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Decision making is a fundamental cognitive function, which not only determines our day-to-day choices but also
shapes the trajectories of our movements, our lives, and our societies. While immense progress has been made in
recent years on our understanding of the mechanisms underlying decision making, research on this topic is still
largely split into two halves. Good-based models largely state that decisions are made between representations of
abstract value associated with available options; while action-based models largely state that decisions are made
at the level of action representations. These models are further divided between those that state that a decision is
made before an action is specified, and those that regard decision making as an evolving process that continues
until movement completion. Here, we review computational models, behavioral findings, and results from neural
recordings associated with these frameworks. In synthesizing this literature, we submit that decision making is best
understood as a continuous, graded, and distributed process that traverses a landscape of behaviorally relevant
options, from their presentation until movement completion. Identifying and understanding the intimate links
between decision making and action processing has important implications for the study of complex, goal-directed
behaviors such as social communication, and for elucidating the underlying mechanisms by which decisions are
formed.
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Introduction: two halves of a whole
decision
Imagine opening a refrigerator on a hot summer’s
day. To the left, a pitcher of iced tea, and to the right,
a bottle of sparkling water with lemon. How do you
decide between these two options, and how does this
decision result in the movement required enacting
it? As with all decisions, this involves reducing many
choice options to only one goal. And, as with the
types of decisions we focus on in our review, most
goals require a physical action.
The first question at the heart of our review is, In
what representational space is an option selected?
According to good-based decision theories,1–3

choice options are represented and are selected in
an abstract value space where multiple sources of
information are combined to construct a single
subjective value for each of the options in a common
neural currency.4 In the most rigid of these theories,
the highest value, winning option is selected and
only then is an action planned to enact the decision.2
At the other end of the spectrum are action-based
decision theories,5–9 wherein choice options are
represented and selected within sensorimotor maps
of space that directly reflect how each option is
physically situated in the environment. Under this
view, the representation of every option is sensorimotor in nature, reflecting details of the movement
associated with acting on each alternative.
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Figure 1. (A) Good-based models (top) state that a decision is made at the level of abstract values before an associated action is
planned, while action-based models (bottom) state that a decision is made at the level of physical movements. (B) Serial and parallel
processing timelines of decision making (blue), movement planning (orange), and movement (red) during a simple decision like
choosing between chocolate bars. Choices requiring ballistic, short duration responses like saccades or key presses are shown on the
left and those requiring longer duration responses like reaches are shown on the right. Good- and action-based schematics adapted
from Ref. 158.

Following from this distinction, the second question central to our review is: When does a decision
get made? Returning to the cold-drink-on-a-hotday conundrum, good-based theories generally
argue that you first choose the drink and then you
plan the movement toward it; that is, the decision is
made before the associated movement is specified.
Conversely, action-based theories generally argue
that movement representations toward both drinks
are maintained in parallel; that is, the decision
does not end until the movement is complete
(Fig. 1). However, while good-based theories are
often implicitly associated with serial processing
and action-based theories are often implicitly associated with parallel processing, neither framework
strictly requires that they conform to these specific
temporal sequences of decision making.
When decisions are made and at which level
options are selected has a profound impact on
understanding the underlying neural architecture
involved, why we choose certain options over others,
and how we behave in between. For example, most
action-based models would predict diverse and
intimate neural connections between motor and
2

