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SUMMARY

Vision is widely used as a model system to gain insights into how sensory inputs are processed and inter-
preted by the brain. Historically, careful quantification and control of visual stimuli have served as the back-
bone of visual neuroscience. There has been less emphasis, however, on how an observer’s task influences
the processing of sensory inputs. Motivated by diverse observations of task-dependent activity in the visual
system, we propose a framework for thinking about tasks, their role in sensory processing, and how we might

formally incorporate tasks into our models of vision.

INTRODUCTION

Visual neuroscientists seek to understand how patterns of light
are received, processed, and interpreted by the brain. Historical-
ly, visual neuroscience has focused intensely on stimuli, exerting
considerable effort to calibrate stimulus presentation, carefully
design and quantify visual stimuli, and to pinpoint exactly how
stimulus manipulations affect neural activity. However, in nearly
all experiments involving an awake observer, there is an addi-
tional component, namely, a task that is explicitly instructed,
learned via training, or automatically performed by the observer
(Figure 1). Often, there is an implicit assumption that the task is
ancillary to the main endeavor of characterizing neural stimulus
selectivity: all that matters is that the carefully controlled stimulus
is accurately delivered to the observer’s retina. Indeed, task in-
structions in physiological studies often amount to “fixate the
small dot at the center of the screen.”

This stimulus-focused mindset can be readily found in classic
treatments of visual neurophysiology, where emphasis is placed
on characterizing stimulus properties, the association of specific
stimulus properties with specific visual areas, and the anatom-
ical and functional organization of the visual pathways.'™ From
these treatments, one might believe that the primary aim of visual
neuroscience is to determine the ways in which neurons encode,
or represent, features of the visual environment. Interestingly,
these characterizations of the visual system typically do not
even mention the task performed by the observer while physio-
logical measurements are made (but see an interesting excep-
tion®). That these characterizations emerged is sensible, given
that many early neurophysiological experiments were conduct-
ed under anesthesia.

The portrait painted by classic visual neurophysiology is that
the visual system is a sophisticated feature extractor, akin to a
camera that is coupled with advanced image processing. While
this stimulus-focused mindset has led to important insights,

there are two fundamental limitations. First, it is well established
that neural activity in the visual system is not invariant to the task.
That is, stimulus-evoked responses—and neural activity more
generally—depend on the task performed by the observer. The
stimulus is therefore not the only relevant variable. Given that
an important goal in visual neuroscience is to predict and explain
neural activity,®’ the task must be taken into account to
construct complete and accurate models. Second, measuring
behavioral outcomes while engaging observers in meaningful
tasks on visual inputs is of central importance in visual psycho-
physics. Although psychophysics and neurophysiology have
been fruitfully connected for a few types of tasks (e.g., attentional
tasks®), in other domains there is a potential disconnect between
psychophysics and physiological studies that do not employ the
same tasks. These complications motivate our main question:
how can we incorporate tasks into our working models of the vi-
sual system?

In this article, we propose a framework for thinking about tasks
and their relationships to sensory processing—a topic that has
been discussed®'? but has not yet been the focus of a review.
We adopt a broad perspective, integrating insights across diverse
domains of inquiry including psychophysics, neurophysiology,
neuroimaging, cognitive psychology, cognitive neuroscience,
computational neuroscience, and philosophy. Our proposal can
be viewed therefore as a synthesis of diverse views across
different fields. Initially, our exposition is general—the concept of
tasks applies to a broad range of sensory, cognitive, and motor
paradigms —but we then narrow our scope to vision-related tasks.
We expect that our framework is applicable equally to studies of
humans, non-human primates, and other animals, with the ca-
veats that running experiments expressly focused on task manip-
ulation might be less practical in animals and that certain complex
tasks may be less feasible to study in animals. Although there is
growing recognition that tasks (and behavior more generally)
should play a larger role in visual neuroscience,'®'*"'* a focused
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“Press button 1 if no
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and button 2 if at least
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Figure 1. Tasks are an integral component

of experiments

In a typical experiment (gray box), the observer
receives a stimulus and a set of task instructions.
Task instructions are interpreted by the observer
and lead to a task, defined as the goal of the
observer and information-processing operations
deployed to achieve that goal (blue dots and ar-
rows). This task is instantiated in neural activity of
the observer. As a result of the stimulus and task,
behavior is usually elicited. Critically, while the
stimulus, task instructions, neural activity, and
behavior are observable, the task is not directly
observable and must be inferred by the scientist
(gold thought cloud). The scientist may favor one
hypothesized task (C) over others (A and B), and
this could be supported by evidence. Note that
some experiments may not involve task in-
structions, but tasks are nonetheless present,
either due to training or due to intrinsic motivation
of the observer.

Scientist

(2) Tasks are distinct from states, defined

treatment of tasks (what they are, how they relate to neural mea-
surements, and so on) is critical for establishing a foundation for
how we might formally incorporate tasks into our models of vision.
The overarching goal of this article is to sharpen our thoughts
about tasks, to clarify what is at stake when we deploy tasks,
and to make the case that the study of tasks is essential for moving
the field of visual neuroscience forward.

WHAT ARE TASKS?

Precision of terminology is critical for avoiding confusions that
might arise when the same word is used to refer to different things
(e.g., “attention,”'®'” “hierarchy,”'® and “causality” '°). The term
“task” is used widely in brain and behavioral research with many
different meanings, depending on the context. Thus, we start by
providing working definitions of a set of basic terms (Box 1). Un-
der our definitions, “goal” refers to the implicit or explicit aim of an
observer in a given context, “strategy” refers to the information-
processing operations being used to achieve that aim, and task
refers to both the goal and strategy of the observer.

It is important to distinguish our definition of task from other
possible definitions of the term:

(1) Tasks are not experimental paradigms, even though it is
common, especially in cognitive neuroscience, to
encounter phrasing like “we ran the movie-watching
task.” An experimental paradigm may help induce a
certain task in the observer, but it is not identical to the
task. Using our terminology, we might say, “We ran the
experiment where the task instructions given to the partic-
ipant are to watch the movie.” The specific task per-
formed by the participant during the experiment (e.g.,
the participant might seek to look at colorful objects) is
not necessarily known to the experimenter.
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as sets of external or internal proper-

ties that persist over time and partly

determine the context in which tasks
are performed. For example, the ability of a security agent
to screen luggage X-rays at the airport might depend on their
internal state—before lunch, they are alert, albeit hungry,
whereas after lunch, they are tired, albeit satiated. These
state changes may impact neural activity and task perfor-
mance, but they do not change the task.
(3) Tasks should not be confused with the functions of neu-
rons or brain regions. For example, it is sometimes said
that the visual system has certain tasks or that perception
involves certain tasks,' but these usages refer to various
functions (or processes) that may be occurring in
the brain.
The effects of tasks are related to, but are not the same as,
the effects of feedback in the visual system. While feed-
back pathways are likely to be deeply involved in the im-
plementation of tasks in the brain,’® feedback is not
necessarily a signature of task-related computations.
For example, consider extra-classical receptive field ef-
fects that are thought to be mediated by lateral and feed-
back connections.?” Such effects can be fruitfully studied
in an experiment where the stimuli are irrelevant to the ob-
server’s task (or even during anesthesia).

