An uncontroversial deﬁnition might be that a skill is an acquired capability
to successfully achieve a task goal. When the task itself has an emphasis on movement, it can be
referred to as motor skill [8,25–27]. It is by no means clear that this deﬁnition helps us to gain any
general insights about skill, however. What it takes to perform a task or achieve a goal successfully can vary greatly from one task to the next. Are there unifying features and principles that are
common across skills? Although unlikely to be exhaustive, laboratory-based approaches have
identiﬁed several speciﬁc aspects that seem to be characteristics of most motor skills (Figure 1).
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One crucial aspect of motor skill is being able to execute an action accurately and precisely
[28,29]; for example, hitting the bullseye on a dartboard with minimal scatter. It is impossible to
perform exactly the same action repeatedly [30], but skilled performers are consistently able to
achieve lower variability, even when moving very quickly – an attribute that has been termed
'motor acuity' [29]. It remains unclear exactly what enables skilled performers to move with
greater precision than others. Potential reasons include improved online feedback corrections
[31,32], improved acuity of sensory information that guides movement [33], or an improved
signal-to-noise ratio in the neural territory responsible for generating movement [25,32].
Being skilled is not purely about precise execution of movement, however. Skilled performers also
consistently make good choices about which action to execute, often in response to external
cues. It is not surprising that a professional soccer player can perform a pass or a shot accurately,
but an elite player will also be able to scan the complex and ever-changing game situation, pick
out the right pass among many, and execute it at the right moment. In abstract terms, this
action-selection aspect of skill amounts to translating a stimulus and/or goal to a speciﬁc
response – a process that occurs for high-level decisions such as choosing between options
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Figure 1. Three aspects that characterize motor skills. (A) Being skilled requires the ability to consistently execute an action accurately and precisely. For example, a
more-skilled soccer player can shoot the ball towards the same area on multiple attempts whereas a less-skilled player will have much greater variability. (B) Another feature
of skill is to make good choices about which action to execute. When faced with a choice to shoot at goal, pass to a teammate. or dribble with the ball, a skilled player will
consistently select the best option. (C) Being able to select an action quickly is another vital aspect of motor skill. Two players may both make the correct choice to shoot,
but the more-skilled player will take less time to make that choice. In general, the timecourse of a decision can be characterized in terms of a speed–accuracy trade-off
which plots how often the best action is selected as a function of the amount of time taken to decide, and more-skilled players will have a more favorable speed–
accuracy trade-off.

