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Abstract

Do goals, beliefs and desires affect visual experience? This question has long been
controversial in cognitive science. There exists extensive literature documenting motivational
effects on perceptual reports, but these findings could reflect biases in what people report
seeing rather than what they see. Here, we propose that examining the underlying
neurocomputational processes can provide new perspectives on this long-standing debate.
We review evidence suggesting that motivation biases both perception and action, but does so
via distinct neural systems: amygdala and locus coeruleus-norepinephrine activity enhances
sensory representations for desirable stimuli, while striatal dopamine biases action selection
toward goal-congruent actions. The neurocomputational approach provides a framework for
advancing a mechanistic understanding of motivated seeing and how these biases are shaped
by context.
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The Intersection of Motivation and Vision

Imagine watching a close tennis match, where a crucial line call could decide the outcome of
the game. The ball lands near the edge of the court, and fans on opposing sides insist that they
saw it land either “in” or “out,” depending on which player they support. One possibility is that
motivation biased the fans to see the outcome favorable to the player they root for. Another
possibility is that the disagreement reflects biased subjective reports, rather than a genuine
difference in perceptual experience.

Do goals, desires, and beliefs influence what people see? This has proven to be an enduring
question in cognitive science [1-4]. In the 1940s-50s, the New Look movement challenged the
then-prevailing notion that perception is a purely bottom-up process, arguing instead that
perception is shaped by goals and needs [5]. For example, a seminal study found that 10-year-
olds, particularly those from lower socioeconomic backgrounds, consistently overestimated
the size of coins, which was interpreted as evidence that heightened subjective value
influenced perceived size [6]. However, these studies were often faced with methodological
critiques, with skeptics arguing that the effects could be explained by non-perceptual factors,
including differences in familiarity, biases in what people remember, and decision biases [3,7-
9]. With no convincing response to these criticisms, enthusiasm for the New Look waned,
leaving the question of whether motivation affects perception unresolved.

The turn of the 21st century witnessed a renewed interest in the topic, with studies showing
that ambiguous images are more likely reported as the interpretation associated with desirable
outcomes [10,11], desirable objects are judged as closer [12], and physiological needs, such
as thirst and hunger, speed up the recognition of words associated with satisfying those needs
[13,14]. Nevertheless, much of this work has relied on participants’ subjective reports as the
primary dependent measure. Without direct access to an individual's perceptual experience, it
remains challenging to determine whether motivation truly alters perception. This limitation
highlights a fundamental challenge in understanding the relationship between motivation and
visual processing.

Techniques in neuroscience and computational modeling provide powerful new tools to probe
the mechanisms underlying perception. These include methods for measuring neural activity
during visual processing and computational frameworks that link motivational states to
sensory processing and decision-making. A central goal of this review is to advance a
neurocomputational framework for studying how motivation shapes perceptual reports. By
integrating behavioral, computational, and neural evidence, we propose a model in which
motivation shapes perception and action through distinct neural pathways. Here, we focus on
the phenomenon of motivated seeing, where individuals are biased to report perceiving
desirable stimuli, but the approach is broadly applicable to investigating other motivational
effects on perception.

A Neurocomputational Approach

A neurocomputational approach uses computational models to decompose observable
behavior into latent cognitive processes, which are then mapped onto neural activity to identify



the computational role performed by neural structures. This approach is particularly valuable in
the study of motivated seeing, as the same subjective report can result from distinct underlying
processes. By combining computational model-fitting with neural data, we can dissociate
these processes and examine how they are influenced by motivation.

Neurocomputational approaches have been highly successful in uncovering the cognitive and
neural mechanisms underlying perceptual decision-making [15—-17]. Perceptual decision-
making refers to the act of selecting one option from a set of alternatives based on available
sensory information. In the brain, sensory information is encoded in sensory areas and
accumulated in downstream frontoparietal regions to determine a discrete response [18-20].
The decision process is well-described by mathematical models that formalize evidence
accumulation as sequential sampling and integration of evidence towards a decision bound
[21]. These models, known as “sequential sampling models,” provide a unifying theoretical
framework for the study of perceptual decision-making across species (e.g., humans,
monkeys, and rodents), sensory modalities (e.g., visual, auditory, and tactile) and
measurement tools (e.g., single-unit recordings, EEG, and fMRI) [22,23].