perceptual systems for sensory decision information
to shape motor representations, whereas goodbased models would instead predict that an abstract
value space mediates many of these connections.
Additionally, action-based models would predict
quicker responses after target selection, as the motor
response associated with the selected option has
already been specified in the sensorimotor system.
It would also predict, however, that unselected
movements might seep into movement execution.
Our review is broadly structured into three parts.
The first two parts address good- and action-based
models each in turn and reviews formal models, and
behavioral and neural data in support of the theory.
In the last part, we review recent models, behavior, and neural findings that have made progress in
bridging the gap between good- and action-based
decision-making models. As with most problems in
cognitive neuroscience, what initially appears to be
a stark divide in theory is likely a result of dichotomous thinking—the real answer likely lies somewhere in between. In this review, we do not attempt
to put forth a unifying theory of decision making,
but rather identify gaps in our understanding and
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aim to outline current evidence for the three lines
of thought.
Good-based models: from stimulus to
reaction time
Good-based models of decision-making state that
the selection of available options occurs at the level
of abstract value representations.2,3 In this review,
our use of the term value is specific to the task at
hand. For example, in a perceptual decision task,
like deciding in which direction a pattern of noisy
dots is moving10 (Fig. 2A), value is derived from
perceived motion direction. By comparison, in a
task like deciding between two chocolate bars,11
value is derived from subjective preference. One of
the most parsimonious features of a good-based
model is that it is agnostic with respect to what
information is used to construct value, since there is
an abstract common currency on which an arbiter
can judge. With respect to the relationship between
a decision and the action associated with enacting
it, a good-based model treats the decision process as
a distinct module in a serial process (Fig. 1). Once
perceptual processes have delivered a representation
of the choice options, and decision processes have
selected one for action, only then is the corresponding movement planned. To expand upon this serial
architecture of decision making and movement,
we first describe bounded evidence accumulation
decision-making models. These models are distinct from good-based decision-making models
since bounded accumulator models are typically
agnostic regarding the level at which options
are selected, and instead focus on how selection
occurs. However, most bounded accumulation and
good-based models share the common assumption
that decision making is complete before movement
processes that enact the decision begin.
Model
The most prominent (though by no means
only) class of decision-making models are those
based around the accumulation of evidence to a
threshold.12,13 Here, the information relevant to a
decision (i.e., evidence) is repeatedly sampled from
the external world, or from internal sources such
as memories.14 Evidence for or against a particular
option is added over time. When this accumulated
evidence in support of a particular option crosses
some threshold, the decision is made (Fig. 2B).
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For example, in the random dot motion (RDM)
task,10 moving dots are presented to a participant who is asked to discriminate the net direction of the dots (e.g., left versus right) (Fig. 2A).
Decision difficulty is manipulated by the amount
of dots moving in the same direction on each
trial (i.e., coherence). Additionally, the stimulus is
noisy, as the remaining “noncoherent” dots move in
random directions. Evidence accumulation models argue that subjects arrive at decisions in this
task by sequentially sampling small portions of the
motion stimuli. This information is processed to
extract whether, and how much, the motion sample favors responding left or right. This evidence
is then added to left and right accumulators in
the brain and sampling continues until some decision criterion based on accumulated evidence is met
(Fig. 2B).
Two of the most widely used evidence accumulation models are deemed race15 and driftdiffusion/random walk models.16,17 Race models
state that a decision is made the first time any
one of multiple independent accumulators crosses
some fixed decision threshold. In contrast, driftdiffusion models state that decisions are made based
on relative evidence—the difference in evidence
between options is accumulated until reaching an
upper or lower bound corresponding to the two
options under consideration (Fig. 2B). It is beyond
the scope of our review to summarize the support
for and against the many kinds of bounded evidence
accumulation models, but in general, these models
account for behavior in a wide range of tasks18,19
(Fig. 2C). Indeed, there is a mathematical elegance in
this approach—the process of evidence accumulation is intimately related to signal detection theory20
and Bayesian inference,21 and is regarded as optimal
in some sense.22
While broadly successful, recent research shows
decision making is more complex than simple evidence accumulation models can describe. Models
need significant elaboration to account for very early
responses,23 the dynamic cost of accumulating evidence for a decision,24,25 the growing urgency to
make a response,26,27 or, on the other end of the spectrum, the ability to refrain from making a decision
(often accomplished via “leaky” accumulators).28
Regarding the two central questions of our review,
bounded evidence accumulation models are largely
agnostic to what exactly is being represented during
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Figure 2. Findings from investigations on the mechanisms underlying perceptual decision making. (A) Trial structure of a typical
random dot motion (RDM) task. After maintaining fixation, left and right targets appear (dark red). Animals are trained to execute
a saccade to the target corresponding to the net direction of the moving dots. Moving dots appear within a central region of the
screen, some of which move coherently left or right, while the remaining dots move in a random direction. Gray region indicates
the receptive field of neurons typically recorded in this task. (B) Schematic of a drift-diffusion model applied to decision making
on a single trial. Motion from the stimulus is sampled, and the difference in motion evidence for left and right target choices
is accumulated (typically modeled as a normal distribution; see inset). When the accumulated evidence (blue trace) crosses a
specified bound, the respective response is executed. (C) Example behavioral results in the RDM task. As the stimulus includes more
coherently moving dots, reaction time decreases, accuracy increases, and confidence in the executed choice increases. (D) Average
firing rates of recorded LIP neurons in the RDM task. Average firing rates of LIP neurons increase (or decrease) in proportion to
the motion evidence favoring a saccade toward the receptive field of the recorded neuron. Average firing rates of LIP neurons reach
a common firing rate “threshold” before a saccade is executed in the direction of the corresponding receptive field. Panels A, B, and
D are reproduced and adapted from Ref. 12.

choice competition but are fairly committed to the
position that decisions are made before movement
execution (i.e., the crossing of a decision threshold). That is, evidence accumulation can as easily be
applied when what is being accumulated is a representation of abstract value (good-based) as it can