2

Trends in Cognitive Sciences, Month 2022, Vol. xx, No. xx

Trends in Cognitive Sciences

of whether to pass or shoot the ball, and for lower-level aspects of movement such as specifying
the timing and force of the kick. The superior performance of skilled individuals is in large part
attributable to them selecting better actions at one or more levels of a task [34–37].
A further vital but often overlooked aspect of skill is the ability to select the right action quickly.
Selecting the perfect pass to a teammate will not be of any beneﬁt if a defender can approach
and block you by the time you have decided what to do. Seemingly slow movements such as
riding a bike at low speed also demand quick responses to small events like a bump in the
road or a gust of wind. Being able to select a suitable action rapidly is therefore another crucial
aspect of skill. Indeed, in simple tasks, speed may be the sole metric of skill, with skill level
often quantiﬁed through the reaction time or task-completion time.
More generally, the appropriateness of the action you are able to select will depend on how much
time is invested in making the selection. Action selection and speed can be related through
a speed–accuracy trade-off [38] and more skilled performers will have a more favorable speed–
accuracy trade-off than less skilled performers; they will take less time to select a suitable action,
or will select better actions if allowed only limited time [39] (this speed–accuracy trade-off for
action selection should not be confused with an analogous speed–accuracy trade-off for execution whereby faster movements also tend to be less accurate and less precise [29,40]).
Simple versus complex skills
These three fundamental facets of skill – acuity, selection, and speed – have generally been studied in relatively simple laboratory tasks that involve key presses with the ﬁngers or planar reaching
movements [25]. A recurring question in motor learning research, however, is whether it is possible to translate insights from such laboratory tasks to real-world skills outside the laboratory
(Figure 2). Real-world skills differ from laboratory-based tasks in several ways. Compared to
the button-presses and reaching movements that are ubiquitous in laboratory-based tasks,
many skills, such as juggling, pose the challenge of controlling and coordinating whole-body
movements, and in doing so one must contend with the problem of many redundant degrees
of freedom [30]. Real-world skills also involve a wider range of conditions and contexts, as well
as a much bigger set of potential actions to choose between: a soccer player needs to
take into account the ﬂight of the ball, the locations of the other players, and where they might
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Figure 2. Simple laboratory-based skills versus real-life complex skills. Laboratory-based tasks used to study motor
skill typically involve key presses with the ﬁngers or planar reaching movements. Complex skills, by contrast, may require
control of multiple body segments (e.g., higher degrees of freedom, DoF), involve a wider range of conditions inﬂuencing
the choice of action, and have a much bigger set of potential actions to choose from. Unlike simple laboratory-based skills,
real-world skills also often involve a rich dynamic interaction with the environment. This increasing complexity is reﬂected in
the extent of practice that is necessary to become skilled in real-life tasks.
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be in the future so as to make an appropriate decision about what to do next. Furthermore, realworld tasks usually involve a much richer, dynamic interaction with the environment that alters the
context of our future actions [41–43]; for example, choosing a particular pass will affect the
behavior of other players which will, in turn, affect our own action choices down the line. Perhaps
because of this runaway increase in complexity, reaching a high level of performance in complex,
'real-world' skills require years of practice, whereas in laboratory-based tasks learning may reach
ceiling in a few minutes or, at most, a few hours.
Another distinguishing facet of complex tasks is that they tend to require greater involvement of
cognition than simple tasks [44]. Indeed, there is an emerging appreciation of the fact that complex motor skills are richly cognitive [27,45–48] – comparable to skills such as speaking a foreign
language or playing chess. For example, professional soccer players are thought to intelligently
read the ﬁeld [49], perhaps similarly to the ability of chess masters to read board positions [50].
Considerable phenomenological evidence supports the idea that cognition is crucial to performing advanced motor skills (e.g., [24,45,51]), and allows us to ﬂexibly select and control actions to
achieve a goal under different circumstances. For example, when encountering changes in an
environment, we are able to use cognitive strategies to adjust well-learned actions to counter
the change [52]. This cognitive core suggests that motor and cognitive skills are more alike
than has often been presumed in the past (also [27,48]).
Given the signiﬁcant differences between simple laboratory tasks and more complex real-world
tasks, it is debatable whether studying learning in laboratory tasks can provide much insight
into how complex tasks are mastered (e.g., [53,54]). It would be difﬁcult to understand the principles of chess mastery by studying how people learn tic-tac-toe. Complex skills are considerably
more challenging to study, both technically and conceptually. Across many domains, greater and
greater volumes of data are becoming available, raising the possibility of strongly data-driven
methods for studying real motor skills that are acquired and improved over longer time-periods
[55–60]. However, it is not clear whether such big-data approaches will be able to provide
more fundamental insights into why and how performance improvements take place. An alternative is to design well-controlled laboratory-based tasks that better incorporate crucial aspects of
complex skills, such as redundant degrees of freedom, dynamic interactions with the environment, changing contexts, and broader action repertories ([61–63]; also [64,65]). Bridging the
gap between reduced laboratory-based tasks and complex, real-world skills remains a considerable challenge, and is an intriguing and important issue for future work.
Although complex skills differ in many respects from simpliﬁed laboratory-based tasks, the components of skill identiﬁed in laboratory-based studies are nevertheless likely to still be important in
complex tasks (Figure 1): executing an action precisely and being able to select the right action as
rapidly as possible are equally important when playing the violin as when performing an arbitrary
visuomotor association task in a laboratory setting. The action-selection problem may be richer
and more challenging for the former, but the trade-off between speed and accuracy remains
fundamental to performing any task, and improving this trade-off is likely to be at the heart of
how people become skilled at complex tasks as well as at simple ones.

