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In cognitive neuroscience, the study of the decision process has shown that neurons in an 
extensive network of brain regions can track subjective value, an internal representation of how 
good an option is. In these experiments, animals and humans learn the associations between 
simple stimuli, such as light or sounds, and potential rewards and punishments. These 
experiments, supported by mechanistic computational models, have allowed us to find these 
hidden value signals in the depths of the brain cortex. However, it is still an open question how 
the brain actually transforms real and complex stimuli into a simple subjective value metric. Even 
more, we know that humans can express preferences for completely novel items, which suggests 
that value judgments can be constructed on the fly. The value signal can be highly flexible and 
affected by current contexts and goals, which is crucial to adapt to ever-changing environments. 
 
From ancient cave paintings to millions of Instagram pictures, aesthetic experience has always 
been a fundamental constituent of human lives. The question of how people make aesthetic 
judgments has been investigated in multiple disciplines for centuries. Yet, how the human brain 
computes aesthetic value from complex visual stimuli is not fully understood. The approach taken 
in cognitive neuroscience (in conjunction with novel computational methods) could open a new 
avenue for a mechanistic understanding of aesthetic judgments.  
 
Moreover, the study of aesthetic value can be an excellent case study to address how we 
generate value in all our decisions. Visual artworks can be complex and highly varied, offering 
many possibilities regarding the potential stimulus to probe. At the same time, it is very intuitive 
to appreciate a painting: even if we are not experts and it is our first time seeing an artwork, we 
can quickly tell if it pleases our taste. Experimentally, extracting objective metrics from the raw 
visual information (e.g., luminosity, color) is possible, which is an advantage in the design of 
controlled experiments. The process of visual judgment is dynamic; our eyes move, exploring 
each corner of the canvas or screen, which can reveal important insights about sampling 
information to generate subjective reports. Furthermore, art generates a multifaceted experience, 
which could be affected by contextual and other internal factors, which we can access through 
explicit reports. 
 
In this pre-paper, I briefly introduce some background on the study of decision-making research 
in neuroscience, highlighting relevant aspects for our study of aesthetic values.  Then, I present 
a computational model that describes how visual aesthetic judgments could be constructed by 
integrating multiple visual information pieces.   
 
 
Perceptual decisions 
 
Even the most trivial decisions, like choosing coffee or tea, are incredibly intricate, involving 
obscure and complex interactions of multiple factors. For this reason, initial neuroscientific efforts 
to formalize a methodology to study decisions relied mainly on analyzing perceptual choices, i.e., 
psychophysics (Shadlen and Kiani, 2013). In simple perceptual decisions, subjects use sensory 
stimuli, such as the contrast of lines, shades of color, or dot motion, to make their choices. For 
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example, subjects may be asked to look at two circles on a screen and instructed to select the 
option with higher luminosity. This setup allows the experimenter a high degree of control over 
the evidence used in the decisions. These perceptual studies imply that a vast amount of sensory 
information is integrated into “internal representations” that extract relevant dimensions, e.g., a 
signal in the brain that tracks variations in luminosity. This representation is eventually used to 
make a choice. Further work has shown that this information could indeed be reflected in specific 
activity in the brain: the study of the visual system in the brain has been pivotal in understanding 
how sensory information is transformed into neural signals. For example, monkeys performing 
demanding visual discrimination tasks have shown that neurons in area MT/V5, a region in the 
posterior part of the brain associated with visual motion processing, can track decision variability 
(Newsome et al., 1989). In this way, neuroscientists have described a sophisticated map in which 
areas of the brain process visual information from basic lines and contrast to more complex 
representations such as objects and faces (Figure 1).  
 
 

 
 
Figure 1. Basic visual processing in the brain. Left panel: Information processing starts at 
the retina, proceeds to the lateral geniculate nucleus (LGN) in the thalamus, and then to 
primary visual areas, V1, V2, V4, and inferior temporal cortex (IT). Center panel: the size of 
receptive fields (the area of visual space where a neuron is responsive) increases along 
the occipital cortex. Neurons in higher areas gradually increase their receptive field sizes, 
integrating information over larger and larger regions of the visual field. Right panel: 
Increasing levels of complexity in the processing found along the visual areas generate a 
hierarchy of features— for instance, V1 codes for basic features such as edges and lines. 
Higher-level neurons integrate information over multiple low-level neurons with smaller 
receptive fields and code for more complex features. Reproduced from Herzog and Clarke 
(2014). 
 