The drift diffusion model (DDM) is a widely used variant of sequential sampling models that
has been shown to account for behavior and neural activity during perceptual decision-making
[24] (Box 1). It assumes that perceptual decisions are determined by the noisy accumulation of
sensory evidence over time. When the evidence crosses one of two decision bounds, the
corresponding response is made. Within the DDM framework, bias in perceptual decisions can

arise from at least two distinct mechanisms [25]. First, the starting point of evidence
accumulation can be shifted towards one of the decision bounds. This reduces the amount of
evidence required to make a response, and is typically associated with a response bias

independent of sensory processing. Second, the rate of evidence accumulation (i.e., the “drift
rate”) can be biased in favor of a response, and reflects sensory evidence accumulating faster
for one response than the other.

We define perception as the process by which sensory inputs are transformed into internal
representations that support experience and behavioral responses. This includes sensory
encoding and the integration of sensory evidence, but excludes non-sensory choice processes
or memory distortions that shape retrospective judgments. If motivation alters perception, we
expect to see specific patterns across behavioral, computational, and neural analyses.
Behaviorally, motivation should bias perceptual reports even in situations when there is no
benefit to reporting the desirable outcome. Computationally, a perceptual bias should
manifest in processes associated with sensory encoding and integration. Neurally, motivation
should modulate activity in sensory areas, which in turn predict behavior on a trial-by-trial
basis. A neurocomputational approach that assesses convergence across behavioral
outcomes, computational analyses, and neural measures would thus enable stronger
inferences about the nature of motivated seeing.

Evidence supporting motivational effects on both perception and response



Motivated seeing can be understood as a specific instance of perceptual decision-making,
where individuals are biased toward selecting the more desirable interpretation of a visual
stimulus. Thus, the DDM provides a quantitative framework for inferring the computational
processes that support motivated seeing. Specifically, a response bias predicts shifts in the
starting point of evidence accumulation, while a perceptual bias predicts differences in the drift
rate. The DDM, however, is agnostic about how parameter changes relate to participants’
subjective perception, and convergent neural measurements from sensory regions encoding
stimulus features can help validate interpretations.

Of particular relevance to motivated seeing are studies that manipulate the reward probability
or magnitude associated with perceptual responses [26—-30]. In these studies, subjects choose
between competing responses based on perceptual information, with one response offering a
greater potential reward. Consistent with a reward maximization strategy, subjects tend to bias
their choices toward the response associated with greater reward [28,31]. This reward
manipulation, however, had no effect on the encoding of sensory evidence in sensory regions
[27]. Furthermore, analyses using DDMs in these studies have consistently found that reward
shifted the starting point of evidence accumulation, but had little to no effect on the drift rate.
Taken together, these results suggest that reward induces a response bias, but did not affect
moment-to-moment sensory processing.

Reward manipulations in these earlier studies, however, confound motivation (“wanting to
see”) and optimal task performance (“reward maximization”), which may explain why biases in
these tasks were driven by a rational shift in response strategy [28]. A subsequent behavioral
study employed an alternative incentive scheme, where one category in a visual categorization
task was associated with a monetary bonus independent of participants’ responses [32]. This
is akin to real-world situations where wanting to see an outcome does not have direct effects
on reality. As participants were also rewarded for correct categorizations, they should
categorize the images accurately to maximize their earnings. Thus, the motivation to see a
desirable percept was dissociated from strategic task performance. In contrast to the earlier
studies, motivation biased both the starting point and rate of evidence accumulation. While this
result suggests that motivation influenced both response tendencies as well as the
accumulation of perceptual evidence, the study did not measure sensory representations in
the brain and its conclusion relied heavily on the interpretation of the DDM parameters.

A recent study by our research group sought to directly test the effects of wanting to see a
percept on sensory representations in the brain during perceptual decision-making [33]. We
took advantage of the well-established finding that the perception of faces and scenes elicits
distinct neural patterns in the ventral temporal cortex (VTC) [34]. These patterns can be
decoded and quantified using multivoxel pattern analysis as a measure of sensory encoding
[35]. During fMRI, participants were presented with composite images created by blending a
face and scene in varying proportions (Fig. 1A). Participants were rewarded for correctly
categorizing whether the face or scene was of higher intensity. On each trial, we motivated
participants to see the face (or scene) by instructing them that they would earn or lose an
additional amount if the face (or scene) was of higher intensity in the upcoming image. The
additional bonus was contingent on the objective category of the image and not on
participants’ responses (Fig. 1B).