E

Itis crucial to distinguish the task intended by the experimenter
from the task actually performed by the observer (see Figure 1).
The former, which we call the experimenter-defined task, is
conveyed through the design of the experimental paradigm and
reflects the point of view of the experimenter. The latter, which
we call the observer’s task, refers to the goal and strategies that
the observer actually adopts and reflects the point of view of the
observer. Forinstance, even if the optimal policy in a given exper-
iment is to choose randomly, an observer might form superstitious
interpretations of the experiment and carry out complex strate-
gies.?® The distinction between experimenter-defined task and
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Box 1. Working definitions of basic terms

Stimulus: an aspect of the physical environment (usually outside but possibly inside the body) that impinges on the sensors of an
organism.

Observer: a biological or artificial entity that processes stimuli from the environment. The observer might exhibit behavior that de-
pends on properties of the stimulus.

Motor act: an output of an observer’s motor system that impinges on the environment.

Behavior: an event for which there is a meaningful interpretation with respect to the organism’s implicit or explicit goals. The event
can have external consequences, such as a motor act, or only internal consequences, such as a change in intention or belief. In
different situations, the same motor act (e.g., raising your hand) might be associated with very different behaviors (e.g., you are
waving hello or you are waving for help).

Information-processing operation: any transformation of information performed by the observer. This includes sensory trans-
formations, cognitive transformations, and motor transformations.

Context: states of the environment, motor acts that the observer can perform, and causal relationships between motor acts and
environmental states.

Goal: the implicit or explicit aim of an observer in a given context. Often, the goal is to achieve a certain behavioral outcome. Ob-
servers may neither be aware of their goals nor understand the strategies they are using to achieve those goals. Note that by
“goal,” we do not mean a normative long-term goal that one might interpret an organism as possessing (e.g., evolutionary goals).
Rather, we mean a goal, typically short term, that the organism has in the current context.

Strategy: the information-processing operations that an observer uses to achieve a given goal.

Task: the goal and strategies used by an observer in a given context. Tasks can be hierarchical and consist of multiple subtasks
(e.g., the task of grabbing an apple consists of identifying the apple, orienting the hand to grab the apple, initiating the movement,
and so on). Tasks need not involve desire (internal motivation), volition (they may be relatively automatic), or an externally observ-
able motor act. Exactly how to individuate tasks, as well as determining when one task has switched to another, is a challenging
theoretical question.?’

Task instructions: the information provided by an experimenter regarding the task the experimenter wants the observer to
perform. This information is often communicated in spoken or written form to human observers and in non-verbal form (e.g.,
task cues) to animal observers. Sometimes, task instructions specify not only the desired goal but also the specific strategy (in-

formation-processing operations) to be used.

observer’s task is reminiscent of the broader point that “what is
meaningful from the point of view of the organism need not be
from the point of view of the scientist studying it, and vice versa.”**
Misalignment of tasks can happen if observers engage in other
tasks besides the experimenter’s task (e.g., thinking about the
purpose of the experiment, daydreaming, planning the rest of
one’s day, etc.). Alternatively, task instructions might be ambig-
uous or interpreted differently by different individuals. In fact, un-
der our definitions, two observers who execute identical motor
acts but use different information-processing operations (strate-
gies) to accomplish those acts are performing different tasks.
Because of these various considerations, it is important to
remember that the descriptions scientists use for the tasks they
incorporate into their experiments are fallible: they embody hy-
potheses regarding the operations executed by an observer,
and these hypotheses may neither be correct nor complete and
therefore must be tested.

HOW DO TASKS AFFECT ACTIVITY IN THE VISUAL
SYSTEM?

Role of tasks in visual neuroscience

Suppose that neural activity in the visual system was solely
determined by the stimulus (i.e., the patterns of light impinging
on the retina). Then, the visual neuroscientist would have the
clearly defined job of measuring and characterizing the stim-
ulus-response mappings implemented by neurons in the

various visual areas. These mappings are often described in
terms of tuning curves along one or more stimulus dimensions,
where a tuning curve might consist of a stimulus value that
maximally drives the neural response, a bandwidth over which
responses maintain their strength, a baseline response level,
and a gain parameter characterizing the maximum response
level. But if the task of the observer affects neural activity,
two qualitatively distinct factors—namely, the stimulus proper-
ties present (stimulus) and the observer’s goal and strategies
for achieving that goal (task)—must be jointly considered
when interpreting neural activity. This complicates the situation
because the neuroscientist must then grapple with a number of
questions. Do observed tuning curves depend on the task?
Might some tasks actually change tuning curves, through anin-
crease in gain or bandwidth, or perhaps even a tuning shift? Is it
possible that a certain tuning curve arises only when the
observer performs a particular task?

A common strategy for dealing with the possibility of task influ-
ences is to engage the observer in a highly demanding fixation
task in which the stimuli chosen for the experiment are irrelevant
(e.g., a task involving rapid serial judgments on a small fixation
cue). The motivation for this approach is to attempt to achieve
neural responses that are free of task influences and hence inter-
pretable as reflecting pure sensory processing. We term such
tasks “control tasks” (see Box 2), as they are intended to control
the behavioral state of the observer and reduce the possibility of
its confounding influence. One way to view these tasks is that
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Box 2. Types of experimenter-defined tasks

Note that the categories proposed below are not mutually exclusive (e.g., naturalistic tasks are often continuous tasks). The goal of
this survey is to help the reader navigate tasks used in the literature, not necessarily to develop a formal taxonomy of tasks.
Perception-focused tasks: observers are instructed or trained to report on aspects of their perception of a viewed stimulus. This
can pertain to either low- (e.g., orientation and color), mid- (e.g., contour, texture, and slant), or high-level (e.g., category and ani-
macy) stimulus properties. The theory is that the task generates behavioral data that enable the scientist to make inferences about
the brain’s sensory representations.

Cognition-focused tasks: studies in psychology and neuroscience often use tasks that operationalize and target a specific cogni-
tive phenomenon such as attention, memory, or decision-making.>”-*® Experiments often involve simple controlled stimuli whose
properties are manipulated to produce variation in behavior. Examples include varying the duration of a presented scene and
measuring how well an observer can assess properties of the scene”® and varying a spatial attention cue and measuring contrast
sensitivity at different visual field locations.*°

Classic psychophysical tasks: early work in visual psychophysics led to the development of detection and discrimination
tasks.?' In the widely used two-alternative forced-choice task paradigm, the observer is forced to choose between two options,
even in very difficult (or impossible) situations. Typically, the goal is to discover properties of internal stimulus representations,
guided by signal detection theory.

Control tasks: studies in visual neuroscience often attempt to control behavioral state by encouraging the observer to process
visual stimuli using a seemingly generic task, such as an oddball detection task®? or one-back task.*> Additionally, studies some-
times use tasks that de-emphasize the visual stimuli chosen by the experimenter. These range from highly demanding tasks such
as performing rapid judgments on a central visual cue®* to less demanding tasks such as maintaining central fixation.*
“Resting” tasks: resting-state experiments are widely conducted in the field of neuroimaging. These can be construed as
involving a task even though it is common to distinguish between resting-state fMRI and task-based fMRI. This is because explicit
goals are conveyed to the observer (e.g., “stay still, stay awake, stare at the cross, but otherwise rest”). Furthermore, despite task
instructions, the observer may nonetheless engage in a number of uninstructed tasks,*®>” which can lead to complications if the
experimenter assumes that nothing is occurring during rest.