4

if what is being accumulated reflects the value of
specific planned movements (action-based). However, when it comes to the timing of decisions,
bounded evidence accumulation models generally
assume that the decision process is complete before
a movement is initiated, mirroring a serial process of
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perception, decision making, and finally movement
planning.
Behavior
Recent reviews identify the “three pillars of
choice behavior” as accuracy, reaction time, and
confidence,29,30 and it is the measurement and
explanation of these three outcomes across a variety
of tasks that grants bounded evidence accumulation models their status as one of the best theoretical accounts of decision making. Classically, signal
detection theory20,31 can explain choice accuracy
(and perhaps confidence) but not choice timing.
However, evidence accumulation with recent additions can account for all three.32 While it is beyond
the scope of our review to exhaustively describe
these additions, it is useful to highlight that a successful decision theory should be able to account for
how accuracy, reaction time, and confidence vary as
a function of decision difficulty.
In a good-based framework, decisions vary in the
degree of value similarity between available choice
options. Two options that have very similar value
will be harder to decide between, while two options
that have disparate value will result in easier decisions. Classically, easier decisions are resolved more
quickly and more accurately, leading to faster reaction times and more correct responses. Conversely,
hard decisions take longer to make and result in
more errors.
The effects of decision difficulty are particularly evident in psychophysical tasks of perceptual
discrimination like the RDM task (Fig. 2A). The
decision difficulty is manipulated by changing the
number of dots moving coherently from very easy
(100%) to very hard (<5%). The general finding in
these tasks is that as coherence is reduced, accuracy
decreases and reaction times get longer33 (Fig. 2C).
Similar results on accuracy and reaction time are
abundant, even in the less-represented domain of
decisions based on subjective value.6,34,35
Recent additions30 or extensions36 to evidence
accumulation models can account for reductions in
confidence with increases in decision difficulty. In a
modified RDM task, in addition to the usual left and
right choice options, Kiani and Shadlen presented
monkeys a third “safe bet” option on some trials
which gave a smaller “sure” reward. This allowed
the monkeys to opt out of making a decision and
instead take a small certain gain. Consistent with
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predictions from an evidence accumulation model
when the trials were more difficult, monkeys more
often opted for the safe bet.36
Here, we define the three key behavioral outcomes
that decision-making models must account for
when decision difficulty is varied: as choice options
become more similar, reaction times increase, while
accuracy and confidence decrease (Fig. 2C). These
features are well accounted for by robust models
within a bounded evidence accumulator framework
or the broader good-based theory, which state how
the values of options are constructed, represented,
and compared in order to ultimately select an action.
Of note, these are all behavioral features that occur
up to and including reaction time, but not after.
Neural
Strong neural evidence for both good-based competition and bounded evidence accumulation models
in part affords the high status they enjoy within
cognitive neuroscience and beyond.
In an exemplary group of studies, researchers
recorded from the nonhuman primate (NHP) lateral intraparietal cortex (LIP), a brain area involved
in oculomotor control,37 while monkeys perform
the RDM task. The neural responses are strikingly
consistent with bounded evidence accumulation
models38–41 (Fig. 2D). Firing rates of LIP neurons
increase (or decrease) over time proportional to
the amount of motion evidence favoring a saccade
into the preferred direction of the recorded neuron.
When the firing rate reaches some fixed threshold, a
saccade is generated in that direction. This pattern
is exactly consistent with that predicted by bounded
evidence accumulation models—an accumulation
of evidence in favor of each option until a threshold
is crossed to execute an action.
Further experiments have provided even stronger
support for this hypothesis. Short pulses of background motion during the RDM task briefly
enhance or suppress the increase in firing rate for
neurons associated with the correct response.42
Subthreshold stimulation of LIP neurons increases
the proportion of saccades in the stimulated
direction, and decreases their reaction times,
as does subthreshold stimulation of the earlier
motion-sensitive middle temporal visual area
(MT), through which LIP receives significant
input.43 Together, this suggests that momentary
motion evidence in the RDM task is computed
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within MT, and the accumulation of this evidence occurs downstream within LIP. Studies
in humans using magnetoencephalography,44
electroencephalography,45 and functional magnetic
resonance imaging (fMRI)46 have also shown support for bounded evidence accumulation. While
these experiments might seem to support choice
selection at the level of saccades tuned to specific
directions (action-based), others have argued that
these patterns might instead simply reflect the
motion direction of the random dot stimulus.47
Furthermore, the idea that LIP plays a causal role
in evidence accumulation is being reevaluated
in light of recent experiments implementing
pharmacological or optogenetic LIP inactivation,
which fail to show corresponding deficits in decision making.48–50 These challenges to LIP-based
decision models give rise to the idea that perhaps
options are represented and selected elsewhere in
the brain, but at the same time do not invalidate
the bounded evidence accumulation mechanism.
In support of a good-based decision-making
model, studies have found evidence that the
abstract value of available options is represented
by orbitofrontal cortex (OFC) neurons integral in
option selection. In a seminal experiment, NHPs
made saccades to a left or right target offering different amounts of different kinds of juices, which
the NHP would then receive.1 The overwhelming
majority of recorded neurons in the OFC were either
sensitive to the amount of a particular type of juice
offered, the type of juice the NHP was about to
select, or the amount of juice the NHP was expecting to receive. In this task, the types and amounts
of each juice option are sufficient for a rich representation of value, and the presence of neurons
specifically encoding what option was to be chosen
suggests the OFC may have a critical role in option
selection. Importantly, neuronal responses were not
found to vary with the spatial configuration of the
options, nor with the direction of the upcoming
saccade, suggesting the representations of value in
the OFC were truly abstract. Other studies in NHPs
have also shown little sensitivity to motor properties in OFC neurons despite significant sensitivity to
aspects of subjective value.51,52 Furthermore, while
associations to specific actions are difficult to parse
with human fMRI data, value signals in a wide range
of tasks and contexts have likewise been reported in
the OFC.53–55
6

Discussion
The frameworks reviewed above are well supported
and, as we will argue, are necessary for a complete
understanding of the mechanisms underlying decision making. The bounded evidence accumulation
framework provides an elegant explanation regarding how options are selected, and a good-based theory provides a convincing solution as to how value
is constructed and represented in the first place.
However, they share a common limitation in that
they generally argue a decision is complete before a
movement is initiated.
In the vast majority of tasks to which these frameworks have been applied, the decision to move (measured via reaction time) is temporally bound with
the movement outcome (measured via response
time; Fig. 1). That is, saccadic eye movements,1,41
button presses,45 and verbal responses are essentially
ballistic—reaction and response time are treated
as the same value. Thus, it is perhaps unsurprising that many models do not account for decision
making after movement initiation—indeed, in most
tasks, this does not even exist. However, in the real
world, the execution of most decisions takes time.
The temporal protraction of movement has important implications for decision making; if an animal
moving through a dynamic world wants to be optimally responsive to their environment,5 it would
be maladaptive to wait for one movement to complete before initiating a new decision process. Such
models may also be a byproduct of the tasks used—
decisions are studied in sequential isolation, deliberately separated by intertrial intervals. However, in
the real world, new decision alternatives are constantly appearing or shifting, and require constant
updating. This need to account for more ecologically relevant scenarios brings us to discuss another
framework—action-based models, which may be
particularly suited to account for decision making
after movement initiation.
Action-based models: from reaction time
to end of movement
Action-based models of decision-making state that
available options are represented and selected in sensorimotor maps,5,6,56,57 where options preserve their
relative spatial relation to the deciding agent. For
example, when reaching for the pitcher of iced tea
or the bottle of sparkling water (Fig. 3), both candidate objects would become activated in a map (or,
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Figure 3. A visual depiction of how the brain might use a
relevance landscape to represent the value of actions associated
with real objects. Here, both a pitcher of iced tea (left) and
bottle of sparkling water (right) are desirable drink options on
a hot day. According to action-based models, both would have
positive neural representations (e.g., hills of activity) in brain
areas involved in specifying hand actions.