Value-based decisions 
 
On the other hand, for value-based decisions, the subjective assessment of the alternatives does 
not rely entirely on the sensory aspects but on internal signals. A monkey choosing juice type or 
humans trading in the stock market are considered to be making decisions in this category 
(Rangel et al., 2008). In neuroscience, insights from economics, biology, animal learning, 
psychology, and computer science have informed the notion of value. At the core is the idea that 
a value signal is a representation that guides choices to maximize future rewards. In other words, 
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to make appropriate decisions, these values should be reliable predictors of the benefits that could 
result from each option. 
 
This value concept allows us to compare objects not commensurable in straight sensory or 
quantitative terms. For example, in an economic decision, comparing the value of vastly distinct 
objects such as La Gioconda, the International Space Station, and a banana is possible. This 
abstract nature of value has sometimes been denominated as having a “common currency” in the 
brain (Levy and Glimcher, 2012).  To understand how these values can be learned, animal and 
machine learning knowledge has been integrated into the “reward hypothesis”. This proposal 
states that the environment provides reinforcement signals that indicate the probable costs or 
benefits of states and actions in the environment. For example, a dog can learn to associate sitting 
with getting a treat. After many repetitions, the animal learns that the “sitting” action leads to a 
reward, i.e., this action will have a high value.  Animals can learn to act in ways that maximize 
their utility over the short or long term (Juechems and Summerfield, 2019). This hypothesis has 
been developed and formalized in computational models such as the reinforcement learning (RL) 
model, a pivotal computational formalization in computer science and neuroscience. 
 
The presence of valuation systems has been generally accepted, although their exact neural 
implementation and characteristics are an ongoing area of research. Some standard proposals 
for valuation systems include the Pavlovian system, which assigns prominence to a restricted set 
of evolutionarily relevant actions, such as preparatory behaviors for food or avoiding aversive 
stimuli, such as heat or electric shocks. The behavioral repertoire of Pavlovian responses is rather 
limited and inflexible. In contrast, the habitual valuation system can cover a more comprehensive 
set of actions, assuming they are repeatedly experienced. In the habitual system, stimulus-
response associations are learned, relying on past experiences through a trial-and-error training 
process. This makes habitual responses a slow learning process but fast (or automatic) to deploy 
once learning is achieved. For example, this category includes a rat learning to press a lever for 
liquids in response to a sound or a smoker’s desire for a cigarette after a meal. Finally, in the goal-
directed valuation system, values depend on the association between states/actions and 
outcomes. Since each action can lead to multiple results, it is assumed that some mapping 
between actions and outcomes exists, which can be more flexible, not relying entirely on repeated 
training of automatic responses. For example, suppose we need to get to Columbia University, 
and the 1 subway line is broken. In that case, we can harness our knowledge of the New York 
City transit system to look for alternative routes.  However, given a more detailed assessment of 
the possibilities, they may require a higher investment of cognitive resources. The separation 
between these three systems is not necessarily clean-cut since they can interact and be 
modulated by additional factors, such as risk, uncertainty, and time. 
 
Although most of the research in value-based decision-making has been related to obtaining 
hedonic rewards, recent work has shown that the value could represent a more general and 
flexible construct, which aligns with a goal-directed valuation. For example, a couple of loose 
matches could be an inconsequential object in the context of your kitchen, but they could become 
your most prized possession if you are stranded on an empty island in the middle of the Pacific 
Ocean. Recent work has shown that the brain network tracking reward value can indeed contain 
information about the “usefulness” of an object in experiments with multiple goals (Castegnetti et 
al., 2021). Indeed, the prefrontal cortex activity (usually associated with value computation) is 
reshaped by goals, indicating that the mapping of the value of state/actions can be quickly 
repurposed depending on task demands (e.g., Frömer 2019, Sepulveda et al., 2020; De Martino 
and Cortese, 2023).  
 
 



 4 

 
 
 
Computational frameworks in decision making 
 
While we can probe the brain's anatomy, this static approach does not fully capture its dynamic 
flow of information. A method to understand how the brain could operate as an information-
processing machine is to use mechanistic modeling of neural and behavioral processes, which 
has been primarily developed in computational neuroscience. David Marr, one of the founders of 
computational neuroscience, proposed that the brain can be understood as an information-
processing system. To understand the system, we can ask questions at three distinct levels: 1) 
What computational problem does the system solve? 2) What computational algorithms (the steps 
or code to solve the problem) does the system use? 3) How does the system implement the 
algorithm? (Marr, 2010). 
 