Continuous tasks: many experiments use rigid trial structures where brief, discrete events are conducted with breaks between
successive events. Recently, some researchers have explored continuous psychophysics tasks in which stimuli are continuously
presented and behavioral measures are continuously obtained, providing efficiency gains and mirroring what occurs in naturalistic
contexts.*®*° Examples include tracking a moving luminance-defined target®® and tracking the focus of expansion in a field of
dots.*°

Naturalistic tasks: tasks that biological organisms have in the real world,"' as opposed to ones that are typically studied in the
laboratory. Examples include navigating, foraging, fighting, and reproducing.”**>** Naturalistic tasks involve rich dynamic stimuli
and are complex (the visual system is just one of many systems involved) and continuous (behavior is continually relevant
over time).

Natural behavior tasks: with the advent of technology enabling wireless electrophysiological recordings, recent studies have
conducted experiments in which organisms behave freely while brain and/or behavioral data are acquired.*~*° The key difference
with respect to naturalistic tasks is the lack of task instructions or task training. Nonetheless, organisms are still engaged in implicit
tasks driven by intrinsic motivations.

Neuron

they divert cognitive processing as much as possible, as if to
render neurons in more central parts of the visual system (e.g.,
extrastriate visual cortex) to behave like neurons in the peripheral
visual system (i.e., retina) where task influences are likely absent
or weak (though arousal may influence retinal activity”®).
Insofar as this diversion is successful, neural activity is viewed
as building sensory representations, that is, performing
information-processing operations that transform the stimulus
into more useful formats.?®

While control tasks are extremely valuable for studying sen-
sory representation, they have clear limitations as the sole
approach to understanding vision. Presumably, a major goal of
vision science is to understand how an observer performs tasks
involving visual inputs. Hence, measurements of neural activity
while an observer is engaged in such tasks are of obvious impor-
tance. Viewing tasks as part and parcel of the characterization of
the function of the visual system is perhaps more natural and

4 Neuron 771, June 7, 2023

commonplace in research programs that are more cognitive in
nature. For example, consider the use of vision for spatial naviga-
tion.*” Imagine that a researcher wants to understand how ob-
servers perform spatial navigation but measures neural activity
only during control tasks and not while an observer actually en-
gages in a spatial navigation task! While some types of visual in-
formation-processing operations might be relatively insensitive
to the observer’s task (e.g., construction of orientation represen-
tations in primary visual cortex), below, we draw attention to sit-
uations where this is not the case.

Effect of tasks on stimulus-evoked responses

At some level, the influence of tasks on activity in the visual sys-
tem has long been known. Foundational studies in visual electro-
physiology have demonstrated effects of spatial attention*®*°
and feature-based attention®”°" on the firing rates of single neu-
rons in visual cortex. (Here, we define attention as the selection



Please cite this article in press as: Kay et al., Tasks and their role in visual neuroscience, Neuron (2023), https://doi.org/10.1016/j.neuron.2023.03.022

Neuron ¢ CellPress

i 80 jon tri )
A Os1 Os2 O M1 50 spikes per s c ~ fixation trials D 16 Visual word form area (VWFA)
discrimination trials —_—
— 14 = Fixation task
2 ~— Categorization task
s12 — One-back task
5
g9 1 Word
Q
2 08
4 ® E o8 Face
g 04 Noise
3
T 02
0 MR L HEHE
0 4 6 10100 0 5 8 100 4 6 10 100

P = - =00

Contrast (%)

attend vase

F read letters at fixation attend face

Short trials
Brightening |

<

VISION
tuning strength

' .
wle—— 1.0% _‘:Eken!ri
Object information  Object information LEITT (dig' =
- - * =% Long trials
O / i vBrighteniEng

<

tuning strength

m

Task information
(within task type)

IMAGERY

Task type
information

00

12 4 8

Te<. -
Target: vehicles - spatial frequency (deg-) 5

>-|

Darkening

Figure 2. Examples of the effects of tasks on activity in the visual system

(A) Responses of a single neuron in macaque MT (middle temporal area) to stimulus probes presented at different visual field locations. The task was to maintain
central fixation while detecting a brief change in a target positioned either at S1 (left) or S2 (right). Reproduced from Womelsdorf et al.>? with permission from
Springer Nature.

(B) Split-half correlation of fMRI activity patterns measured while observers performed different tasks on a common set of objects. While above-chance object
decoding (both within and across tasks) was found in EVC, LO, and pFs, task context affected results in all regions. Reproduced from Harel et al.>® under PNAS
license to publish.

(C) Responses of a single neuron in macaque V4 to colored shapes during a fixation task (gaze at a central dot) and a shape discrimination task (judge whether
stimulus shape is same or different compared with a previously presented reference stimulus). Rank-order selectivity differed across tasks. Reproduced from
Popovkina and Pasupathy*® under CC-BY license.

(D) Human fMRI responses in visual word form area to faces, words, and noise at different contrast levels. Observers performed either a fixation task (judge color
of arapidly changing central dot), categorization task (judge category of presented images), or one-back task (judge whether current image is same as previous
image). Reproduced from Kay and Yeatman®® under CC-BY license.

(E) Estimates of voxel-wise semantic tuning obtained while the observer covertly searched for humans (top) or vehicles (bottom) in natural movies during central
fixation. Reproduced from Cukur et al.?® with permission from Springer Nature.

(F) Visualization of fMRI activity in V1 and V2 while the observer either reads rapidly presented letters at fixation (left) or maintains central fixation while attending to
the face (middle) or attending to the vase (right). Colored images (bottom) reflect summation of voxel-wise receptive field estimates weighted by measured activity
(vellow, high; blue, low). Reproduced from Zipser®' under CC-BY license.

(G) Spatial frequency tuning curves estimated from fMRI responses to viewing of actual stimuli (top) and fMRI responses to internally generated visual imagery
(bottom). Imagery-induced responses exhibit stronger tuning to lower spatial frequencies. Reproduced from Breedlove et al.%? with permission from Elsevier.
(H) Optical imaging of blood volume in macaque V1 during a task in which the observer alternates between looking at a tiny fixation point (green periods) and rest
(gray periods). Signal darkening, indicating increase in blood volume, anticipates fixation onsets (black dotted lines) and generalizes across different trial timings.
Reproduced from Sirotin and Das® with permission from Springer Nature.

or prioritization of certain aspects of sensory inputs, such as vi-  tuning curves (ranging from gain effects, additive effects, shifts

sual field location [spatial attention] or other non-spatial attri-
butes [feature-based attention].) For example, using a task that
directs spatial attention can produce shifts in the responses of
a macaque MT neuron to different visual field locations®
(Figure 2A). Human neuroimaging has, in turn, demonstrated
the impact of attention on blood-oxygen-level-dependent
(BOLD) activity in human visual cortex.’>~°° While there is vari-
ability in the specific ways attention has been reported to impact

of contrast-response functions, etc.), when attention is allocated
to a portion of visual space or a visual feature that matches the
tuning of a given neuron, the activity of that neuron is typically
enhanced. Attention, however, is just one of many possible infor-
mation-processing operations involved in the execution of a
task, and other operations might also impact activity in the visual
system. For example, a previous study used images of faces to
map population receptive fields in face-selective regions of
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ventral temporal cortex while observers performed three
different tasks.”’ Large changes in the position, size, and gain
of population receptive fields were observed when the observer
performed a face-specific task on the mapping stimulus (one-
back task on face identity), compared with a fixation task and
also compared with a task in which the observer detected a small
dot superimposed on the mapping stimulus. Although the face-
specific task and the dot task both involved spatial attention,
other operations in the face-specific task (e.g., face recognition,
working memory, etc.) were presumably responsible for the
distinct outcomes observed under that task.