Replicating earlier results, motivation biased both the starting point and the rate of evidence
accumulation in favor of the desirable category. Crucially, face-selective and scene-selective
neural activity was higher on trials where participants were motivated to see the face or scene,
respectively, suggesting that motivation enhanced perceptual processing. The magnitude of
motivational enhancement in sensory cortex activity was associated with the drift rate but not
the starting point, consistent with the interpretation that the drift bias reflects effects on sensory
processing, while the starting point bias reflects response tendencies.

An alternative interpretation of the bias in drift rate is that motivation acted upon evidence
accumulation without affecting sensory encoding. This account would predict motivational
modulation primarily in regions associated with evidence integration, such as the frontoparietal
cortex, while having no effect on sensory regions (e.g., [36,37]). In contrast, we observed
motivational enhancement of face- and scene-selective activity in the VTC, where electrical
stimulation has been shown to evoke face and scene perception [38,39]. These findings are
consistent with the hypothesis that motivation influences not only the integration of evidence
during decision-making but also the sensory information that feeds into the accumulation
process. We note that this interpretation assumes VTC activity reflects sensory encoding and
relies on reverse inference. Converging evidence from methods that probe sensory encoding
(e.g., near-threshold detection or perceptual facilitation effects) will help strengthen this
interpretation.

Together, these studies provide convergent evidence that motivation biases both perception
and responses. They are also consistent with a recent EEG study showing value-driven biases
in motor preparation and evidence accumulation, with the latter unfolding in distinct phases
[40]. However, as that study did not decode sensory representations, it remains unclear
whether these effects reflect changes in sensory encoding. Future work using EEG or MEG to
decode sensory representations [41,42] offer a promising approach to clarify the temporal
dynamics of motivated seeing, including distinguishing between pre-choice (e.g., sensory
enhancement leading up to a decision) and post-choice (e.g., sensory enhancement after
committing to a percept) effects. More broadly, considering the computational and neural

processes offers a new perspective - instead of asking whether motivation biases perception
or responses, we can examine how motivation shapes both processes.

Mechanisms of Perceptual Bias

Stimuli repeatedly paired with reward or those signaling potential future reward are known to
engage attentional mechanisms that enhance processing [43—46]. Here, we refer to
attentional mechanisms as processes that bias the competition among sensory inputs by
enhancing some representations while suppressing others [47] (Box 2). The amygdala, a brain
region critical for affective processing, projects directly into the visual cortex and is well-
positioned to mediate motivational effects on sensory activity [48]. This structure is often
implicated in “affective attention”, where affectively salient stimuli receive prioritized
processing [49]. For example, amygdala activation is associated with enhanced perception of
emotional words, pictures and faces [50-52], while lesions to the amygdala impair these



effects [53,54]. In the context of motivated seeing, the desire to perceive a specific percept
might imbue related perceptual features with affective value, with the amygdala amplifying the
corresponding neural representation in the visual cortex.

Consistent with this hypothesis, the motivational enhancement of desirable sensory
representations closely tracked trial-by-trial fluctuations in amygdala activity [55]. Specifically,
higher amygdala activity on a given trial corresponded to stronger motivational enhancement
of sensory representations. In contrast, on trials with low amygdala activity, sensory-related
activity was driven by objective stimulus features and was unaffected by what participants
were motivated to see (Fig. 2A). Analyses using the DDM revealed that amygdala activity was
specifically associated with biases in the drift rate, but not the starting point of evidence
accumulation, suggesting that the amygdala's influence was specific to the perceptual
component of the bias.

How does the amygdala enhance the neural representations of desirable percepts? One
putative mechanism involves the recruitment of the locus coeruleus (LC) [56], a cluster of
neurons in the brainstem that serves as the primary source of the neuromodulator
norepinephrine (NE) (Fig. 2B). NE release increases the gain of neurons, such that they
become more sensitive to target inputs [57,58]. The LC projects widely throughout the brain,
and the effects of NE neurons were historically thought to be diffuse and non-specific [59].
However, there is growing recognition that NE neurons can exert precise, stimulus-specific
effects on sensory representations [60]. According to the Glutamate Amplifies Noradrenergic
Effects (GANE) model [61], high glutamate release in response to a prioritized stimulus
creates a localized NE hotspot that selectively amplifies the neural response to the stimulus.
The amygdala may enhance the neural representations of desirable percepts by activating the
LC to modulate NE release and by providing a saliency signal to prioritize the processing of
desirable stimuli in the visual cortex.