 
 
Figure 2. Illustration of Marr’s three levels to 
understand decision-making. A person tries 
to choose the best snack to eat (goal, 
computational level). One way of doing this 
is by assessing different taste dimensions 
and picking the most satisfactory 
combination (algorithmic realization). In the 
brain, this process could be implemented 
through various neural interactions and 
circuits (physical implementation). There 
are many ways in which the goal can be 
achieved, which opens the possibility of 
multiple algorithms with distinct 
implementations in the brain. This approach 
also allows for the discarding of algorithms 
that do not have biological support. 
 
 
For example, we could focus on the problem of 
selecting a snack to eat during breakfast 
(Figure 2). This is the computational level. To 
solve this problem, we must define the specific 
steps to fulfill the goal or the algorithmic level. 
For example, one possible algorithm could be: 
1) identify available snacks, 2) assess benefits 

(e.g., the best taste, best nutrients), 3) account for costs or drawbacks (e.g., digestive difficulties), 
4) integrate all pros and cons and generate value for each item, 4) pick the option with the highest 
value. We could take an alternative algorithm: 1) remember what I ate yesterday, 2) pick the same 
snack. Both algorithms yield a decision and are possible candidates to explain why a participant 
makes specific choices. Mathematical models formalize the algorithms quantitively and make 
predictions about future behavior. We can use these predictions to assess the precision of the 
algorithms and identify the options that are more likely to underlie the cognitive mechanisms. 
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Once a candidate algorithm is identified, we need to find in the brain how each step could be 
implemented in a biologically compatible manner, the implementation level. At this level, we try to 
identify brain activity that reflects each one of the steps of the algorithm, e.g., the neural activity 
of features of the food item. Following the example, by combining computational models and 
neuroimaging (O’Doherty et al., 2007), researchers have identified that information associated 
with nutritious attributes of food items, such as proteins or fat composition, could be found in the 
orbitofrontal cortex, the lower frontal part of the brain (Suzuki et al., 2016) when participants 
assess various snacks.  
 
Further, functional magnetic resonance imaging (fMRI), a technique that indirectly tracks brain 
activity and measures changes in blood flow properties, has been important in showing relevant 
value processing areas in the human brain. Estimations of participants’ internal values in decision 
tasks are reflected in the activity in brain areas, such as the ventromedial prefrontal cortex 
(vmPFC) (Cortese et al., 2012) (Figure 3). Recent studies using this approach have shown that 
value can be constructed by many features, as in the aforementioned work on food items (Suzuki 
et al., 2016) and others  (Hare et al., 2011; Lim et al., 2013). One caveat of this approach is that 
the features to describe an object could be unlimited, easily overwhelming the ability of biological 
and artificial agents to process information. Further studies integrating human behavior and 
learning in multidimensional environments have shown that attention plays a critical role in 
selecting the relevant features and discarding irrelevant information, fostering the generation of 
efficient value representations (Niv et al., 2015; Leong et al., 2017; Cortese et al., 2021).  
 

 
 

Figure 3. Model-based fMRI. Activity 
associated with the anticipated value 
extracted from a computational (RL) model 
in a decision-making task. vmPFC is an 
area recurrently associated with value 
tracking in the brain. Reproduced from 
Cortese et al. (2021). 
 
 
 
 
What about aesthetic value? 
 
Aesthetic valuation is difficult to categorize, 
with many aspects of the decision-making 

process converging on it. After this overview, 
we hint at many theoretical and methodological insights that could help understand how humans 
make aesthetic judgments. The neural basis of sensory processing can define some fundamental 
features used to construct aesthetic experiences. From value-based decisions, prior experience 
with a stimulus or object can influence value judgments, making previous memories and the 
history of associations relevant to estimating idiosyncratic aesthetic preferences. On the other 
hand, value decisions are also flexible and highly adaptable, which in aesthetic judgments is 
reflected in the capacity to express preferences for completely novel stimuli, somehow generating 
“value” almost on the fly, e.g., I can instantly know if I like a painting, even if I have never seen it 
before. This flexibility could rely on humans having a “baseline” value mapping, an internal model 
of visual aesthetic preference, which can be used over novel (and familiar) objects.  
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Approaching this big question, previous work in our research group has focused on aesthetic 
judgments as an example of how the brain can transform realistically complex stimuli into a simple 
subjective value (Iigaya et al., 2021). In this study, a high-dimensional input, a visual artwork, is 
assessed by participants to generate a one-dimensional output, a rating of how much the painting 
is liked. The dimensionality reduction process (or how people can identify task-relevant features) 
is crucial for humans to generalize their knowledge to novel situations, and it has been studied in 
decision-making literature, usually based on simplified visual inputs (e.g., Mach et al., 2020; 
Cortese et al., 2021). Yet, little is known about how this process could operate in the context of 
aesthetic judgments. From the perspective of cognitive models, the diversity of visual art presents 
an interesting and challenging study case. Even in paintings alone, there is an overwhelmingly 
broad range of elements, themes, and styles. Therefore, artworks offer a good test for 
understanding the computation mechanisms the brain uses to generalize and generate values 
across diverse sets of stimuli.  
 