We highlight several other examples of task-related effects on
stimulus-evoked responses beyond attentional effects. We
focus specifically on cases where different tasks were performed
on the same visual stimulus, as this helps pinpoint situations
where activity was contingent on the goal of the observer and
not a consequence of the stimulus itself.>*°° In one study,®®
fMRI responses were measured to different objects while ob-
servers engaged in different perceptual and conceptual tasks.
These authors found that task context (i.e., which task was per-
formed by the observer on a given trial) was best decodable from
activity in frontal and parietal cortex, but it was also decodable to
some degree from visual regions in occipital cortex (Figure 2B).
This demonstrates that visual activity is subject to task modula-
tion (see related studies®~"°). Other studies have provided a
closer look at the tuning changes induced by tasks. A recent ma-
caque electrophysiology study®® demonstrated that the ob-
server’s task can alter selectivity in V4 neurons in complex
ways that cannot be characterized as a simple scaling or additive
effect (Figure 2C). Similarly, a human fMRI study of category-se-
lective visual cortex®® found task-related modulations of
contrast-response functions that do not clearly conform to
classic attentional concepts of response gain, contrast gain, or
additive shifts (Figure 2D). The observed response modulations
were proposed to reflect not attention per se but specific as-
pects of the perceptual decision-making processes in which
the observers were engaged.

Additional examples highlight paradigms that venture away
from vision narrowly conceived and move into more cognitive ter-
ritory. One study®® monitored whole-brain fMRI activity while hu-
man observers maintained central fixation and watched the
same naturalistic movie while performing different tasks. Evoked
activity while observers covertly searched for humans was strik-
ingly different from evoked activity while observers covertly
searched for vehicles, as indexed by large shifts in tuning for
various semantic features present in the movie (especially in
high-level visual cortex and prefrontal cortex) (Figure 2E). Another
study”" investigated word recognition, that is, the process of con-
verting visually presented letter strings into meaningful concepts.
By comparing a lexical decision task (observers judge whether a
presented letter string is a real word) to a closely matched control
task (observers judge the position of a gap in a string of shapes),
these authors provided evidence of highly specific enhancements
in word-selective regions of ventral temporal cortex, suggesting
that cognitive operations specific to language have privileged
top-down control over these word-selective regions. Finally, we
draw attention to the point that even seemingly trivial task-related
modulations may in fact have significant consequences. Sup-
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pose, for example, that a neuron carrying information relevant to
the observer’s task exhibits an overall gain enhancement (e.g.,
an increase in tuning curve gain), compared with the situation
where the information carried by the neuron is irrelevant to the
task. One might conclude that this task-related modulation is
not particularly significant, since the relative selectivity exhibited
by the neuron is unchanged. However, if one considers the pattern
of activity across neurons in a given brain region, it becomes clear
that information content fundamentally changes. As an intuitive
illustration, consider that when spatial attention enhances activity
associated with one portion of an image, it changes the overall
pattern of activity across the image®' (Figure 2F).

Effect of tasks on neural activity more generally

Above, we have considered studies investigating the effects of
tasks on stimulus-evoked responses. For a more comprehensive
characterization of task-related effects, we now broaden our
scope to include task influences on neural activity more gener-
ally. It is well established that modulations of activity in visual
cortex can occur even in the absence of an experimental stim-
ulus. For example, systematic changes in visual activity have
been observed for tasks involving generation of visual imagery®”
(Figure 2G), cue-induced memory recall,”> and allocation of
spatial attention in preparation of an upcoming stimulus.®® In
addition, changes in visual activity have been linked to informa-
tion-processing operations beyond basic stimulus processing
such as maintenance of visual working memory,”>"° predic-
tion,”®"” temporal attention and expectation,”®®° and value
learning.?"®? There are even large changes in visual activity
caused by locomotion in mouse visual cortex®*%* (but not so
much in primate visual cortex®>%). Some studies have revealed
processes that appear related to general characteristics of per-
forming a task. Researchers have observed large spatially
diffuse activity fluctuations entrained to the timing of a task, re-
flecting arousal and/or task engagement®®¢:#8 (Figure 2H). In
addition, the difficulty of a task®*°° as well as fluctuations in
behavioral performance®' have been shown to have signatures
in visual activity. Finally, consider scenarios in which neural re-
sponses are altered after an observer is trained to learn specific
visual contingencies, such as task-relevant categorization
boundaries.?® This is a different, yet interesting, sense in which
tasks affect neural activity, one that is less about moment-to-
moment changes in neural information processing and more
about plasticity of neural response properties.

DIVERSITY OF TASKS USED IN THE STUDY OF VISION

Given that the task of the observer affects activity in the visual
system, an immediate question is how to formally approach
the study of tasks. We believe a good starting point is to survey
the types of tasks that are commonly used in brain and behav-
ioral research (Box 2). It isimportant to note that the task descrip-
tions provided in the box refer to experimenter-defined tasks:
they reflect the point of view of the experimenter and the motiva-
tions and mindsets they bring to their experiments. For intuition,
we illustrate a variety of example tasks that an experimenter
might ask an observer to perform, including cases where
different tasks are performed on the same stimulus (Figure 3).
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Cognition-focused tasks
“Is the number of dots the same as before?”
“Is this word a standard English word?”, \
“Imagine sounds that might be associated with this scene.”

Continuous tasks Naturalistic tasks
“During this movie, keep your

finger pointed at the phone.”

Natural behavior tasks
(no task instructions)

Figure 3. Diversity of tasks that can be performed on visual inputs

Perception-focused tasks
“Is there a person present or not?”
“How rough do the bricks look?”
“What color are the dots?”

“View this picture (feel free
to move your eyes).”
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Classic psychophysical tasks
“Is the orientation of the
grating tilted left or right?”

TN
\

| F
g \/ :
5 \/

Control tasks
“Press a button when the color
of the cross changes.”

L

“Resting” tasks
“Stare at the cross, stay still,
but otherwise rest.”

Here, we show several examples of visual stimuli, ranging from the complex visual inputs one receives while biking (left) to a simple fixation cross (right). The
quoted text indicates different possible task instructions that one might give to an observer. All of these tasks are vision-related in the sense that the goal of the
observer depends on properties of the visual input. However, the tasks are notably diverse, with some tasks being more perceptual in nature and other tasks
being more cognitive in nature. A central thesis of this article is that understanding how the brain executes a rich diversity of tasks involving visual inputs should be

a cornerstone of visual neuroscience.

Experimenter-defined tasks can be understood in terms of
variation along two dimensions (Figure 4). One dimension is
the level of control that the experimenter exerts over the ob-
server’s task. For example, classic psychophysical tasks are de-
signed to tightly control the operations performed by the
observer. This contrasts with studies that use natural behavior
tasks or “resting” tasks, where little or no control is exerted
over the task engaged by the observer.?” The other dimension
is the level of complexity of the task performed by the observer.
Some tasks are relatively simple, involving minimal use of brain
systems beyond the visual system (e.g., an observer judges
the color of a stimulus). Other tasks are relatively complex,
involving the coordination of many different sensory, cognitive,
and/or motor systems (e.g., an observer watches a movie and
remembers the names of the characters).