In support of the role of LC-NE system in motivated seeing, pupil dilation, a correlate of LC
activity and NE release [62,63], is associated with a bias towards reporting motivationally
desirable percepts [64]. Incorporating trial-by-trial changes in pupil dilation into a DDM
revealed that, similar to the amygdala, pupil dilation was specifically linked to biases in the drift
rate, but not to biases in the starting point. While these findings implicate the LC-NE system in
motivated seeing, direct evidence of its involvement remains an open question, highlighting an
important avenue for future research.

Mechanisms of Response Bias

Motivation can bias response responses for preferred stimuli independently of perceptual
processing. This bias appears to depend on action selection circuits in the striatum. The
striatum is thought to gate the appropriate selection of actions via a polysynaptic loop that
disinhibits action representations in cortex [65]. This gating mechanism is implemented by the
relative activity of striatal direct pathway neurons, which facilitates action selection, and striatal
indirect pathway neurons, which inhibit actions. The gating of actions is determined in part by
reward history, with rewards driving dopamine release that enhance the activity of direct
pathway striatal neurons, and punishments causing dopamine pauses that enhance the



activity of indirect pathway neurons. Biologically realistic neural networks models of perceptual
decision-making suggest that dopamine-dependent learning in the striatum could drive
response biases [66].

Electrophysiological recordings in non-human primates have identified “choice-bias” neurons
whose pre-stimulus firing rates predict choices in the neuron’s preferred direction [67,68]. As
reward value is unknown before the stimulus appears, this anticipatory activity did not reflect

encoding of stimulus value, and is consistent with an a priori response bias. In a study where
monkeys were rewarded for correct detection of targets in one hemifield, increased pre-
stimulus activity in choice-bias neurons predicted faster target detection in the rewarded
hemifield [69]. When the rewarded hemifield was reversed, choice bias activity rapidly
remapped to neurons favoring the alternative hemifield.

While this study suggests that striatal neurons encode preferences for responses, this
paradigm confounds the response and the spatial location of perceptual stimuli, leaving open
the possibility that these striatal neurons facilitate perceptual processing of the preferred
location rather than response biases. To dissociate these two possibilities, a recent study in
mice optogenetically stimulated direct pathway striatal neurons during a change detection task
where the same motor response was used for both visual hemifields [70]. Stimulation shifted
decision criterion toward reporting a change in the contralateral hemifield, without influencing
perceptual sensitivity, indicating that these neurons selectively implement a response bias in a
context-appropriate manner, without influencing perceptual processing.

Consistent with these findings, in a motivated seeing paradigm, participants' response bias
towards selecting the rewarded stimulus was correlated with activation in the nucleus
accumbens [33]. Relatedly, activation in the striatum has been linked to flexible changes in
response biases according to task demands [71]. Together, the reviewed findings suggest a
critical role of the striatum in integrating outcome-related information to bias action selection
towards actions associated with desirable outcomes. However, an important distinction is that
in human motivated seeing paradigms, motivation is based on instruction about future
rewards, whereas in the paradigms used in animal models, motivation is informed by a history
of rewards linked to specific stimuli or responses. An open question remains as to how the
striatum flexibly modulates response biases based on motivational cues. Addressing this
requires an understanding of how contextual information is represented and dynamically
updated to guide these biases.

Mechanisms of Context Representation

What is deemed desirable changes depending on reward contingencies, physiological states,
and other contextual factors, which we term motivational context. Indeed, studies using the
motivated seeing paradigm reveal that perceptual and response biases adapt flexibly when the
motivationally desirable category changes from trial to trial [33,55]. How does the brain encode
and update information about what is desirable to bias perceptual processing and action
selection?



While the representation of contextual information has not been specifically investigated in
motivated seeing paradigms, insights can be drawn from recent investigations of context
representation in learning and decision-making. The lateral prefrontal cortex (IPFC) encodes
goals, beliefs, and plans that determine which outcomes are motivationally relevant [72-75],
making it a likely source of motivational context. Motivational contexts, however, can be
decoupled from task goals. For example, in the motivated seeing task, the adaptive goal is to
respond correctly, regardless of what one is motivated to see. How is motivational context
represented alongside task-relevant representations in the IPFC?

Recent evidence suggests that multiple task context representations co-exist in an orthogonal
code in the IPFC. Prefrontal neurons represent motivational context alongside cognitive task
context and other task-relevant variables [76—78]. Mixed selectivity to task features enables
the IPFC to flexibly guide behavior according to changing task demands [79,80]. Accordingly,
the IPFC could guide behavior in the service of ongoing behavioral goals while simultaneously
representing motivational context. This may explain why IPFC is engaged during motivated
seeing paradigms, but its overall activity does not correlate with variation in motivational biases
[55]. Nonetheless, latent representations of motivational context in the IPFC could indirectly
influence motivated behavior via their influence on other brain regions.