It is important to note the field of neuroaesthetics has already used tools from cognitive 
neuroscience to study the aesthetic experience. For example, neuroimaging studies have shown 
how some brain areas increase their activity in the presence of stimuli with higher aesthetic values 
(Cela-Conde et al., 2004; Kawabata and Zeki, 2004). While this approach has been useful in 
assessing the relevance of some brain regions to aesthetic judgments, it is limited in describing 
how the brain computes aesthetic value from visual stimuli in the first place. Using computational 
methods can bring some additional insights into potential algorithms and implementation.    
 
 
A model of aesthetic value construction 
 
The intuition behind the model is that the brain actively constructs the value of a stimulus by 
integrating its simple attributes or features. These features describe some basic characteristics 
of a painting and are general enough to be found in any visual stimulus, i.e., they can used across 
all images, including new ones. For instance, in any work of visual art, we can quantify different 
colors, intensities, contrasts, textures, shapes, etc. We can also consider more complex features, 
such as if the painting is abstract or figurative. All these features can be used to characterize a 
painting. Using computational methods, the model captures the relevance of each one of these 
features in the generation of the value preferences, which is implemented in an algorithm with 
three fundamental parts (Figure 4A):  
 

1) Feature metrics for novel images (input): Each “new” image to be judged is decomposed 
into its basic feature metrics. For example, the agent quantifies the novel painting’s global 
luminosity, hue, symmetry, etc. While the features are always the same, the feature 
content will differ depending on the paintings. 

 
2) Feature weights: The model considers that each agent (a human or artificial observer) can 

have a unique set of weights that characterize each one of the features. These weights 
reflect an individual’s subjective judgment about how much a particular feature should 
count toward the overall value of a stimulus. For example, one person may emphasize 
symmetry in their aesthetic preference, while another may consider color contrasts more 
important for their subjective report. These weights are assumed to be stable for each 
individual during the judgments, allowing the model to define an idiosyncratic feature 
space.  
 

3) Integration of features (output): For the novel painting, the value of the features and their 
respective weights are used to compute the overall value of the image, which is reported 



 7 

as an aesthetic judgment. This integration is assumed to follow a linear function (i.e., 
adding up the weighted metrics for all the features), although it could be implemented 
using non-linear functions. This stage generates the output of the model, the subjective 
value.  

 
As you probably noted, selecting the features to be included in the model is crucial for its 
effectiveness. In the current implementation, two main sets of features are extracted: low-level 
and high-level. Low-level features can be generated by multiple methods of computer vision, 
which rely entirely on global characteristics of the image (e.g., color distributions, brightness 
effects, hue, saturation, etc.) or local features extracted from automatic segmentation. High-level 
features are generated based on more abstract dimensions, not easily computed by a simple 
algorithm such as concreteness, dynamics, or emotional valence value for each image 
(Chatterjee et al., 2010; Vaidya et al., 2018).  In total, the model can include over 80 visual 
features. 
 
 