Above, we surveyed the diverse ways that scientists deploy
tasks in different experiments. But what governs the choice of
task? We suggest that task choice is often driven by practical
considerations. For example, in studies focused on character-
izing low-level sensory tuning properties of neurons, the desire
to minimize eye movements motivates the use of control tasks
that encourage stable central fixation. However, we submit
that task choice could instead be driven by the desire to charac-
terize and understand the information-processing operations
that observers deploy to execute tasks. This motivation empha-
sizes the perspective of the observer and what is actually rele-
vant to them during a given experiment.

Using the lens of information processing, we can reconsider
how one might decide what tasks to use in a given study. In
particular, a basic decision concerns the level of naturalism to
employ. On the one hand, rich, complex, and relatively uncon-
strained naturalistic tasks have ecological validity and are there-
fore interesting to study in and of themselves.”' Moreover, we
may wish to test how well our understanding of the brain derived
from artificial contexts generalizes to naturalistic contexts.?*%°
However, without specially crafted procedures, the complexity
of naturalistic paradigms makes it challenging for the experi-

menter to know what specific information-processing operations
might be in play at any given moment in time. In this respect, we
express caution concerning approaches in which large-scale an-
notations of naturalistic experimental paradigms are used to
interpret neural activity.°®°” Even though such annotations may
be convenient, they may fail to pinpoint the specific processes
engaged by the observer. For example, suppose there is a dog
present in a viewed movie and high levels of neural activity are
observed. Is this neural activity related to building a coarse sen-
sory representation of the dog independent of attentional alloca-
tion, related to attending to the dog and making detailed percep-
tual decisions about the breed of the dog, or perhaps related to
preparation of motor acts such as reaching to pet the dog?

On the other hand, simplified, highly constrained artificial
tasks can impose a valuable “behavior clamp” —that is, they
can be used to constrain the behavior of an organism to such
a degree that the experimenter can have high confidence in iden-
tifying the specific cognitive processes underlying that
behavior.”® We acknowledge there is some risk that highly
contrived, overconstrained behaviors might lead to misguided
lines of research.”® For example, maintaining central fixation
for long periods of time, which has a long tradition in visual psy-
chophysics and visual neuroscience,’ is highly unnatural and
may incur unwanted side effects on the state of the organism
(e.g., fatigue®). But ultimately, we believe that control is para-
mount for the goal of understanding information processing,
and researchers should therefore consider imposing specific
tasks and experimental manipulations on the observer to help
control and constrain their behavior.'*°

HOW CAN SCIENTISTS FORMALIZE AND MODEL
VISION-RELATED TASKS?

From stimulus-computability to incorporating the
observer’s task

Visual neuroscientists have made great progress in building
models that accurately predict patterns of neural activity in the
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A A -
Y »
Low Control exerted by experimenter High

over the observer’s task

Figure 4. Experimenter-defined tasks vary widely in control and
complexity

This schematic illustrates how different kinds of experimenter-defined tasks
vary along two key dimensions: the level of control exerted by the experi-
menter over the actual task performed by the observer (x axis) and the level of
complexity of the observer’s task (y axis). Some boxes are large, indicating a
wide range of possibilities (e.g., some control tasks exert higher levels of
control than other control tasks, some observers may engage in more complex
tasks during “rest” than other observers, etc.).

visual system evoked by visual stimuli,®” with notable advances
made through the use of features found in deep neural networks
trained on computer vision objectives.'®""'% These models
accept images as input and are often referred to as image-
computable, or stimulus-computable, models, which empha-
sizes that they are sufficiently general to generate predictions
of neural responses to arbitrary images.' In light of the obser-
vation that tasks affect activity in the visual system, we face an
acute question: how might we augment stimulus-computable
models to account for the task of the observer? Can we build
upon the remarkable progress in predicting neural responses
that has been achieved in stimulus-based modeling and develop
a new class of models that can predict outcomes—both brain
activity and behavior—for experiments involving arbitrary stimuli
and arbitrary tasks?

Approach for building task models

Below, we propose a Marrian approach'® for formalizing and
modeling tasks. In brief, the scientist attempts to specify the
goal of the observer and the full set of information-processing
operations being used to achieve that goal'®”"'°® and then at-
tempts to assign (map) the information-processing operations
to different aspects of neural activity. In our treatment, models
of tasks, or task models, subsume stimulus-computable models,
because they describe not only how stimuli drive visual re-
sponses but also how other information-processing operations
contribute toward completing a task. The significance of carrying
out this endeavor is that it gives serious consideration to all po-
tential information-processing operations deployed in the
execution of a task.'% Note that the approach we describe is
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not intended to be novel, surprising, or controversial. Indeed,
the approach bears general similarity to what has been termed
model-based cognitive neuroscience''”""" and process models
in cognitive science.''” The goal of our contribution here is to
distill common ideas into a compact presentation.

David Marr'°® specifies three levels of analysis for the explana-
tion of a cognitive phenomenon, and complete explanations
require filling in the details at each level. Here, we take the phe-
nomenon of interest to be task execution by an observer.

(1) Atthe computational level, the scientist develops a formal
description of the goal of the observer. This refers to what
the observer is trying to compute and why,''® i.e., the
functional relevance of the computation for the observer
with respect to the observer’s environment. For many
tasks studied in the laboratory, the goal is a simple motor
act that is contingent on properties of the stimulus. In
these cases, the description of the goal may be a relatively
straightforward input-output mapping. For complex tasks
(e.g., aforaging task), developing a description of the goal
may require substantial effort and characterizations of a
number of subgoals.

At the algorithmic level, the scientist specifies the full set
of information-processing operations that the observer
uses to achieve the goal, cognizant of the possibility
that different observers might employ different operations
(e.g., entirely different cognitive strategies) and the possi-
bility that the same observer might even make use of
different strategies over time."'* Ideally, the specification
would be formalized into a model using mathematical no-
tation and/or software code such that an arbitrary spatio-
temporal sequence of visual inputs could be accepted as
input and a time series of motor commands would be
output. Cognitive ontologies (i.e., formal descriptions of
the types of mental processes and their relationships)
could serve as a useful starting point for specifying oper-
ations that may be present in different experimental para-
digms.""® For experimental paradigms that involve task
switching, it may be critical to consider how the observer
represents the task itself,”’"''® i.e., the configuration of in-
formation-processing operations constituent of the task,
sometimes referred to as task set.

At the implementational level, the scientist uses measure-
ments of neural activity to propose possible assignments
(mappings) between specific information-processing op-
erations and specific aspects of neural activity (e.g., ac-
tion potentials, calcium signals, local field potentials,
and hemodynamic signals) occurring in various brain
structures (e.g., cortical areas, layers, and columns).
The underlying presumption is that neural activity is a
physical signature of the execution of information-pro-
cessing operations. The situation, of course, might be
complicated: a single operation might be reflected in
distributed activity across multiple brain regions (e.g.,
storage of working memory in sensory, parietal, and pre-
frontal cortex''”), multiple operations might be reflected
in the activity of a single brain region (e.g., mixed selec-
tivity for task-relevant variables in prefrontal cortex''®),
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and the implementational substrate may be essentially
dynamical, with computations achieved by trajectories
through a neural state space.’'%12°

Example of task modeling approach

Let’s consider an example to help illustrate these general princi-
ples. Consider a simple task in which the observer is presented
with a series of images and presses a button for each image, indi-
cating whether a person is present (“yes” button) or not (“no” but-
ton). To build a task model, the scientist must fill in details at all
levels: computational, algorithmic, and implementational.