Habit
Habit as an obligatory stimulus–response (S–R) association
The term 'habit' has been deﬁned and used in many different ways throughout neuroscience and
psychology, and encompasses a broad variety of behavioral phenomena from lifestyle habits,
such as going to the gym, to movement habits like typing an ATM number. Despite this diversity,
the tendency has been to try to explain all habitual behaviors within a single conceptual
4
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framework, namely as a learned S–R association that has, through repetition, become obligatory.
Despite the appealing universality of this S–R framing, it is unlikely that it can capture the many
qualitatively distinct behavioral phenomena described as 'habits' (Figure 3 and Box 1).
Habits in free-operant conditioning
Much of how habits are currently conceptualized and understood, particularly their neural basis,
derives from the study of rodent behavior in free-operant learning paradigms [66,67]. In a standard experimental procedure, rats learn that pressing a lever will earn a food reward. Whether
or not this lever-pressing becomes habitual is assessed by how frequently the animal chooses
to engage in the behavior after the usual food reward is either withheld or is changed to be
noxious – a process termed 'reward devaluation'. If the rat reduces the frequency of lever pressing,
as is appropriate given the devaluation of the outcome, then its behavior is said to be goal-directed.
By contrast, if the rat continues to frequently press the lever, then its behavior is not considered to
be goal-directed and is instead habitual. With greater repetition, rat behavior transitions from initially
goal-directed to habitual. This transition is generally explained in terms of the formation of a direct
S–R association [68,69]. The stimulus in this case is usually assumed to be some static feature of
the environment such as the presence of the lever, and the response that is invariably triggered is
the act of pressing the lever.
Although this paradigm is often thought to model human life habits of engaging in particular
behaviors such as drinking coffee when writing or snacking when watching a movie, as well as
pathological habits including addictive and compulsive behaviors [20,70–72], the general applicability or relevance of this reward-devaluation approach is questionable. Rodents seem to develop
habitual behaviors of this type only when the task involves a static context, only one possible
response, and its corresponding reward [73,74] – a very restrictive scenario. Attempts to apply
reward-devaluation protocols to examine habit formation in humans have also been largely
unsuccessful: human participants readily adjust their behavior in a goal-directed manner following
reward devaluation despite extensive repetitions ([75]; but see [76] for a successful case). The
discrepancy between rodent and human behavior might be attributable to humans either never
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Figure 3. Human habits and experimental approaches for assessing them. (A) One example of a life habit is that
people may habitually drink coffee whenever they sit down to write. In this case, writing acts as the stimulus, triggering the
response to get and drink coffee. (B) Whether or not this behavior is truly habitual could be assessed using a rewarddevaluation approach. The desirability of drinking coffee is reduced by satiation (drinking several cups of coffee) before
writing. If sitting down to write still triggers coffee-drinking then coffee-drinking is habitual. (C) Another type of habit is a socalled 'slip of action', whereby an action is rapidly selected and generated in response to an imperative stimulus. Smelling
coffee when passing by a coffee shop may cause us to open a coffee-ordering app on our phone and order our own cup.
(D) If the icons on our smartphone are rearranged, we may nevertheless habitually tap the old location on the screen.
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Box 1. Other traditions in habit research
Habit is a core concept in many different domains of research [176,177] – not only in animal operant conditioning experiments and slips of action, as described in the main text. One other major tradition of habit research concerns the routines
that we repeatedly follow in our daily life. William James offered a striking example of this type of habit: 'A very absentminded person went to the bedroom to dress for dinner, habitually took off one garment after another, and ﬁnally went
to bed'. We often colloquially claim to have habits such as brushing our teeth every night before going to bed, going to
the gym every morning before work, or meeting friends at the same coffee shop every weekend. Rituals and compulsive
behaviors might also be described as habits of this type [178]. Quantifying this type of habit tends to rely on participant selfassessments and questionnaires [179,180], and does not usually seek to experimentally assess whether or not the
behavior is obligatory – in other words, whether it will occur even when it is no longer desired. It is clear that such habits
are different in many ways from slips-of-action or operant conditioning habits – we clearly do not rush in for a workout
simply because we happen to pass the gym. Nevertheless, lifestyle habits of this type have generally been interpreted in
terms of the same framework of S–R associations that are used to explain habitual behavior in operant conditioning tasks
[148]. In this case, the 'stimulus' might be a location or a particular event in the day, and the 'response' is the activity itself,
such as going to the gym. However, the response could also be triggered by some internal goals (e.g., becoming healthy)
[181], which implies habits occurring at the level of intermediate computations instead of being a simple S–R association
(discussed in the main text). Cultivating or eliminating habits of this type is of clear societal importance in terms of public
health and consumer behavior. Exactly whether and how such habits relate to slip-of-action habits and operant conditioning
habits remains an open question for future research.