Specifically, motivational context representations in the IPFC may influence how the
ventromedial prefrontal cortex (vmPFC) assigns value to actions and stimuli. The vmPFC has
a well-established role in the subjective appraisal of stimuli [81,82] and the computation of
value representations for choice options [73,83]. Evidence for motivation influencing vmPFC
valuation comes from perceptual decision-making tasks in which a single perceptual feature is
associated with reward. In such tasks, humans accumulate sensory evidence preferentially for
reward-predictive features, and the vmPFC reflects this bias by showing an amplified
representation of evidence for reward-predictive features [84,85]. Supporting the role of the
IPFC in shaping valuation, studies on dieters making food-related judgments have found that
IPFC transiently influences how the vmPFC represents the value of food items [74,86].

Anatomical projections from vmPFC to the amygdala and striatum could in turn provide the
motivational signal underlying perceptual and response biases in these regions. Evidence for
such a IPFC-vmPFC-amygdala pathway has been observed in the affective No/Go task, in
which implicit emotional cues bias the performance of task rules [87]. The study found that
emotional context representations in IPFC influenced amygdala task representations indirectly
viathe vmPFC. In parallel, in a motivational Go/NoGo task where correct behavior could either
earn rewards or avoid punishments, early vmPFC activation was sensitive to motivational cues
and predicted trial-by-trial fluctuations in motivational bias. In contrast, later striatal activation
was linked to response bias [88]. Together, these results suggest that the vmPFC uses
motivational context information to shape processes in subcortical regions linked to perceptual
and response biases (Fig. 3).

Motivated Seeing in Aversive Contexts

Thus far, we have not distinguished between contexts involving desirable versus undesirable
stimuli. However, motivation may influence perceptual decisions differently in aversive



contexts, where the stimuli are associated with threat, loss, or other undesirable outcomes.
Indeed, prior work had found that reward and aversive motivation recruit distinct neural and
computational mechanisms during learning and decision-making [89-91]. In the context of
motivated seeing, the (un)desirability and motivational salience of aversive stimuli may
exert opposing influences on perceptual decisions.

On one hand, aversive stimuli are undesirable, and people are often motivated to avoid
perceiving them. For example, when encountering a spider, people may divert their attention
away or retreat from it to minimize the discomfort associated with its presence. Consistent with
this notion, a study on motivated seeing [32] demonstrated that, relative to a neutral category,
both the starting point and drift rate were biased away from the category associated with
financial loss. Similarly, just as individuals may suppress and avoid aversive stimuli, categories
linked to financial loss were less effective as distractors during visual search and elicited
weaker representations in the visual cortex compared to neutral distractors [92]. Individual
differences play a role in these biases; participants with higher punishment sensitivity, as
measured by the Behavioral Inhibition Scale (BIS), exhibit stronger biases in perceptual
decisions away from aversive stimuli [93].

On the other hand, aversive stimuli are motivationally salient because they signal potential
danger or loss, requiring rapid detection and response to minimize harm. For example,
encountering a spider may capture attention automatically, ensuring that the potential threat is
processed and dealt with effectively. A substantial body of evidence shows that aversive
stimuli are detected more quickly than neutral stimuli and elicit stronger representations in the
sensory cortex [94—98]. Thus, perceptual decisions can also be biased toward aversive stimuli,
even though individuals might prefer to avoid seeing them. At present, it remains
underexplored under what conditions perceptual decisions are biased toward aversive stimuli
and when they are biased away (Box 3).

Concluding Remarks

We present a neurocomputational account of motivated seeing describing how motivation
biases perception and response through distinct mechanisms (Fig. 3). Our framework
reframes the longstanding debate about whether motivation biases perception or responses.
Instead of treating perception and response biases as mutually exclusive explanations, we
propose a shift toward examining the specific mechanisms by which motivation shapes both.
This perspective not only unifies existing findings but also provides a mechanistic basis for
generating testable predictions, relating motivated seeing to psychopathology [99], and
advancing our understanding of how motivational states influence perception and action (see

Outstanding Questions).