more likely, multiple maps) of space preserving their
relationship on the refrigerator shelf. Moreover,
this topographic representation, at least in some
maps, would contain information about the movements associated with successfully interacting with
the object—also known as the object affordance.58
These affordance competition maps5,59 give rise
to what have been called attentional landscapes60
or desirability density functions.7,9,56 According to
action-based models, when one object is chosen,
what is being selected is not some abstract representation to which an action then needs to be planned,
but rather, some aspect of the action itself. Thus,
decision making from an action-based framework
can be viewed as representing the value of available
actions, which shifts the body through the real world
as a means of traversing a landscape of behavioral
relevance specified in a neural map.7
Model
In contrast to good-based decision-making models,
few computational models within an action-based
framework have been proposed. One of the
earliest computational models, aimed at explaining
observed neural data, consists of layers of simulated
neurons in a frontoparietal network.61 In this model,
multiple competing actions are represented in parallel at several levels of the network and compete for
selection. This model, while successful at recreating
observed neural patterns, does not predict any
specifics of how a movement is enacted.61 A more
recent action-based computational model accounts
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for both neural data and observed reaching movements during decision making.62,63 This model
integrates the value of options and goal-relevant
information into a dynamic neural field, which simulates the activity of hundreds of neural populations
each tuned to a different direction in space. These
directionally tuned neuronal populations compete,
and if any population reaches a specified activity
threshold, an optimal control policy64 for reaching
in that direction is activated. A weighted average
of active policies then determines how the hand
moves before the process is updated by a new state
of the hand in space. In essence, this model specifies
that value influences representations for specific
actions, and that option selection, rather than being
specified solely before movement, is an outcome of
a process that evolves during movement.5,59,62
Other models have mostly ignored accounting for
neural data and instead, focus on accounting for specific movement features. For example, movement
trajectories toward targets and away from obstacles are strikingly similar to a model of attractors
and repellers in a dynamical system.65 Similarly,
attractor landscape models provide an appealing
account of how the hand (or computer mouse)
moves through space in decision-making tasks.66–68
These models show that action-based mechanisms
provide many convincing frameworks to explain
how animals decide when moving and move when
deciding.
Regarding our two key questions, action-based
models postulate that decisions are made through
the competition at the level of actions and most
of these models state that decisions are complete
only when the movement enacting the decision is
finished (cf. Ref. 69). By and large, however, these
action-based models suffer the opposite problem
from that of many good-based models: they rarely
explain or even attempt to explain the three classic
behavioral hallmarks of decision making—reaction
time, accuracy, and confidence—and instead, focus
almost entirely on explaining what happens after a
movement has been initiated.
Behavior
In the set of behaviors a decision theory should
account for, changes of mind have emerged as a
fourth alongside choice accuracy, reaction time,
and confidence. A change of mind refers to the
infrequent (e.g., 5%) but a reliable observation
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central reach for a single right target (blue, bottom). When simultaneously presented with the left and right targets (dashed, right)
after adaptation (bottom), participants reached in a direction that averaged between movements, not visual, directions. Adapted
from Ref. 92.

that individuals will sometimes initiate an action
toward one choice option, but then switch to
another choice option before the action is completed (Fig. 4A).70–73 These changes of mind are
overwhelmingly corrective (i.e., they shift actions
from incorrect to correct targets), indicating that
they are based on a decision process that continues
throughout movement71 —something outside the
scope of most good-based models.
Further evidence for the continued access to,
and influence of, decision information on in-flight
movements can be seen in what is a now a long
list of studies showing the influence of multiple potential targets on both eye74,75 and hand
movements.76–79 A particularly acute demonstration can be found in so-called go-before-you-know
tasks (Fig. 4B), wherein participants are required
to move before knowing which of several potential targets is the final option.80,81 Under these
conditions, participants initially execute an averaged movement between both options before ultimately selecting one. Furthermore, it has been
shown that the probability,81 number,80,82,83 spatial arrangement,80,84 luminance,85 reward-association,86,87 and symbolic representation88 of targets
all impact rapid reach trajectories.

8

But what exactly is the nature of option representations that give rise to this behavior according to
action-based theory? Some researchers argue that
curved or averaged reach trajectories reveal value
represented at the level of possible states associated with movements, which then are used to optimize a single movement control policy.89 One such
model proposes that effort, accuracy, and evidence
for each available option act as inputs along with
the state of the arm to form a single optimal control
policy.90 Other researchers argue that these trajectories reveal the representation of multiple competing
motor plans.80,91 While distinct, both views largely
acknowledge that (1) decisions move from a space
with many options to an action space with only one
eventual movement, (2) ultimate movement output
is largely based on the optimization of a single action
and not a literal average of simultaneously executed
movements, and (3) that fluctuations in the value of
multiple and simultaneously held motor representations can influence the single resultant movement.
Thus, one of the most pressing questions facing
action-based models is What information is available in parallel motor representations? The above
studies show this information reflects both bottomup (e.g., luminance, see Ref. 85) and top-down
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(e.g., learned reward, see Ref. 87) factors. But are
there properties about the details of the movement
beyond the spatial (and usually visual) endpoint?
To directly dissociate visual target from reach directions, Gallivan et al.92 used a visuomotor adaptation task (Fig. 4C). Over a series of trials, a gradual, imperceptible rotation of reach direction was
applied such that eventually, two targets separated
visually by 30° required identical straight-ahead
movements. Critically, in go-before-you-know trials
toward one adapted target and one nonadapted target, the hand direction followed the motor midpoint
(e.g., was shifted by the adapted target’s rotation)
and not the visual midpoint. Consistent with other
studies,93,94 these findings support the notion that
the brain directly maps visual target locations onto
associated motor representations, and uses these to
compute initial movements in cases of competing
targets. Such a mechanism might support the specification of initial movement directions that minimize the cost of corrected movements to the targets
once selected,90 thereby reconciling the optimization of motor goals with the averaging of motor
representations.80
A recent study has extended these findings to a
go-after-you-know task.95 Here, participants viewed
two targets of varying orientation and, when one of
the targets was cued, were required to rapidly orient
and place the tip of a handheld tool on that target.
Movements toward an ambiguously oriented target
(i.e., one that could equally be reached via wrist
pronation or wrist supination) were biased by the
noncued target, more often matching its orientation, even though it was never an explicit movement target. The fact that this “co-optimization”
effect emerged in a go-after-you-know task suggests
that multiple movements (in this case, wrist orientations) were specified in advance of target cueing.
This raises the important question: Why would the
brain expend its limited resources to directly map
competing visual targets onto associated motor representations? According to action-based models, the
preparation of multiple potential movement representations might support the rapid execution of
any one of the possible movements if required (see
Ref. 5). Results from the co-optimization experiments support this claim since individuals exhibited faster reaction and movement times on trials in
which the co-optimized wrist posture was selected
versus trials in which it was not selected.95,96