forming the habit, or more successfully suppressing the habit owing to superior cognitive control
(also [77]).
Even when persistent behaviors are observed after reward devaluation, it does not necessarily
indicate the existence of habit. If people do not value the ‘reward’ that is provided (which
might, for instance, be only a virtual image), then devaluing the reward is meaningless. Even if
people do value the reward, there may be other hidden incentive outcomes that are never
devalued, which can cause persistent behaviors [78]. For example, if our goal was to enjoy the
taste of popcorn, continuing to eat stale popcorn (i.e., devalued) when watching a movie may
reﬂect a habit. This persistent behavior, however, may also be driven by the goal to enjoy a
more authentic cinema experience, which can be attained regardless of how the popcorn tastes
[79–81]. Intriguingly, it has been suggested that rats will press a lever not because they want the
food reward it delivers, but instead because they value the act of pressing the lever, regardless of
any reward [82]. If this is the case, continuing to press a lever after the food reward is devalued
may not necessarily imply that the behavior is habitual. Moreover, it is also very difﬁcult to determine whether or not a reward has been successfully devalued. For example, informing alcoholics
about the long-term detrimental consequences of alcohol consumption may not outweigh the immediate reward available from drinking alcohol. Any residual reward might lead to the appearance
of habitual behavior ([83,84] for a similar view in non-human animal habits). Finally, persistence of
a previously learned behavior after reward devaluation might not be due to habit but could instead
result from a failure of goal-directed control because of lack of understanding or misapplication of
task rules [20].
Inﬂuenced by reward devaluation approaches in rodents, it is often thought that reward is a key
driver of habit formation in general. This interpretation also parallels Thorndike’s famous law of
effect, whereby a response reinforced by a reward will become more likely to be selected in the
future [85]. The notions of reward and reinforcement learning have become a dominant lens for
interpreting habit formation, and popular theories posit that habit formation is fundamentally
about learning the values of different actions in a model-free sense [15]. However, the emphasis
on the role of reward in forming S–R associations may be somewhat exaggerated. The tactic of
reward devaluation originated as a pragmatic way to study habit formation in rodents, but it is not
necessary to transfer this approach over to humans. Instead, one can simply instruct participants
to behave one way, then later instruct them to change their behavior and assess whether or not
6
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they are able to comply with the change. This reward-free process is consistent with Thorndike’s
lesser known law of exercise [85], and is more in line with recent computational proposals that
reinstate the idea that habits reﬂect persistence of how we select actions, rather than of how
much value we place on particular actions [19,86].
In summary, free-operant paradigms remain a cornerstone of habit research. However, the scope
of such effects appears to be quite narrow in general, and in particular it remains unclear whether
habits of this kind are relevant to skill.
Slips of action
A very different tradition of habit research has focused on so-called ‘slips of action’ [87–89],
whereby we habitually select the wrong action during performance of a task. For example,
when the app icons on our smartphone become rearranged, we may habitually try to open a
particular app by tapping the screen where it used to be located. These slips of action are very
naturally explained in terms of an obligatory S–R association: the unwanted response occurs
because it is directly triggered by a stimulus. Slip-of-action habits differ from habits in operant
conditioning tasks in that multiple potential actions must be available so as to select the wrong
action, and the triggering stimulus tends to demand an immediate response. As such, this type
of habit is the one most likely related to skill which, as we discussed earlier, involves rapidly
selecting a suitable action among alternatives, usually in response to external cues.
Slip-of-action habits are studied in the laboratory using arbitrary visuomotor association tasks
[90,91] in which participants learn to associate particular responses (e.g., key presses) to a set
of presented stimuli. As participants practice this task, one might expect them to develop a direct
association between each stimulus and its associated response, which would presumably lead
them to become habitual in generating particular responses to each stimulus [39,92].
A variety of different approaches have been used to assess whether or not such associations do
actually become habitual through practice. One approach, following from the idea that the
stimulus should obligatorily trigger the response, is to test whether participants can successfully
withhold a previously learned response to a stimulus [75]. Such approaches, however, have had
only limited success in identifying habits in human participants ([75]; but see [93] for a successful
case). An alternative approach is to test whether participants are able to switch to generating a
different response from one that was initially learned [39]. In such cases, participants remain
very able to comply with the new mapping, and commit errors at a very low rate (~5%) even
after having practiced the original association for thousands of trials [94]. Tellingly, however,
such low error rates tend to be accompanied by long reaction times [95,96], suggesting that people avoid slips of action by giving themselves more time to respond.
A recent study [39] demonstrated that this is indeed the case. Participants were trained on a fourelement visuomotor association for up to 20 days, then the responses required for two of the
stimuli were switched. Participants had little difﬁculty learning the revised mapping, but when
they were forced to generate their responses very rapidly, they reverted to the originally practiced
mapping. Continuously varying the exact amount of preparation time that participants were
allowed revealed a stereotyped timecourse over which the habitual response was liable to be
expressed, peaking 300–600 ms after the stimulus was presented.
Slips of action of this type appear to be potentially very pertinent to skill: motor skills require that a
particular action among many is selected rapidly, usually in response to an imperative stimulus.
Slips of action occur in exactly this scenario, and seem to instantiate a direct association between
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a stimulus and a response. Furthermore, it appears that, at least in some cases, this habitual mode
of action selection can occur very rapidly – more rapidly than goal-directed actions – and thus
enable a superior speed–accuracy trade-off, serving to improve skill, albeit at the cost of ﬂexibility.
Habits beyond simple S–R associations
The notion that habits can be attributed to a simple S–R association between an external stimulus
and an overt behavioral response pervades discussions of habits across a wide range of
domains, from frequent responses in operant conditioning paradigms to slips of action and lifestyle habits. How can it be possible that one and the same mechanism could account for
these very different types of habitual behavior? The likely explanation is that our behavior is
never really the result of a single, direct S–R association. Instead, it is governed by a complex
set of processes, some with computations relating to more abstract goals and plans (e.g., 'get