Details at the computational level concern the overarching
goal of the observer in this situation. What are the overall objec-
tives that are being fulfilled? Part of the goal description consists
in a specification of which images count as containing a person,
and this would address borderline cases such as barely visible
persons. Without explicit instruction or training from the experi-
menter, the observer presumably forms some internal criterion
according to which decisions are made. We might try to infer
the nature of this criterion from the patterns of button presses
made by the observer; this analysis might also reveal periods
of time when the observer is not engaged in the task. The goal
description might also include a timetable of the speed and fre-
quency at which motor commands are to be issued.

For the algorithmic level, the scientist must form hypotheses
regarding the information-processing operations deployed by
the observer to achieve the goal. Visual operations are obviously
involved, and the functional role of these operations could be to
supply a signal that indicates the likelihood that a human body is
present in the image. Alternatively, it might be the case that the
observer performs the task based on detection of faces. Besides
visual operations, a range of other operations may play a role in
the task. For example, the observer might deploy a top-down se-
lection process (e.g., feature-based attention) to help find rele-
vant visual information, a decision-making process to manage
the visual signal, and an action-selection process to determine
which button is ultimately pressed. All of these are distinct com-
putations that require their own formalization in terms of how
signals are transformed and how signals from different informa-
tion-processing operations interact with one another.

Finally, the scientist must specify details at the implementa-
tional level. Insofar as high-quality measurements of the ob-
server’s brain are available, the scientist must determine which
information-processing operations are consistent with the brain
data, and discover how the neural circuitry carries out the oper-
ations. Many important questions must be resolved. For each
brain region, what input-output transformations is that region
executing? Are there multiple operations that influence activity
in this region? If the observer is disengaged from the task (or is
performing a different task), what would the brain data look
like? What brain region deploys top-down selection, and how
and when does this happen? How do neural circuits manage
the speed and resolution of the decision-making process?

Practical challenges of task modeling
The modeling approach we have proposed places deep
emphasis on analyzing the structure of tasks. It suggests we
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should give as much consideration to the analysis of tasks and
behavior (computational and algorithmic levels) as we give to
the study of neural signals (implementational level), a point that
has been compellingly argued by others.”® A good example of
productive work conducted at the computational and algo-
rithmic levels in the context of vision comes from Land and Hay-
hoe,'*'?" who performed detailed analysis of eye movements
and behavior while human observers prepared food (Figure 5).
This work delivers rich theory that describes information-pro-
cessing operations that may be at play during food preparation;
developing such theory provides a useful starting point for inves-
tigating mechanisms implemented by the brain for completing
such a task.

Although our proposed approach for modeling tasks is sim-
ple to state, there nonetheless exist deep practical challenges.
Building task models is not as straightforward as building stim-
ulus-computable models. Whereas stimuli are directly observ-
able and can serve as a common starting point for different
models, tasks must be inferred (e.g., from behavioral data)
and thus are already subject to debate. We also highlight the
challenge of establishing rigorous connections between hy-
pothesized information-processing operations and neural activ-
ity. The field has demonstrated promising initial approaches
toward making these connections, for example, in the form of
encoding models that construct linear mappings between
model features and neural activity’*> and representational
similarity analysis (RSA),'”® which matches model features
and neural activity at the level of similarity between pairs
of experimental conditions. However, we suggest there is
further work to be done here: encoding models involve flexible
learning of weights, which can lead to distortions of sparsity
and dimensionality’®* and interpretation challenges more
generally,'?>"?° while RSA may be overly coarse and discard
too much information.'#* 2"

TASKS IN COMPUTER VISION AND ARTIFICIAL
INTELLIGENCE

In computer vision and artificial intelligence (Al), the term task is
heavily used, and it is common to speak of models as performing
tasks, being optimized for certain tasks, exhibiting successful
transfer to novel tasks, and so on. A now classic example is
the AlexNet artificial neural network (ANN) model trained to
perform an object classification task.'?® There has been intense
interest in the application of ANN models to neuroscience'*°—in
particular, task-optimized deep convolutional ANNs as potential
models of the ventral visual pathway.'*%'®" Given this interest, it
is important to consider similarities and differences between the
conceptualization of tasks coming from Al and the one described
in this article. In Al, usage of the term task emphasizes the ability
to transform a given input (e.g., an image) into some desired
output (e.g., a content label). This input-output sense of task is
consistent with our description of the goal component of tasks
(see Box 1). Thus, we are happy to consider ANNs as performing
tasks, insofar as we are willing to consider mathematical objects
and software code as having goals. This leads us to a critical
question: do ANNs count as full-fledged task models, satisfying
all of the requirements proposed in this article?
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Figure 5. Example of task analysis based on
behavioral data
(A) Scan path of a human observer’s eyes as the

observer makes a sandwich. Dots indicate fixa-
tions.

(B) Hypothesized systems involved in executing
visually guided action sequences, like those
involved in the sandwich-making task. This model
was developed based on analyzing and interpret-
ing data like those shown in (A), with particular
emphasis on the precise timing of eye movements
relative to motor acts. The depicted operations
characterize the task at the computational and
algorithmic levels of description. Reproduced from

Land'? with permission from Cambridge Univer-

sity Press.
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There is a sense in which ANNs are compatible with our pro-
posal for task models. We can view ANNs as a model class
that subsumes a large number of model instantiations, each con-
sisting of multiple interacting units that transform information ac-
cording to certain linear and nonlinear operations. In this sense, it
is certainly possible that there exists an ANN that is capable of
performing a wide array of vision-related tasks and that mirrors
how a biological organism performs these tasks. Compared
with the organism, the ANN could be similarly trained and in-
structed on various experimental paradigms, could manifest
similar goals, and could achieve these goals using similar strate-
gies. Hence, our call for building task models does not neces-
sarily break with ongoing development of ANNs in computational
and systems neuroscience. 2%~ '%"

However, there are important senses in which ANNs, at least
in how they are typically developed and used, are not satisfac-
tory candidates for task models. Although ANNs perform tasks,
they are not necessarily models of tasks. According to our pro-
posed framework, building a task model involves providing de-
scriptions of the information-processing operations that are
used to achieve goals; hence, there is an interpretive or explan-
atory component of the modeling endeavor.’®? Since it is
generally difficult to interpret the operations carried out by
ANNSs,"®®* ANNs may fall short of the expectations we have for
a task model. Along these lines, it is useful to consider the
distinction between a model in the sense of an object that
serves as a comparison for a system of interest and a model
in the sense of a substantive description of a system of interest.
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emphasize interpretive insights and ver-
bal explanations'%®'?° and instead cast
understanding in terms of ANN proper-
ties such as architecture, objective func-
tions, and learning rules.'?° However, we
continue to champion the importance of investigating, identi-
fying, and dissecting information-processing operations when
building models and comparing them with the brain."**