Bridging the gap between decision making and action

Action-based models are also consistent with
many experiments regarding how motor-related
costs factor into decision making. Cos et al.97,98 provide compelling support for action-based models
by showing that when individuals make free choices
between two potential reaching movements, which
vary in motor-related costs (e.g., energy, stability,
distance, etc.), they tend to choose the movements
that are biomechanically easiest98 and simplest to
control.97 Importantly, this indicates that information about the predicted biomechanical costs of both
candidate movements is available to the decisionmaking process. Going further, neurostimulation
within 200 ms of target presentation suggests a
causal role of motor cortex in these rapid, automatic
predictions.99 Other recent work further shows that
the costs associated with motor control bias decision
making between actions.100–102 While the impact
of motor costs on decision making is not limited
to action-based models—for instance, good-based
models can account for motor costs through learning or association—the representation of options
in a sensorimotor space provides a convincing and
direct way for motor information to influence value.
The role of biomechanical costs in decision making has also been extended to changes of mind.
Studies show that when the motor costs associated
with redirection are increased (through distance103
or force fields70 ), changes of mind become more
infrequent. Motor costs can even affect perceptual
decision making when participants are unaware of
them (i.e., when they are introduced very gradually), and these can bias verbal reports of perceptual discriminations, even when they are conveyed
through a completely different effector system.104
Together, this work indicates that the motor system,
rather than merely reflecting the output of upstream
perceptual processing, can itself influence perceptual processes and the transformation into decision
space.
Neural
Unlike the predictions from a good-based framework which argues that option selection precedes action specification,2,105,106 neural recordings
often show parallel action-based representations
throughout the decision process.59,91,107
Several studies of neural responses have shown
that before a decision is made, value is not only
represented abstractly,1 but also with associations
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Figure 5. Neural evidence for the representation of competing movement options. (A) Population activity in dorsal premotor
cortex while NHPs performed a delayed reaching task. Cells sorted by preferred direction along the bottom edge reveal sustained
encoding of two potential reach directions when the final direction was unknown, even during a period when the potential targets
were not visible. Reproduced from Ref. 59. (B) Simultaneous recordings of four superior colliculus neurons with receptive fields
(dashed circles) for three distractors (green) and one target (red). Each tick represents an action potential, and each row of ticks
represents one trial (31 trials total, all correct). The black arrow represents stimuli onset, and the red circle represents the average
saccade latency. Spike density functions for each neuron are overlaid on each raster plot. The discriminability of target and distractor
neuronal activity was found to predict performance. Adapted from Ref. 130.

to specific actions (often called action-value
responses).34 For example, studies have documented neurons whose firing rates are sensitive
to the value of a leftward saccade on each trial.41
Human fMRI, and NHP and rodent electrophysiological recordings have observed action-value
responses in several brain areas including the
anterior cingulate cortex,108–110 frontal eye fields
(FEFs),111 LIP,9,112 striatum,113,114 basal ganglia,115
dorsolateral prefrontal cortex,116 superior colliculus (SC),117–119 and the supplementary motor
area.120,121
In a seminal study, when NHPs had to hold in
mind two possible reach targets, dorsal premotor
neural population activity increased in the directions of both potential targets107 (Fig. 5A). In a more
recent extension, it was shown that this activity was
also evident if the possible reach directions were
specified by rules, rather than spatial targets.122 This
activity reflecting multiple motor representations
was observed even though the NHPs could have simply waited for the correct option to be cued before
representing the single corresponding movement.
Similar neurophysiological results have also been
observed in oculomotor tasks.123–129 For example,
simultaneous recordings from SC (an oculomotor
structure only a few synapses removed from
the eye muscles) neurons with nonoverlapping
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receptive fields mapped the competition between
targets and distractors130 (Fig. 5B). Specifically, the
difference in simultaneous activity between targetand distractor-related neurons predicted task
accuracy of the NHP. The link between multiple eye
movement representations and decision making is
even clearer in a study showing that subthreshold
stimulation to SC neurons influenced the eventual
choice.131 These findings appear to directly refute
the good-based account2 wherein value—the
determinant factor of a choice outcome—should
not be altered by neural stimulation of a putative
motor structure.
Discussion
In many ways, action-based models are the mirror image of good-based models with the reflection point occurring at the moment of movement
initiation—they are two halves of the same decision. That is, whereas good-based theories provide
convincing mechanisms for decision making during reaction time but lack explanations for much
of movement time behavior, action-based theories
tend to lack explanatory richness for reaction time
mechanisms but offer compelling explanations for
behavior during movement time. This is highlighted
in the key experiments discussed above. Experiments that use ballistic responses such as keypresses
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or eye movements, which either do not allow for
or mitigate post movement decision processes, ultimately force a decision to be resolved entirely during
the reaction time period. In our view, this scenario
does not reflect the vast majority of evolutionarily
old and ecologically valid decisions for which the
primate brain is organized—for example, moving
through the world when deciding where to forage.
However, in the same way, experiments that force
movement initiation so that decisions are resolved
entirely during the movement time period are similarly lacking, and again do not reflect the majority of
decisions for which the primate brain is organized.
Framed this way, it should be clear that regarding the
competition between choice options, there is nothing particularly special about the time of movement
onset—competition occurs before and continues
after movement initiation. Granted, if a movement
is very brief (e.g., as in a keypress or eye movement),
and reaction time and response time collapse, then
the movement is the end of the decision. However,
in the real world, where actions enacting a choice
are often voluntary and evolve over several hundreds of milliseconds or more, decision making that
was initiated when options were presented evolves
through reaction time and can continue to unfold
during movement. In particular, the sequential sampling of evidence for a decision after stimuli onset
(good-based models), and the competition between
multiple motor representations during movement
(action-based models), while each with their own
limitations, may reflect a continuation of the same
process.
Bringing two halves together: decision
making as a continuous process
Theories of decision making that cross the boundary between reaction and movement times are
beginning to be more prevalent. This shift has been
necessitated, in part, by behavioral observations
of competition and changes of mind during
movement. In fact, a change of mind is precisely
the case where a (mostly resolved) competition
during reaction time leads to a movement being
initiated toward one option, but then further
competition during movement time leads to a
revised decision. The majority of the models we
review here have therefore been concerned with
predicting the frequency of a change of mind given
the competition evident during reaction time.