coffee') and others relating to lower-level action selection such as which limb to move and how
to move it (Figure 4). Lifestyle habits, such as drinking coffee while writing, occur when computations associated with abstract decisions become habitual, whereas slips of action occur when
computations associated with lower-level action selections become habitual [88].
Whenever there are intermediate computations between a stimulus and an eventual response,
this creates the possibility that the ﬁnal behavior can become habitual in multiple distinct ways,
depending on which of these computations become habitual. A common type of intermediate
computation is that a stimulus does not directly trigger a response, and instead triggers selection
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Figure 4. Illustration of intermediate processes and computations underlying a simple behavior and a simple
motor action. A seemingly simple behavior of drinking coffee while writing might be interpreted in terms of a stimulus–
goal–response association ('writing'–'get coffee'–'drink coffee'). (A) Achieving the goal of getting coffee encompasses
many interdependent choices about whether to make or buy coffee, what type of coffee to get, whether it should be
decaffeinated or regular, and so on. These individual choices collectively dictate the ultimate response to satisfy the goal of
getting coffee. Any or all of the computations that determine these choices (represented as arrows in the ﬁgure), may
become habitual. For example, you might habitually buy a cup of coffee from a local store as you happen to be there; you
might habitually order a latte instead of an espresso, even though you planned to avoid less healthy options; you might
habitually add milk to the coffee for a friend even though you know she is lactose-intolerant. (B) The act of drinking the
coffee also involves numerous intermediate processes and associated computations that must occur before the action
can be executed. These include setting a motor goal (the location of the target), choosing the effector, planning the
trajectory, amplitude, and speed of the movement, and specifying exactly how to physically execute the action (e.g., which
muscles to contract). In principle, any of these intermediate computations that are associated with distinct aspects of the
reaching action could become habitual.
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of a particular goal to be pursued, which in turn triggers selection of an action to achieve that goal
(Figure 5B) [6,97]. For example, seeing a red light while driving might cue the goal of stopping
the car, which is then achieved by pressing the brake pedal. Organizing the behavior as two
distinct associations, a stimulus–goal association and a goal–response association, enhances
our ability to generalize to different settings: seeing a red stimulus in a context other than driving a car can still evoke the intention of stopping [93], and we can easily slam the brake pedal if
a passenger unexpectedly yells 'stop'. Either or both of the stimulus–goal and goal–response
associations could become habitual, which will give rise to different types of habitual behavior.
If seeing a red light habitually triggers the goal of stopping, one could still select among actions
to stop the car in a goal-directed way; conversely, if pressing the brake pedal to stop the car
becomes habitual, one could still be ﬂexible about what goal to pursue in the event of a red
light.
A stimulus–goal–response organization can be present in many behaviors and can drastically
alter how we should interpret the underlying cause of a habitual behavior. For instance, many
people might have a habit of drinking coffee whenever they write. A simple interpretation of this
habit would be that the act of writing serves as a stimulus, directly triggering the response of
drinking coffee (i.e., an S–R association). Alternatively, however, it could be that the act of writing
itself tends to habitually elicit feelings of anxiety (perhaps due to a past history of writing to meet
impending deadlines). Writing thus acts as a stimulus that effectively creates a new goal of alleviating anxiety (i.e., a stimulus–goal association), and we choose to drink coffee to achieve that
goal. This example illustrates the seemingly contradictory idea of a 'goal-directed habitual action'
by which a particular stimulus habitually triggers a speciﬁc goal which is then pursued in a ﬂexible
manner [98–102]. Such a mechanism has been proposed as a more compelling explanation for
drug-seeking and other pathological habits, given the ﬂexible ends to which a user might resort to
obtain drugs [74,103,104]. This 'intermediate-computation' view of habit can also be applied to
the free-operant behaviors of animals because there are multiple distinct associations that an
animal could learn to guide its behavior, including stimulus–response, stimulus–reward,
response–reward, and stimulus–response–reward associations [84,105,106]. It remains unclear
which of these associations is primarily responsible for the observed habitual behavior.
Beyond the simple idea that goal selection intercedes between a stimulus and response, complex
behaviors can involve many other types of intermediate computations that relate to, for instance,
chunking of responses [34], task-set selection [107–109], following task rules [110], or pursuing differing goals over varying task levels [111–115], to name a few. If some of these underlying computations become habitual whereas others do not, this will result in some aspects of behavior being
habitual and inﬂexible and other aspects of behavior remaining ﬂexible (Figure 5B,C). Indeed, multiple
sources of evidence, from following life routines [116–119], decision-making [101,120,121], categorical learning [122], and slip-of-action research [102], have begun to demonstrate that different
intermediate computations can become obligatory – each leading to distinct patterns of overt
habitual behavior ([123] for evidence in a non-human animal).
In the context of motor control, it has long been appreciated that even simple motor acts
involve many intermediate processes and associated computations [124,125] that intercede
between the stimulus and the response (Figure 4B). These processes and computations
may range from perceiving various aspects of a stimulus [126,127], to setting the motor goal
[90], choosing a general class of actions to perform [128–131], selecting which effector to
use [132], specifying the kinematic details of the movement (e.g., its amplitude, speed, and
timing) [133], and ﬁnally coordinating muscle activity to bring about the movement
([29,130,131]; reviewed in [25,125]).
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Figure 5. Habit beyond simple stimulus–response associations. (A) Habits are often considered within the appealing
framework of a simple association between a stimulus (S) and a response (R). A response to a stimulus can be selected either
in a non-habitual (goal-directed) (dashed black line) way or in a habitual way (solid orange line). (B) In general, responses are
rarely triggered directly by a stimulus, but involve intermediate computations (Figure 4 for an illustrative example). In a simple
case involving driving a car, we might need to determine a goal (e.g., stop) that intercedes between a stimulus (e.g., red light)
and the response (e.g., press the brake pedal). Either the stimulus–goal or goal–response association could become habitual,
leading to four qualitatively different phenotypes, beyond being simply 'habitual' or 'non-habitual'. (C) In general, behaviors
may be generated based on a complex set of processes and associated computations that relate a stimulus to an ultimate
response (Figure 4 for an illustrative example), and any subset of these intermediate computations could become habitual.
Abbreviations: R, response; S, stimulus.