The phenomenon of motivated seeing suggests that motivation can shape what individuals
perceive, pointing to the inherently subjective nature of visual experience [100,101]. Despite
current progress, we emphasize that the reviewed findings do not provide definitive proof that
motivation alters perceptual experience. As subjective experience is inherently inaccessible,
our inferences rest on converging indirect evidence across measures. A promising next step is
to use near-threshold detection paradigms. Prior work shows that performance-contingent



reward can improve sensitivity to visual targets [102,103]. Near-threshold detection tasks that
decouple motivation from accuracy, combined with modeling and neuroimaging, could offer
converging evidence of motivational effects on perception.

We note that our current neurocomputational account is primarily descriptive, fitting DDMs to
existing behavioral data to infer how latent cognitive processes are affected by motivation.
Future work can build on this framework to develop generative accounts that predict motivated
seeing outcomes in novel contexts, including varying levels of motivation or stimulus
ambiguity. Such models would offer a stronger basis for inference and support richer, testable
predictions about the conditions under which motivation shapes perception and action.

Motivated seeing is an example of motivated cognition, where individuals are biased to
arrive at conclusions that align with their desires or goals [104,105]. While this review focuses
on motivated seeing, the general principles outlined here - particularly the decomposition of
motivational biases into evidence accumulation (i.e., how information is integrated) and action
selection (i.e., what to do about it) - apply broadly to other forms of motivated cognition. Recent
studies, for example, have used the DDM to examine how partisans form biased impressions
of political candidates [106], as well as how individuals decide whether they are in a high-
reward or low-reward environment [107]. Integrating findings from such studies with neural
data could reveal shared and distinct neural mechanisms supporting different forms of
motivated cognition.

For more than 50 years, motivated seeing has been a phenomenon of interest to cognitive
scientists, social psychologists, affective scientists, and neuroscientists. One reason it has
garnered such broad interest is because, at its core, it challenges the objectivity of our senses.
The phrase “seeing is believing” reflects our lay belief in the veracity of our visual experiences,
yet motivated seeing demonstrates that what we perceive can be shaped by internal states
such as goals, desires, and emotions. Advancing neurocomputational approaches to
motivated seeing represents an exciting opportunity to develop a unified framework for
understanding how we decide what we see, and the extent to which our visual experiences
reflect our internal motivations rather than the external environment.
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Outstanding Questions

When goals or contingencies change, how does the brain rapidly encode and update
what is desirable or undesirable to guide perceptual and response biases?

How does the striatum modulate response biases based on abstract motivational cues,
such as task instructions or context? In motivated seeing paradigms, is striatal
neuronal activity updated based on top-down inputs from vmPFC?

What is the time course of motivational enhancement of perceptual and motor
processing, as assessed with tools such as EEG or MEG? Are there different roles for
pre-decision and post-decision influences of motivation on perceptual processing?

Are participants better able to detect stimuli that are otherwise calibrated to be below
their perceptual threshold when motivated to see them, and is this behavioral
enhancement accompanied by increased neural activity encoding the stimulus?

Under what conditions are perceptual decisions biased toward or away from aversive
stimuli, and what neural mechanisms adjudicate between the two?

What role does motivated seeing play in shaping both healthy cognition and
psychopathology? Does anxiety amplify biases toward aversive stimuli, while
depression attenuate biases toward desirable stimuli?

Do different sources of motivation differentially modulate motivated seeing? For
example, do social versus non-social motivations or intrinsic versus extrinsic goals
produce distinct patterns of perceptual and response bias?

What features must generative neurocomputational models capture to predict
motivated seeing across tasks and contexts?

What computational and neural mechanisms are shared across different forms of

motivated cognition (e.g., motivated seeing, reasoning, and memory), and which
mechanisms are specific to perception?
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Figure Captions.

Figure 1. Motivated Perceptual Decision-Making Task. (A) Participants are presented with
composite images created by blending a face and scene in varying proportions and receive a
10-cent bonus for correctly categorizing whether the face or scene was of higher intensity (i.e.,
face or scene-dominant). On each trial, additional monetary incentives motivated them to see
the face or the scene. (B) Payoff Structure. Participants earn or lose an additional 40 cents
depending on the objective category of the image and will thus be motivated to see the
category associated with greater earnings. However, the category bonus and loss is
independent of participants’ responses. To earn the maximum amount, participants should
ignore the motivation manipulation and categorize each image accurately. Face stimuli were
obtained from the Chicago Face Database [108]

Figure 2. Mechanisms of perceptual bias. (A) Amygdala activity mediates motivational
enhancement of sensory representations in the object-selective ventral temporal cortex (VTC).
When individuals are motivated to see a particular object category (e.g., scenes), the
amygdala enhances the corresponding neural representation in the VTC, which in turn biases
perceptual decisions in favor of that category. (B) Motivation also recruits the locus coeruleus-
norepinephrine (LC-NE) system, which can be indexed by pupil dilation. Increased LC-NE
activity enhances neural gain, amplifying the encoding of motivationally desirable percepts.
Enhanced sensory encoding leads to a bias in the drift rate during decision-making, as
formalized by drift diffusion models. Face stimuli were obtained from the Chicago Face
Database [108].