Bridging the gap between decision making and action

Model
Computational models aimed at bridging the gap
between pre- and post-movement decision making
are relatively recent and comparatively rare. The
most prominent of these is the changes-of-mind
model (CoMM) by Resulaj et al.,71 which states that
decision making both before and after movement
initiation is based on a single, continuous process
of evidence accumulation. Like a drift-diffusion
model,17 the CoMM states that subjects base their
decisions on the accumulated difference in evidence
between options. When accumulated evidence
crosses a decision threshold associated with one of
the options, the subject initiates an “initial choice”
movement straight toward that option. Unlike
other bounded evidence accumulation models,
however, evidence sampled just before an initial
choice that has not yet been processed continues
to accumulate, even during movement. If this
postinitiation evidence causes the crossing of a
new threshold, the subject changes their mind and
begins moving straight toward the other option.
This CoMM predicts and explains reaction times,
accuracy, and the frequency of changes of mind.
It is particularly powerful in that it can explain
our flexibility to adapt actions as needed, all while
preserving the elegant mathematics of an evidence
accumulation process. Furthermore, a recent
refinement,73 adapting a race model,15 is able to
explain changes in confidence as well.
However, in these models, threshold crossing
determines one action, and if another threshold
is crossed, another action is selected. This discrete switching between actions cannot explain
several highly related behavioral phenomena
reviewed above which support action-based models, such as intermediate movement trajectories80
(Fig. 4A). Other models have likewise attempted to
unify decision making before and after movement
initiation by associating an evidence accumulation
process with aspects of movement.90,133,134 While
this method has proven successful, several important behavioral and neural phenomena remain
unaccounted for.
Behavior
Some of the best support for the idea that decision making is a single and continuous process
that traverses stimulus presentation to movement
completion comes from research that explicitly
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manipulates the amount of decision information
prior to observable behavior (early work reviewed
by Meyer et al.135 ). Approaches to this problem have
included fitting to reaction time distributions (as
in evidence accumulation models19 ), analyzing the
conjunction of reaction time and kinematic parameters during response time,136,137 or looking for evidence of motor priming.138,139 Here, we focus on
experiments that manipulate the speed–accuracy
tradeoff. It is well known that increasing the speed
of a movement also increases its variability,140 and
increasing the speed of a decision decreases its
accuracy,141 suggesting that by forcing participants
to respond faster than is natural, they are forced to
act with less accumulated evidence.
Ultimately, however, even the analysis of speed–
accuracy tradeoffs is somewhat impoverished since
changes in accuracy or reaction time, while intimately linked to the amount and quality of evidence
accumulated, can also arise for a variety of other
reasons.142 To address this limitation, some research
directly forces partial information by decoupling the
stimulus cueing movement (the imperative stimulus) from the stimuli you are responding to (the test
stimulus), thus varying the stimulus–response interval (SR interval, see Fig. 6). By using these timing
techniques and observing changes in movements,
researchers have access to a continuous measure
that reflects ongoing decision making started during reaction time.76 Adapting a rhythmic responding task,141 Ghez et al. developed a timed response
task where the imperative stimulus was the fourth
of four repeated tones and the test stimuli were
visual targets toward which restricted arm movement responses were required.143 By varying the
SR interval, Ghez and colleagues were able to map
the evolution of this response (Fig. 6A). With less
processing time (<80 ms), initial movement directions were averaged between unpredictable targets (akin to go-before-you-know tasks, see Ref.
80) but with more processing time (>200 ms),
responses were more directed toward the correct
target. However, these results also demonstrated
that the decision between movement targets was
influenced by spatial layout.144 If targets were closer
together, averaging was more evident and lasted for
longer SR intervals. But, if they were further apart,
intermediate movements were reduced and even
eliminated89,144 (Fig. 6A). This implies that ongoing decision making must be informed early on by
12