Given these distinct intermediate computations, one might expect that motor behavior could be
habitual in many different senses, depending on which of these computations becomes habitual.
Indeed, several studies have shown that behavior in well-learned motor tasks can be habitual in
many different senses, including in the way in which we coordinate muscles [134] or effectors
[135,136], as well as in the order [137] and tempo [138] with which we generate sequential
actions. Parameters of movement such as direction [139], movement speed [140], and even
the duration of reaction times [141] show biases towards values that have been frequently
selected in the past, and these have been likened to habits. Animal work has also demonstrated
stereotyped and habitual patterns of movement kinematics in overtrained tasks [5,142]. Beyond
these motor components, well-established phenomena such as the Stroop and Simon effects
also reveal habitual behavior at the level of perceiving and processing different features of a stimulus [127,143]. It is likely that these and potentially many other types of qualitatively distinct habits
can co-occur in even seemingly simple motor behaviors (Figure 5C).
We conclude that it is more fruitful to think about habits as a property of the intermediate computations that precede response generation (Figure 5B,C) rather than as a property of the response
itself (Figure 5A). In the next sections we consider how this and other insights about habit formation might help us to understand the relationship between habit and skill, both in simple,
laboratory-style tasks and in more complex, real-world skills.

The relationship between skill and habit
Automaticity as the nexus between habit and skill
Although habit and skill have long been thought to be related, the term 'habit' is, perhaps surprisingly, not commonly used in skill-learning research. Instead, a dominant notion in skill learning is
that of 'automaticity'. We are likely all familiar with the experience that performing an initially challenging task becomes easier and seemingly 'automatic' with practice [8]. However, the concept
of automaticity itself is challenging to deﬁne [144–146]. Automaticity has been characterized in
terms of numerous features, including that it is unintentional, unconscious, uncontrolled, effortless, and fast. However, no single one of these features on its own seems to provide a satisfactory
hallmark of automaticity: seemingly automatic behaviors do not always possess all of these
10

Trends in Cognitive Sciences, Month 2022, Vol. xx, No. xx

Trends in Cognitive Sciences

features [144,146]. Nevertheless, a commonly touted feature of automaticity is inﬂexibility
[122,146,147]. That is, it can be difﬁcult to alter a skill once it has been rendered automatic. This suggests a clear parallel between automaticity and habit. Indeed, the terms 'automatic' and 'habitual' are
sometimes used interchangeably [72,148], and automaticity, like habit, is often described in terms of
formation of a direct S–R association [149]. Thus, it seems very possible that the underlying changes
that render a behavior habitual may be one and the same as those responsible for it becoming automatic. In both cases, a particular action comes to be automatically triggered by its associated
stimulus. In this sense, being habitual might be considered equivalent to being automatic [80].
As we have discussed in the context of habit, however, most behaviors are not generated
through a simple one-step S–R association (Figures 4 and 5). Instead, they are generated
based on a complex set of computations that relate a stimulus to an ultimate response. As with
habits, the term 'automatic' is, in most cases, used to describe behavior as a whole. It has, however, been suggested that automaticity should instead be considered to be a property of intermediate computations or processes [150–153]. If this is the case, then whenever multiple
computations contribute to an eventual behavior, any one of these computations could become
automatic, potentially with distinct consequences for ﬁnal behavior. For instance, automatizing a
particular method for doing mental arithmetic (e.g., adding two three-digit numbers) is qualitatively different from automatically retrieving the answer from memory (e.g., [154]). In both
cases, one might reasonably describe the behavior as 'automatic', but the behavior will be very
different. From this point of view, it is unsurprising that it is difﬁcult to achieve a consistent deﬁnition of automaticity on the basis of properties of behavior as a whole. Instead, automaticity is likely
best understood as a property of intermediate computations, from which it follows that habit and
automaticity can be considered to be equivalent.
Although automaticity is a hallmark of skills, it is important to emphasize that the potential
equivalence between habit and automaticity does not mean that habit and skill are themselves
equivalent. Clearly, not all automatic behaviors can be considered to be skills. Furthermore, an
important feature of many skills is that they are marked by ﬂexibility [12,155]. A skilled musician
can perform the same piece of music with different tempos or varying emotional expression [156],
or improvise an entirely new piece. Even in daily-life skills such as driving and walking, we can ﬂexibly
adjust our movement patterns according to different weather or surface conditions. How does one
reconcile the need for ﬂexibility in skilled behavior with the notion that skills become automatic and
thus inﬂexible through practice? This apparent paradox is easily resolvable after recognizing that
complex skills never reﬂect only a single association between stimuli and responses, and instead
involve multiple intermediate computations. Some of these computations might become automatic
(or, equivalently, habitual), whereas others might remain deliberative, thus ensuring ﬂexibility where it
is needed. In line with this view, it has been proposed that a complex skill depends on a combination
of habitual and cognitive processes [45,46,48,81,89,157–159]. As a result, although a soccer player
might exhibit ﬂexibility and creativity in selecting where to pass the ball, they are also likely to be
habitual in other respects – for instance, they may always kick the ball with their dominant foot.
In short, we suggest that habit can be equated to the concept of automaticity in skill learning,
provided that these terms are used to describe a property of intermediate computations or
processes underlying a behavior rather than the behavior as a whole. Again, being habitual in no
way implies being skilled. An unskilled behavior can become habitual as easily as a skilled
behavior. Furthermore, almost all skills require some degree of ﬂexibility, and therefore skills
likely cannot be entirely habitual (or, equivalently, automatic). The converse, however, is true:
automatizing intermediate computations is essential to improving one's skill, largely by accelerating action selection and reducing cognitive demands [6]. As we argue in the next section,