Flgure 3. (Key Figure). Neural model of motivated seeing. Motivational contexts (e.g.,
which player you root for in a tennis match) are represented in the lateral prefrontal cortex
(IPFC). These contexts influence the value attributed to perceptual features and actions in the
ventromedial prefrontal cortex (vmPFC), which in turn modulates the function of downstream
subcortical regions including the ventral striatum and amygdala. The ventral striatum induces
response biases by reducing response thresholds for motivationally-aligned actions (e.g.,
yelling “out” when motivated to believe it did). The amygdala enhances the representation of
desirable sensory information in the VTC while also recruiting the locus coeruleus (LC). LC
recruitment triggers norepinephrine release, which further amplifies the encoding of
motivationally relevant percepts. Together, the amygdala and LC induce a perceptual bias in
favor of desirable interpretations (e.g., seeing the ball as having landed out of bounds).

Figure l. Schematic of starting point and drift bias in a drift diffusion model. Both shifting
the starting point and a higher drift rate toward the “dog” threshold increases the probability of
responding “dog” but have distinct effects on the response time distributions. A bias in starting
point has stronger influences early in the trial, leading to a larger proportion of fast “dog”
responses. In contrast, a bias in the drift rate is constant throughout, resulting in an increase in
both fast and slow “dog” responses. a: decision threshold, t. non-decision time, z: starting
point, v: drift rate.

Figure Il. Distinct Brain Regions Supporting Different Types of Attention. The dorsal
attention network (left) is associated with voluntary, goal-directed attention, enabling the
selection of specific stimuli based on task relevance [109-111]. The cingulo-opercular network
(middle) supports sustained attention, maintaining focus on relevant inputs over extended
periods [112—114]. The amygdala (right) is implicated in affective attention, prioritizing stimuli
with emotional salience [54,115]. Motivated seeing has been specifically linked to heightened
amygdala activity, suggesting that similar processes underlying affective attention may also
contribute to the amplification of desirable sensory representations.
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Box 1: Decomposing Biases using Drift Diffusion Models

The drift diffusion model (DDM) is a widely used computational model that formalizes the
cognitive processes underlying perceptual decision-making [24]. It is a variant of the broader
family of sequential sampling models that describe decision-making as a process of
accumulating and integrating noisy evidence over time toward a decision threshold.

The DDM is defined by four core parameters that characterize distinct aspects of the decision
process. The starting point (z) specifies the initial bias in the accumulation process, which can
reflect prior knowledge or preferences that predispose the observer toward one decision. The
drift rate (v) reflects the rate of evidence accumulation, with higher drift rates indicating
stronger sensory information that favors one decision over the other. The boundary separation
(a) captures the distance between decision thresholds, which influences the amount of
evidence required before committing to a decision. Finally, the non-decision time (t) accounts
for processes outside of evidence accumulation, including the initial encoding of sensory
information and motor preparation.

To illustrate, consider a task where an observer has to detect whether an image of a dog or cat
is embedded in a noisy background. Prior information that the upcoming image is likely to
contain a dog can shift the starting point closer to the corresponding threshold, increasing the
likelihood of responding “dog”. On the other hand, changes in the drift rate correspond to the
quality of sensory evidence; for instance, seeing a clear image of a dog biases the drift rate
toward the “dog” threshold. Both starting point and drift rate biases increase the probability of a
“dog” response, but influence response time (RT) distributions differently: starting point bias is
most prominent early in a trial, leading to greater bias on short-RT trials (Fig. IA), while drift rate
bias is constant throughout, producing bias on both short- and long-RT trials (Fig. 1B). An
increase in boundary separation reflects a greater amount of evidence required to reach a
decision (i.e., greater “response caution”), leading to slower but more accurate responses.
Lastly, an increase in non-decision time slows responses across the board without affecting
accuracy or biasing decisions.