the potential motor consequences for each available
option.
Chapman et al. recently extended this technique
to explore the temporal evolution of a higher order
decision bias between options with positive and negative values. Participants made a rapid reach choice
(average RT 250 ms) as soon as they heard an
imperative auditory tone87 (Fig. 6B). Approximate
SR intervals ranged from –50 ms (move before test
stimuli appear) to 750 milliseconds. These results
showed clear evidence of the evolution of a valuebased decision—reaches were more curved with less
time to process targets. They also demonstrated a
clear temporal advantage for processing gains relative to losses. A recent follow-up study has shown
that this competition revealed through reaching
is prevalent even in relatively slow, self-initiated
movements.145 Furthermore, other research shows
that the instantaneous changes in movement angles
can reveal how competition between options and
sources of decision evidence evolves over time.146,147
In sum, these studies are consistent with competition being initiated during reaction time, but now
seeping into response time and affecting movement.
Another tool used to probe the evolving
competition between options has been to force
movement initiation via the startle response.148
In general, a loud auditory tone will elicit an
electromyogram (EMG) signal from upper arm
muscles after 70 ms and an arm movement
after 115 ms—much faster than normal reaction
times. When multiple options are available for
selection, the startle response reveals clear cases of
the representation of multiple options at a motor
level.149,150 In another line of work, the imperative
stimulus was instead a mechanical perturbation
causing an elbow extension and a resulting stretch
reflex, and the key dependent measure was the
EMG of the resulting reflex response as participants
performed the RDM task.72 Critically, the strength
of the reflex (within 75 ms) was sensitive to both
the direction and strength of evidence.
Other novel techniques show just how far the
competition between options during decision making flows downstream. For example, experimenters
read out motor excitability during value-based decision making by applying transcranial magnetic
stimulation (TMS) over the motor cortex and
measuring the motor evoked potential (MEP)151
(Fig. 6C). By varying the timing of the TMS pulse,
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Figure 6. Behavioral evidence for the evolution of decision information both before and during movement. (A) Reaches toward
unpredictable targets produce trajectories that average between directions when target separation is small (± 30°, top row) and
the stimulus–response interval (SRI) is short (left). When the SRI is long, (right) reaches are directly toward the correct target.
When target separation is large, (± 60°, bottom row), participants are forced to guess with short SRIs. Movement amplitude (not
shown) was also varied, accounting for the observed undershoots. Adapted from Ref. 144. (B) Participants rapidly reached to choose
positive over neutral targets (red) and neutral over negative targets (blue). Depicted is the area between reaches toward correct
targets on the left and right (larger area corresponds to straighter reaches). The SRI was approximated by subtracting the average
RT (250 ms) from the test stimuli presentation time. Short SRIs led to more competition (curved reaches) and choosing positive
targets showed a consistent temporal advantage (straighter reaches) except for the shortest and longest SRIs. Adapted from Ref. 87.
(C) Response-locked analysis of changes in primary motor cortex (M1) excitability to transcranial magnetic stimulation (TMS)
pulses, measured via normalized motor evoked potentials (MEPs) toward chosen (red) versus unchosen (blue) options. Since the
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they were able to map the evolution of motor
excitability during the decision process, concluding
that motor excitability scales with decision competition before an action is selected. Finally, Wood
et al.152 measured intramuscular EMG from pectoral muscles involved in making a reach response
to visual targets. Surprisingly, there were spatially
sensitive muscle responses less than 100 ms after
visual onsets that responded to the luminance contrast of the stimuli. Across these three examples, we
see two important points of convergence: first, the
readout of the accumulation of evidence toward a
decision (motion coherence, value difference, and
luminance) was entirely motor (reflex gain, MEP,
and muscle response) and second, these responses
were graded across time, scaling with the quality of
accumulated evidence.
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Neural
Electrophysiological studies in NHPs parallel the
behavioral results above. In one study, when NHPs
self-initiated an eye-movement decision during the
RDM task, saccades were straight toward the chosen target (Fig. 7). In separate trials, suprathreshold
stimulation applied to oculomotor regions generated saccades orthogonal to the two targets. But
when the same stimulation was applied during decision making but before self-initiation of a saccade,
eye movements were a mixture of the orthogonal
stimulated direction and the direction of the target with more dot motion evidence. These results
have been shown in both the FEF111 and SC,131 and
strongly suggest that information about the relative desirability of an option continuously updates
circuits implicated in motor processes.
More recently, Kiani et al.153 recorded neural population activity from the prearcuate gyrus (a brain
area involved in saccade planning154 ) while monkeys
performed the RDM task (Fig. 8). By employing a
sliding-temporal-window decoding approach prior
to launching the decision, they were able to show
that they could reliably predict the animal’s decision
before it was reported via a saccadic eye movement.
Notably, by determining how far from the classification boundary (between choice options) the
neural state is, the decoding approach can provide
a moment-by-moment estimate of the competition
between options. Consistent with evidence accumulation, this distance measure gradually increased
from zero to large values over the course of the trial,
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Figure 7. Neural evidence that decision formation and motor
preparation use the same neural circuits. (A) NHPs performed
the RDM task, and made saccades to the target associated with
the greater net direction of dot motion (in this case, roughly
up/down). (B) Voluntary saccades during this task were directly
toward the target corresponding to the direction of perceived dot
motion (blue and red crosses). Saccades evoked shortly after fixation using suprathreshold stimulation to FEF neurons resulted
in saccades orthogonal to the two targets (black x). When
suprathreshold stimulation was applied during dot motion discrimination but before a voluntary saccade, the evoked saccade
deviated toward the direction with more dot motion evidence
(light blue and red circles). Reproduced from Ref. 111.

with the rate of rise correlating to the strength of
dot motion. Interestingly, however, on a minority
of trials, the population response crossed from one
side of the decision boundary to the other, suggesting a shift in the animal’s choice from one target to
the other. These internal changes of mind have the
same features as their behavioral counterparts.71
That is, they were more likely: (1) to occur earlier,
rather than later; (2) for weak than strong stimuli;
and (3) to shift from an incorrect to a correct choice.
Similar observations have recently been provided
using a reaching task.155 NHPs were presented with
two targets along with virtual barriers that could
obstruct a nearby target. By varying when the barriers appeared in a trial, a continuum of situations was constructed ranging from complete free
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Figure 8. Neural evidence for changes of mind. (A) NHPs performed a delayed-response RDM task. (B) Multielectrode arrays
recorded neural population activity from area 8Ar of the prearcuate gyrus. (C) The neural population response pattern at each
time point can be envisioned as a point in high-dimensional space, whose axes correspond to the firing rates of individual neurons
(shown for three hypothetical neurons, n1–n3). Logistic regression was used to find the hyperplane that best discriminated the
neural population response patterns corresponding to leftward (T1) versus rightward (T2) choices. The distance of the population
response pattern from the hyperplane, or decision variable (DV), indicates the certainty of the model’s prediction about the
upcoming choice. (D) Two sample trials in which the model DV maintained its sign throughout the trial, ending with T1 and T2
choices. (E) Two sample trials in which the sign of the model DV changed during the delay period (see arrows), indicative of a
change in the model’s predictions and suggestive of a change of mind in the animal. Adapted from Ref. 32.

choice (no barriers) to forced choice (only one target was accessible). Of particular interest were cases
where a barrier changed mid-trial, making a previously inaccessible target accessible. The investigators
recorded neural population activity from the dorsal
premotor (PMd) and primary motor (M1) cortices
and trained a decoder to categorize the two different responses on “forced choice” trials. Not only
could this decoder be used to predict reach direction
on “free choice” trials, but also more interestingly,
on the barrier-change trials, the decoder would
sometimes initially indicate one choice, and then
change to the opposite choice. Notably, these neural
changes of mind were primarily observed when the
animal was presented with free choices, and very
rarely occurred on the forced choice trials. In other
reaching tasks, neural activity in the PMd appears
to represent the relative desirability of multiple
potential actions simultaneously.107,156 Additionally, PMd neurons continue to be involved in action
selection—if one of the potential options disappears
when a “Go” signal is given, PMd activity predicts
the switching of action before movement onset.157
Taken together, these results show at the neural level what has been shown at the behavioral
level—that the competition between options con-