Trends in Cognitive Sciences, Month 2022, Vol. xx, No. xx

11

Trends in Cognitive Sciences

balancing these advantages with the need for ﬂexibility is likely crucial for successful skill acquisition,
particularly for complex skills.
Habit and automaticity in complex skill acquisition
As we have pointed out, complex skills are distinguished from simple skills by the scope and variety
of stimuli that may warrant a response, as well as by the number of potential actions available and the
richer dynamics between the actor and the environment. Making particular components of a skill
automatic is likely to be crucial for learning complex skills because it liberates scarce cognitive
resources that can then be applied to learning other aspects of the skill. A novice soccer player learns
to dribble the ball with her head down so that she can focus on the movements of both the ball and
her feet. Through practice, her ability to dribble the ball becomes automatic, no longer relying on
cognitive resources, and thus she can instead look away from the ball to focus on the movement
of her opponents and teammates. With practice, her ability to scan the ﬁeld will also become automatized, and her cognitive resources can be put to solving other problems. Thus, given the limited
cognitive resources available to bring to bear on any given task – a concept often described as
bounded rationality [160,161] – her repertoire of subskills must be compiled one at a time.
In general, as we practice a skill, there are two distinct ways in which our performance can continue to improve. Components of skills, that have already become automatized (or, equivalently,
have become habitual), are likely not entirely set in stone but can continue to improve with further
practice. For example, participants in an arbitrary visuomotor association task become habitual
within 4 days of practice, but their speed–accuracy trade-off can still improve with more practice
[39]. Thus, the role of practice is not simply to automatize ever more components of a skill but also
to further improve components that are already automatic. However, the scope of such improvements may be limited, and the rate of improvement may be slow (Figure 6B). To achieve bigger
leaps in task performance, it may be necessary to qualitatively restructure the way in which
we perform the task – for instance, in the high jump, switching from the straddle style to a Fosbury
ﬂop brought about changes in the world record that were not achieved by incremental
improvements in the straddle style (cf. [55,162]). We may also need to reimagine the way
we select actions by taking into account additional stimuli, such as the movement of our
opponents, or the spin on a tennis ball as we receive it. More drastic changes like this likely require
de-automatization by switching from an automatic to a deliberate mode of action selection,
before revamping and then re-automatizing this component of the skill. Although this may
temporarily worsen performance [55], this process will ultimately raise the ceiling on what
performance level is possible. This cycle of switching between deliberate and automatic modes
for speciﬁc component processes of a skill is likely the essential purpose of deliberate practice
[163–165] and distinguishes it from naive practice – mere repetition of a task – which instead
only incrementally improves already automatized components (Figure 6A).
Many components of a skill that become automatized early in learning may therefore only be
temporary stepping-stones on the way to more advanced levels of performance. At some point
during learning, almost any automatized association might need to be reﬁned or replaced with
something better. How successfully this can be achieved depends on how easy the habit is to
break. If the initial habit becomes too ingrained and difﬁcult to break, it will block the path to higherlevel performance in the future. A recent study demonstrated such an effect in sequence learning.
Participants were trained to 'chunk' a sequence of actions in a particular way. Later, when learning
to perform longer and more challenging sequences, participants tended to persist with the initially
learned chunking structure, even after 2 weeks of further training and despite the fact that alternative
chunking structures could have improved their performance [166]. Unfortunately, many of us often
build such bad habits during early skill learning. We learn suboptimal solutions and reuse them until
12

Trends in Cognitive Sciences, Month 2022, Vol. xx, No. xx

Trends in Cognitive Sciences

Naive practice

(A)

Automatization

Novice

Outstanding questions

More repetitions

S

S

R

R

Expert

S

Can distinct types of habit be
dissociated within a single behavior?
Is it possible to alter which aspects of
a behavior become habitual based on
practice conditions?