Another challenge for ANNs as potential task models concerns
the scope of the phenomena they characterize. ANNs may pro-
vide useful characterizations of computations underlying a given
brain region or psychological process of interest, and they may
successfully account for experimental observations in certain
situations. But we should be cognizant of the full set of potential
operations that an organism might bring to bear across different
situations. To illustrate, consider the phenomenon of object
recognition. From an Al perspective, object recognition might
be operationally defined as the successful computation of an
appropriate object label. This definition is well matched to thinking
of object recognition as a function of a brain region (e.g., infero-
temporal cortex), in the sense of transforming sensory inputs
into a representation where object category is linearly decod-
able.?® But when considering object recognition in the full sense
ofatask, there are additional phenomena that come into play. Op-
erations that may intervene between sensory inputs and meaning-
ful recognition behavior include not only visual representations
but also semantic access, perceptual decision-making, memory
retrieval, metacognition, and so on. Certain experimental para-
digms can help draw out these operations for deeper study: for
example, a human judging the content of a perceptually ambig-
uous stimulus (e.g., the face-vase illusion) may engage in a variety
of cognitive operations (e.g., visual imagery) that may not be
strongly engaged in more conventional paradigms.
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To be clear, there has been substantial progress in advancing
ANNs as possible models of brain computation, and there
continue to be many creative ways in which ANNs can be used
as investigatory tools. Our enumeration of challenges (concern-
ing interpretation of information-processing operations and
scope of modeled phenomena) does not preclude the possibility
that ongoing and future research may overcome these chal-
lenges. In particular, besides task-optimized deep convolutional
ANNSs, other flavors of ANNs developed in the cognitive science
literature'®>"*® might help forge closer links to tasks (in the sense
discussed in this article) and cognition.

PROGRESS IN MODELING VISION-RELATED TASKS

We now turn to specific lines of research that have made sub-
stantive progress in modeling tasks, focusing on those that are
relevant to vision. We briefly discuss these lines of research,
highlighting their successes, limitations, and relationship to our
proposed approach. A valuable contribution of this discussion
is to reveal conceptual links across disparate types of research.

Signal detection theory

Signal detection theory (SDT) is commonly used to model detec-
tion and discrimination tasks in psychophysics."®” SDT posits
that the observer transforms a noisy sensory observation into a
probabilistic decision variable and uses some criterion to deter-
mine a discrete behavioral choice (e.g., “target present” or
“target absent”). While SDT has been highly successful in vision
science, SDT has important limitations as an approach for
modeling tasks. First, SDT describes task execution at only
the computational and algorithmic levels, although there
has been some work pertaining to how SDT might be
implemented neurally; notably, the lower envelope hypothesis
posits that perceptual thresholds measured in psychophysical
experiments are determined by the most sensitive neuron in a
population.”**7'*9 Second, SDT models are highly simplified
(by design), with neither a concept of time nor straightforward
methods for generalizing from simple one-dimensional repre-
sentations to the high-dimensional representations that are
more representative of naturalistic perception. Most critically, it
is not clear how to extend SDT beyond detection and discrimina-
tion tasks to model the full diversity of possible tasks (see
Figure 3). For example, can the complex perception-action
loop involved in, say, riding a bicycle be modeled as a series of
detection and discrimination tasks?

Drift diffusion models

Like SDT, drift diffusion models (DDMs) provide a framework for
modeling certain types of decision-making tasks. DDM can be
viewed as a temporal extension of SDT in which the acquisition
of multiple observations over time is explicitly modeled. The core
idea underlying DDM is that the observer accumulates evidence
(which might be noisy) over time until some bound is reached, at
which point the decision is made.'*' There is a long history of
success in using DDMs to account for choices and reaction
times in perceptual decision-making paradigms,’*? including
demonstration of a remarkable correspondence between firing
rates in macaque lateral intraparietal area and the evidence-
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accumulation process hypothesized in DDM.'*® However, like
in SDT, there are likely limits on the tasks that can be modeled
using DDM. Random dot motion paradigms (often used to study
decision-making) are immensely useful but highly simplified and
perhaps overly tailored to the DDM framework. Another limita-
tion is that implementations of DDM are often not stimulus-
computable (the labels used by the experimenter are assumed
to correspond to the actual sensory inputs), and generalization
to more complex stimuli therefore remains difficult to assess. A
final limitation is that while DDM explicitly addresses time in neu-
ral computations, it does not address the complexities of time in
behavior. Trial-based paradigms, like those used in many
random dot motion experiments, consider a single binary deci-
sion made by the observer; however, it is of high interest to un-
derstand tasks in which the observer makes high-dimensional
decisions continuously over time, mirroring what occurs in natu-
ralistic tasks.*°

Ideal observer analysis

Ideal observer analysis (IOA) has been used to model visual tasks
in which the observer judges some property of a presented
image.'**'*> 10A requires a precise specification of the goal
(e.g., detect whether a target is present in a natural image patch),
the possible visual stimuli that might be presented, and any bio-
logical constraints that may be present. The result of IOA is a
description of the optimal algorithm that an observer might use
to achieve the goal (e.g., which visual features should be ex-
tracted and what operations to perform on those features). IOA
has delivered important insights into biological vision, especially
when coupled with analysis of natural scene statistics.'*%'*”
Also, many IOA models are stimulus computable. However,
the conceptualization of tasks in I0A is narrower than what we
have presented in this article. IOA, at least thus far, has primarily
focused on sensory properties and how observers estimate
these properties. The types of tasks used in IOA experiments
are aimed toward isolating perceptual judgments and tend to
strip down the behavior of the observer, removing time (but
see Straub and Rothkopf'“® where bounded actor models are
used to study perception-action loops). Second, IOA is aimed
at the computational and algorithmic levels, and there is limited
work relating IOA to the implementational level (but see excep-
tions'“%"°%)_ Finally, much of the power of IOA stems from the
assumption that observers are indeed optimal or near-optimal
in a given task, but this may not necessarily hold in general.

Partially observable Markov decision processes

In computational reinforcement learning, tasks are often formal-
ized using partially observable Markov decision processes
(POMDPs).""-52 A POMDP is a specification of a set of states,
a transition function between states, a reward function, a set of
observations from which states are inferred, and a set of possible
actions.">® On the basis of the POMDP and a given loss function,
the agent learns a policy that dictates which action to take given
the state that the agent is in. For example, we might imagine an
experiment where the observer is presented with two colored
oriented gratings, color and orientation indicate various proba-
bilities of receiving a reward, and the goal of the observer is to
maximize reward through appropriate choice of stimuli. The
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task in this experiment can be formally modeled using a POMDP
specifying how two states (“good” and “bad”) are related to the
observations (gratings). Although atypical in vision science,
POMDPs are appealing as a rigorous and general framework
that might accommodate a wide diversity of tasks. However,
the POMDP framework adopts a very different perspective on
tasks compared with what we have laid out in this article.
POMDPs provide a top-down specification that describes the
rules by which an experiment unfolds and how an agent might
behave in the paradigm. This top-down perspective may over-
look what the actual task of the observer is (from observer’s
perspective). Furthermore, POMDPs do not include specifica-
tion of the information-processing operations used by observers
to execute their goals, although it is possible to augment a
POMDP with specific proposals (a classic example being the al-
gorithm of temporal-difference learning'*'°%).