As each parameter uniquely affects choice and response time distributions, biases can be
dissociated by fitting the DDM to behavioral data. Furthermore, the parameters estimated from
the model can be mapped onto neural activity to identify the neural substrates underlying
specific aspects of the decision-making process. It is important to note that the application of
the DDM in the reviewed studies are primarily descriptive, aimed at inferring latent processes
from observed behavior. Developing generative models that predict motivated seeing under
new conditions represents an exciting future direction.
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Box 2: The Contentious Role of Attention in Motivated Seeing

In their seminal critique of top-down effects on perception, Firestone and Scholl [1] argue that
many purported perceptual effects are mediated by attention rather than directly influencing
perception, which they consider a methodological pitfall. We contend, however, that
motivational effects on perception, by definition, rely on attentional mechanisms to prioritize
sensory input. Rather than viewing attention as a confound, there is value in recognizing
attention as the primary process through which motivational states shape perceptual
experience. Importantly, attention is not a unitary construct but encompasses a set of related
processes, each relying on distinct neural mechanisms (Fig. Il).

We adopt a functional definition of attention, where attention is defined as a process that
biases the competition among sensory inputs [47]. Different types of attention can serve
distinct roles in shaping perception. For example, voluntary attention involves the goal-directed
selection of specific stimuli based on task relevance, such as focusing on a particular location
or feature to achieve an objective [109—111]. Sustained attention involves maintaining focus
over extended periods, ensuring consistent processing of relevant inputs despite distractions
[112-114]. Affective attention is driven by emotional information, drawing focus toward
affective stimuli, such as emotional faces or words [54,115].

In recent work [55], we show that the enhancement of desirable sensory representations is
associated with heightened amygdala activity, a region heavily implicated in affective
attention. In contrast, activity in regions typically associated with voluntary and sustained
attention did not track motivational enhancement of sensory representations. This dissociation
suggests that motivated seeing may be less likely to result from volitional, goal-directed
prioritization and more closely resembles the automatic attention capture by stimuli with
affective value, as typically observed in affective attention. Neural data can thus provide a
framework for linking motivated seeing to related phenomena and reveal the specific
attentional mechanisms through which motivation biases sensory processing.
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Box 3: Motivated Seeing in Aversive Contexts

Aversive stimuli can differ in the negative emotions they evoke. Even the same stimulus can
evoke categorically distinct negative emotions in different individuals resulting in different
perceptual and behavioral consequences. For example, in a distance judgment task,
individuals who find a spider threatening estimated it as closer than those who find it disgusting
[116]. A similar dissociation was observed in an EEG study, where fearful images facilitated
visual search and elicited stronger visual event-related potentials, whereas disgusting images
had the opposite effect [117]. This pattern may arise because of functional differences
between threat and disgust. Threat signals imminent danger, necessitating rapid detection and
action, while disgust signals potential contamination to be avoided, promoting withdrawal and
suppression to reduce emotional discomfort. This perspective predicts that perceptual
decisions may be more likely to be biased toward threatening stimuli away from disgusting
stimuli.

A related factor that may influence motivated seeing is the degree of control participants have
over aversive outcomes. In a target detection task, participants were better at detecting stimuli
associated with an aversive outcome when they had the opportunity to mitigate that outcome,
but worse when they had no control over it [118]. Together, these studies highlight the
functional dependence of motivational effects on perceptual decisions in aversive contexts.
Yet, little is known about how the brain adjudicates between biasing perceptual decisions
toward or away from aversive stimuli. Understanding the neurocomputational mechanisms
underlying this process represents an exciting avenue for future research, and would provide
valuable insights into how perceptual decisions are biased to serve adaptive goals.
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Glossary

Desirability: The extent to which a stimulus or outcome is valued or preferred based on an
individual’s current goals, needs, or emotional state

Drift diffusion model: A computational model of decision-making that describes the process
as the accumulation of noisy evidence over time toward a decision threshold

Motivated cognition: A family of cognitive biases where individuals are steered toward
conclusions that align with an individual’s desires, goals, or preferences.

Motivational context: the set of internal and external factors, including task demands, reward
contingencies, and prior experiences, that determine what is currently desirable

Motivational salience: The property of a stimulus that enhances its prominence due to its
relevance to an individual’s goals or needs, driving attention and action toward it.

Motivated seeing: A phenomenon where individuals are biased toward reporting seeing a
visual stimulus as the interpretation they are motivated to see

Perceptual bias: A systematic deviation in how sensory information is processed, resulting in
certain stimuli being perceived more readily than others.

Perceptual decision-making: The act of selecting one option from a set of alternatives based
on available sensory information

Response bias: A tendency to favor certain response options over others, independent of
sensory information
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