S

Deliberate practice
Automatization

De-automatization

Reconstruction

Automatization

R

R

(B)

S

S

S

S

R

R

R

R

Naive practice

Non-habitual
Habitual

Expert level

Performance

Performance

Practice

Under what circumstances can a habit
be altered or broken?
Are habits integral to learning complex
skills, and, if so, what are the
implications for how best to practice
to acquire a new skill?

Deliberate practice

Expert level

Can the characteristics of automaticity
established in skill-learning studies be
explained in terms of intermediate
computations becoming habitual?

Are there distinct neural mechanisms
for automatization and slips of action
that differ from other more commonly
studied forms of habit?

Practice
Trends in Cognitive Sciences

Figure 6. Learning complex skills through practice. (A) Practicing a new skill quickly leads to some components
becoming automatized or, equivalently, being rendered habitual. This qualitative change allows us to focus cognitive
resources on learning or improving other components of the skill. There are two distinct ways in which our performance can
continue to improve further. In the upper row (naive practice), already automatized skills or their components can continue to
improve through repetition, but the performance gains are likely to be limited and this type of practice is unlikely to lead to a
high level of skill (B). In the lower row (deliberate practice), to achieve more substantial improvements in performance it may
be necessary to more drastically reorganize the way in which a task is performed, potentially introducing new computations.
This will require de-automatizing speciﬁc components, rendering them back into a deliberate mode, so as to learn a
restructured set of computations that lead to the selection of better responses. This restructured response can then be
automatized again and reﬁned through practice. Repeated cycles of building, breaking, and restructuring temporary
automatic components (or, equivalently, habits) in this way is essential for maximizing one's skill level. (B) Schematic
illustration of how the skill level improves under naive versus deliberate practice. Abbreviations: R, response; S, stimulus.

they are rendered into persistent habits that impede our progress towards better performance
[167,168]. This is perhaps the reason why experts reportedly try to avoid acquiring habits in pursuit
of high-level performance [169,170], and the supervision of an external coach is almost certainly essential in accomplishing this by providing vigilance against the formation of bad habits.
The path to expertise, therefore, likely involves repeated cycles of building and breaking temporary
habits, while at the same time restructuring and adding other habits that will form the foundation of
our skills for many years. When acquiring complex skills, we must strike a delicate balance between
automatizing particular components of a skill, thereby allowing us to focus our attention on improving other sub-components of the skill and to think at a higher strategic level, while avoiding developing bad habits that may hold us back in the long term. Understanding how habits are formed and
how they can be broken, and how an optimal balance is achieved between automaticity and ﬂexibility through practice, will be crucial for gaining a complete picture of how we acquire expertise
under constraints of limited cognitive resources (see Outstanding questions).

Concluding remarks
We remain some way from a complete understanding of the relationship between skill and habit.
Both skills and habits are, in their own rights, vast ﬁelds of study. It is likely that not all types of
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13

Trends in Cognitive Sciences

habit are relevant to skill, and that many aspects of skill have no relation to habits. Nevertheless,
we argue for convergence between particular types of habit – so-called 'slips of action' – and the
notion of automaticity in skilled performance. We suggest that, when viewed as characteristics of
individual intermediate computations rather than as emergent properties of behavior as a whole,
habit and automaticity can be considered to be equivalent.
Much research on habits and skills has employed simple laboratory-based tasks, often focusing
on seemingly elementary behaviors, with the view that the overt simple behavior is either habitual
or not (e.g., [69,75,76,171]), or automatic or not (e.g., [122,172,173]). However, even the simplest of tasks can involve intermediate computations that give rise to the possibility that behavior
could be habitual or (equivalently) automatic in many distinct senses. An important direction for
future research is to develop better approaches for characterizing the multi-componential nature
of simple behaviors and to understand habit and automaticity in terms of these component computations rather than behavior as a whole.
A more comprehensive understanding of the constituent components of skills and habits at the
behavioral level will also be essential for characterizing their neural bases (see Outstanding
questions). Fine-grained recordings of neural activity may help to clarify the nature and scope
of such computations, but making sense of neural activity is likely to also require thorough characterization of a behavior and corresponding comprehensive behavioral assays [174,175].
Understanding the multitude of computations underlying behavior becomes even more crucial for
obtaining a clear picture of how we acquire complex skills, which, owing to the constraints of
bounded rationality, must depend heavily on habitual/automatized computations. A key direction
for future research will be to bridge the current divide between simple laboratory-based tasks and
complex real-world skills. This might be achieved by developing better assays to dissect complex
skills into their constituent components, and/or by designing more elaborate laboratory-based
tasks that begin to manifest the complexity of real-world skills (e.g., including redundant degrees
of freedom, dynamic interactions with the environment, and larger sets of possible stimuli, states,
and actions). Most likely, progress will depend on a combination of these two approaches.
Finally, although we have focused here on motor skills, the principles discussed here apply
equally to purely cognitive skills, such as learning a language or performing mental arithmetic,
as they do to motor skills such as playing a musical instrument or playing soccer.
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