tinuously evolves as a single process throughout
decision making. However, these neural studies have
yet to show the same results during movement itself,
which reveals not only the relative infancy of this
research area but also the exciting opportunities to
come.
Conclusions and extensions
At the start of our review, we presented two central questions. First, given that decision making is
best conceptualized as a competition between choice
options, In what representational space do these
options compete? Second, especially with respect
to the movements required to enact a choice, When
are decisions made—before movement onset or at
the time of movement completion?
Given the wealth of evidence reviewed here,
the answer to the second question appears to
strongly favor a decision process that does not
end at movement onset. Rather, a convergence
of modeling, behavioral, and neural evidence
indicates that decision making is a single and
gradual process that begins with the presentation
(or consideration) of choice options and continues
throughout movement execution. This is perhaps
most evident in changes of mind or tasks where
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choice options are not completely defined before
movement. In both of these cases and many
others, there is clear evidence for the continued
contribution of decision making during movement.
In contrast, the first question is still very much
up for debate. Here, we presented two somewhat
opposing views: first, good-based theories that
advocate for the competition of abstract values
and, in the extreme, completely separate this value
competition from movement consequences, and
second, action-based theories, which argue that
decisions are fundamentally sensorimotor in nature
and, in the extreme, believe decisions are always the
resolution of competitions between actions. One
alternative to both pure good- and action-based
models is a distributed consensus decision-making
model.91 According to this theory, competition
occurs at multiple levels of representation, and
decisions emerge as the result of reciprocal connections between these distributed competitions.
This theory can explain how decisions can be made
between both actions and abstract values.131 Furthermore, recent evidence suggests that competition
can indeed occur at both good- and action-based
representations,158 and that these might share strong
reciprocal connections98,104 (but see, Ref. 158).
This resolution between good- and action-based
theories leaves us with a picture of decision making
as a dynamic, distributed system across the brain.
Most often, choice options are presented via
primary sensory inputs and the resolution of a
decision results in a motor response. In these
situations, cascades of sensory information (usually
flowing up from sensory to movement/planning
areas) flow together with the cascades of task goals
(usually flowing down from movement/planning
to sensory areas) to shape ongoing competition.159
This idea is consistent with continuous cortical
feedback where sensory areas are updated so that
behaviorally relevant stimuli receive preferential
processing as early as possible. For example, the
activity in the primary visual cortex (V1) of
rodents,160 NHPs,161 and humans162 is modulated
by reward, and presents a likely candidate for the
operation of selective attention.161,163
In this framework, since most decisions ultimately lead to actions, action-related information
and neural structures are usually involved in the
milieu of biasing signals. Several researchers have
argued against such an architecture, as it might
16

be unnecessarily costly for the brain to continuously transmit such information, or to update motor
plans.89,164 From these views, a single, central decision system may seem more resource efficient.2
However, the cost of neural resources might well be
worth the benefit of adaptive and flexible behavior. If
decision information is constantly ready to shift our
actions, we are able to efficiently adapt to changes
in our environments.91 Ultimately, from many perspectives, the main goal of information processing
within the brain is to guide action.5,58,165–168
The flexibility of such a decision network
likely gives rise to its multiple characterizations.
For example, in tasks where a movement is not
required, perhaps there is no need for the current
decision-network configuration to include motor
areas. If so, this could account for results of abstract
value, divorced from movement. Similarly, in
low-level perceptual decisions (e.g., RDM task) or
even in nonconscious movement decisions (e.g.,
hand preshaping), it is not clear that abstract
value is important, and there might be no need
for the decision network to engage abstract value
structures. Importantly, however, in all decisions,
there is a requirement for the system to converge
from a space of many options to a single choice,
and this convergence evolves over time. Thus, more
broadly, and more speculatively, it may be most
accurate to say that the brain is a flexible conflict
resolving machine, and decision making is one way
of studying its capacities. One enticing theory that
emerges from this framework is that all cognition is,
at its core, reliant on the resolution of competition.
We are by no means the first to articulate this
kind of position,29 and it is interesting to consider
how memory recall, navigation, or even relevance
determination can be conceptualized as the
competition between options (with, respectively,
candidate memories, possible routes, and decisions
themselves being the options that are compared).
This idea is not a new one and has some of its earliest
origins in seminal writings of William James, who,
back in 1890, wrote, “the mind is at every stage a
theatre of simultaneous possibilities.”169
If decision making is the central function of the
brain, many lines of research emerge from its study.
Here, we briefly consider two lines of work that
appear poised to make real progress. First, by conceptualizing decision making as an evolving process that continues throughout movement, we can
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better account for sequential decisions. While the
vast majority of decision-making tasks study single
decisions in isolation, in the real world, the enacting of one decision invariably impacts and leads to
subsequent decisions. For example, a prey fleeing
from a predator may initially choose to flee toward
a tree, but then must decide to climb it, to hide
behind it, or to keep running. These subsequent
decisions are directly impacted by both the current
environment and the animal’s movement through
it. Thus, truly sequential decision making appears to
be an important next step in decision-making theories. Models like evidence accumulation can likely
be extended to show how the evidence from one
decision continues to affect not just the movement
enacting that decision, but also remains available
and biases the next decision.170–173 Second, social
signaling appears to be significantly impacted by
the results of the work reviewed. If movement is the
result of competition between internally represented
choice options, then our movements broadcast our
evolving decision process to the world. Others are
able to pick up on these decision-making signals
simply by observing our movements and are able
to use them to guide their own actions.174,175 This
is a key aspect of body language, gesturing, and
coordination, and might have been an important
mechanism for the evolution of humans as a social
species.
If sequential decision making and social signaling are two questions, we seem better equipped to
address, countless other conundrums are enticing
and unsolved. For example, How do we account
for decisions that do not require an action? What
competes during decisions that require the complex coordination of multiple actions and many
effectors?176 What happens during decision making to inhibit an action or to move away from
an object?177–181 And how do we decide when to
begin moving? Such questions pose great challenges
to current decision-making models and ultimately
speak to the difficulty of using neuroscientific techniques and approaches to understand the hidden
inner workings of the human mind. Fortunately,
this difficulty has only added to the adventure of the
expedition.
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