Other modeling ideas

As discussed above, SDT, DDM, IOA, and POMDPs are inter-
esting and productive lines of research but have limitations as
general approaches to modeling tasks. Hence, we believe the
broad endeavor of modeling tasks is still in its infancy, and novel
and creative techniques will be critical for forward progress. A
number of interesting methods have been demonstrated that
may assist in the quest to develop task models. Recent studies
have begun tackling the challenge of how a model that performs
different tasks even “knows” what task it is performing. One
approach in the context of an ANN model that is able to perform
many tasks is to use an input unit that codes the current task.'*°
A different approach is to use natural language embeddings of
task instructions,’®”"'°® an approach that naturally permits
generalization to novel tasks.

Other recent studies have used data-driven approaches to
advance model development. In one study, visually evoked re-
sponses during a task in which attention is diverted away from
the stimulus were exploited as a measure of pure sensory evi-
dence in the context of a decision-making model.>® This study
also demonstrated an approach in which neural activity in a spe-
cific brain region (intraparietal sulcus) is exploited as a measure
of a latent cognitive process (top-down perceptual enhance-
ment) and formally incorporated as an input into a computational
model. In another study, a diverse set of experimental paradigms
was quantitatively modeled using features obtained by corre-
lating neural activity observed during each paradigm with activity
taken from a meta-analytic database of neuroimaging results.'*°

It has been theorized that the visual system infers latent
causes of sensory inputs through the use of probabilistic gener-
ative models of the environment.'®° Along this line of thinking,
one approach is to design stimulus and task manipulations
and modeling procedures to probe these generative pro-
cesses.'®""'%? Finally, consider the classic Bubbles technique
in which different portions of a stimulus are randomly exposed
while the observer attempts to make a certain judgment.'®®
This technique has the useful function of isolating the specific
parts of the stimulus that are actually used by the observer to
perform a task. The identified stimulus parts can then be inte-
grated with brain data in an attempt to pinpoint where, when,
and how task-relevant information is processed.’’®'®* The
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long-standing hypothesis that tasks influence perceptual pro-
cessing by constraining behaviorally relevant stimulus features®
parallels overall themes in this article.

CONCLUSIONS AND FUTURE OUTLOOK

In this article, we have offered a broad perspective on the
concept of tasks, reviewed the diverse ways that tasks impact
neural activity in the visual system, and outlined an approach
for the formal modeling of tasks. To make our perspective
more concrete, we suggest three action items for future
research. First, we should keep in mind that observations of neu-
ral activity in a given study may depend on the specific task per-
formed by the observer. Moreover, if a neural response property
is found to change across conditions or participants, we should
consider differences in the task performed as a potential cause,
as opposed to differences in stimulus processing per se. Sec-
ond, to better understand the visual system, we should sample
stimulus-evoked responses under a wide range of tasks. Any
observation of response variability across tasks should be
embraced, not ignored, nor downplayed. Third, we should build
models that incorporate both the stimulus and the task of the
observer. In particular, we have proposed a modeling approach
in which tasks are decomposed into formally specified goals and
associated information-processing operations and then mapped
to neural activity.

We offer a few remarks to ensure the clarity of our overall mes-
sage. While we have reviewed studies that demonstrate the
effects of tasks on neural activity in the visual system, it is impor-
tant to put these effects into perspective and to accurately assess
the size and nature of the effects. For example, category prefer-
ences in high-level visual cortex are maintained across different
tasks,®® and face-related cortical activations occur even when
the observer is anesthetized.'®® Moreover, useful progress in un-
derstanding response properties in the visual system has been
made using control tasks. In particular, substantial mileage has
been gained in building quantitative links between neural re-
sponses in the ventral visual stream during control tasks (e.g.,
an observer maintains central fixation while brief images are pre-
sented) to certain object-recognition behaviors.'®® Our main
contention is that tasks are important, not because they contribute
to massive amounts of variance in neural activity (the effects might
be relatively small in some particular brain region), but for the
deeper reason that they reflect critical information-processing op-
erations engaged by the observer and are worthy of study in and
of themselves. While control tasks provide a useful starting point,
we should extend the scope of our investigations to a wide range
of sensory, cognitive, and motor tasks (e.g., tasks involving eye
movements, cognitive judgments, temporally extended goals, or
motor goals) to improve our understanding of visual processing.
The broader philosophical point here is that there is no pure
vision'®”: the visual system is not an isolated brain system that
builds representations of the world detached from other concerns.
Rather, the visual system is closely and deeply integrated with
other brain systems in service of achieving the goals of the
observer, especially action-related goals.'"'?

Looking ahead, we suggest that placing special consideration
on time will be crucial for progress in building task models.
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Biological organisms operate in dynamic environments and un-
der time constraints. To be complete, models will need to
specify, for example, how information is selected or attended
over time, that is, the deployment of temporal attention”®'°%;
how variations in behavioral performance might manifest over
time*'; and how engagement with the task might itself fluc-
tuate.®”'% In fact, depending on time constraints, the same
set of task instructions may lead to differences in how informa-
tion-processing operations are deployed,'”® with a well-known
example being the attentional blink.'”" We further suggest that
comparing models of different tasks could provide major in-
sights. Experimental studies targeting seemingly different phe-
nomena might actually be probing common operations and neu-
ral mechanisms (e.g., the overlap between working memory,
spatial attention, and visual imagery'”>'"®), and building formal
models may help scientists generalize across tasks and may
unify different experimental traditions. Along these lines, there
is evidence that common reusable components (compositional-
ity) underlie the execution of diverse tasks. %7175

Thinking deeply about tasks has implications for other topics
in visual neuroscience. It is commonplace to conduct open-
loop experiments in which stimuli are presented briefly, and
the observer makes some judgment on the stimulus. However,
if we allow eye movements and other motor acts—thus closing
the loop®*—it becomes clear that tasks affect even the earliest
stages of sensory processing that occur in the retina. This is
because the task of an observer exerts strong influence on
where in an environment the observer looks.'"'"%""7 Hence,
even the study of low-level sensory processing is not immune
to the influence of tasks. Consider, for example, theoretical in-
sights into early visual processing that have been gained by
analyzing the statistics of natural stimuli.’”® This line of research
might benefit from considering variations in stimulus statistics
that one might experience depending on the task performed. Ef-
forts to collect databases of naturalistic sensory inputs while ob-
servers navigate and act in the real world may be particularly
useful in this regard.*® 797181

There are also important implications of tasks for visual devel-
opment. Over the course of development, there are extensive
changes in the repertoire of tasks that are performed by an individ-
ual. These changes in tasks are partly the result of maturation of
basic visual functions such as acuity, stereopsis, motion percep-
tion, and contour integration—what an infant can see will deter-
mine how they engage and interact with the world.'®* 8% Changes
in tasks are also influenced by developmental milestones, such as
movement-related maturation (e.g., sitting up, crawling, and
walking), which dramatically alter the sensory inputs received by
an individual.'®~"%® Qualitatively new tasks, in the form of novel
ways of exploring one’s environment and physically interacting
with objects and people, enable in turn an influx of new sensory
experiences. For example, typical visual experience over the first
post-natal year shifts from scenes containing primarily faces and
nondescript backgrounds to those with hands and objects.'®”
Thus, task dynamics are embedded within a developmental tra-
jectory, '® with complex bidirectional interactions between tasks,
sensory inputs, perceptual abilities, and motor abilities. Measuring
and modeling these intertwined phenomena constitute a long-
term objective for visual neuroscience.

¢? CellPress
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