 
Figure 4. The model for prediction of aesthetic value. A) The idea of value construction 
captured by the model implies that input is projected into a feature space, in which the 
subjective value judgment is performed. Importantly, the feature space is shared across 
images, enabling this mechanism to generalize across various paintings and photos, 
including novel ones. In the model, a visual stimulus (e.g., artwork) is decomposed into 
multiple low-level features (e.g., mean hue, mean contrast) and high-level features (e.g., 
concreteness, dynamics). One hypothesis of the model is that high-level features can be 
constructed from low-level features. Subjective value is constructed from a linear 
combination of all features (low and high levels). (B) The task (ART: art-liking rating task). 
Participants were asked to report how much they liked a stimulus (a piece of artwork) 
shown on the screen using a four-point Likert rating ranging from 0 to 3. Example of some 
of the paintings presented to participants. Some styles presented to participants were 
Cubism, Impressionism, abstract art, and color fields. Reproduced from Iigaya et al. (2021). 
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To validate the model, participants with no expertise in art reported their aesthetic ratings for 
hundreds of images of different styles (e.g., color field, impressionism, cubism) during in-person 
and online experiments (Figure 4B). Naturally, each participant had unique preferences regarding 
the type of artwork they preferred. The model can account for this variability since it is possible to 
find the best set of weights that allows the model to capture individual participant responses 
(Figure 5). The aesthetic value construction model generates predictions that are significantly 
correlated with participants’ responses, even when it is used to predict the aesthetic preferences 
for non-painting visual stimuli, such as photography. These observations suggest that a non-
negligible proportion of the variance in participants’ aesthetic ratings can be captured by how they 
assess simple visual features (although certainly there is room to improve the model). Some 
features were found to be consistently relevant across participants (e.g., concreteness), while in 
other cases, features presented varied relevance across participants (Figure 5). 
 
 

 
Figure 5. Value of feature weights for seven in-person participants. Weights were obtained 
by estimating the model for each participant. A reduced model, with some of the most 
relevant features, is presented here. The color bar in the figure indicates the value of 
feature weights for each participant. Positive weights (yellow) indicate that a higher feature 
metric will increase the preference for the images (e.g., higher concreteness predicts a 
higher subjective value for this group of participants). Negative weights (blue) indicate a 
reduction in subjective value rating depending on the feature. Examples of low and high-
level features are presented. Selected paintings are exemplars of images representing the 
feature metrics. Reproduced from Iigaya et al. (2021). 
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The model alone suggests a potential algorithm used to make aesthetic judgments. However, to 
elucidate the actual implementation of this process in humans, we need to include the brain in the 
analysis. Participants performed an equivalent artwork rating task inside the MR scanner, and a 
model-based fMRI analysis was used to characterize the potential neural substrates for the 
different steps of the model (Iigaya et al., 2023). Brain decoding shows that areas in the visual 
ventral stream (which encompasses part of the occipital and temporal cortex, similar to the 
diagram in Figure 1) presented a hierarchical representation of model features (Figure 6A). This 
means that primary visual areas (such as V1) contain information mainly associated with low-
level features (blue bars in Figure 6A). On the other hand, more anterior areas down the visual 
stream (e.g., posterior parahippocampal cortex, PHC) represented mostly high-level features of 
the model. These observations align with previous decision and vision studies showing sensory 
features are strongly represented in these regions (e.g., Cortese et al., 2021; Castegnetti et al., 
2021). Following the hierarchy, parietal and frontal areas of the brain show mixed representations 
of the low- and high-level features. Even more, moving forward in the brain towards the prefrontal 
cortex (PFC), we see stronger representations of subjective aesthetic valuation (increasing red 
bars in Figure 6B), in line with previous reports (e.g., Hare et al., 2011, Lim et al., 2013).  
Additional analysis shows that brain areas representing features could work together with those 
tracking subjective value, as observed from the activity coupling when people make aesthetic 
judgments.  
  
 
 

 
 
Figure 6. The visual ventral-temporal stream encodes low (blue) and high-level (orange) 
features in a graded hierarchical manner. Deeper areas in the ventral stream show a 
preferential encoding for high-level features, as expected from the visual hierarchy 
processing. Brain parcellation with different colors for the areas in the visual stream is 
presented. B) Encoding of low- and high-level features (green) and liking ratings (red) 
across brain regions in frontal areas. Frontal areas (e.g., MPFC) tend to represent the 
subjective value more strongly than posterior regions of the brain. Note that the ROIs for 



 10 

the visual areas are now grouped as V1-2-3 (V1, V2, and V3) and V-high (Visual areas higher 
than V3). Brain parcellation with different colors for the posterior parietal cortex (PPC), 
lateral prefrontal cortex (LPFC), and medial prefrontal cortex (MPFC) is presented. 
Reproduced from Iigaya et al. (2023). 
 

An essential aspect of the model is that weights are assumed to be stable at the participant level 
during aesthetic judgments. It is an open question if aesthetic judgments can also be flexible, as 
shown for value in previous value-based decision research.  Alternative goals and contexts, such 
as where we appreciate a painting (e.g., museum vs. phone), mood, learning, and expertise, could 
impact the feature space participants use to construct their aesthetic judgments. Further, the 
model describes specific weights for each participant, allowing the uncovering of individual 
variability in how people assess artworks. How this integration of information for aesthetic 
judgment reflects personal traits is an open question that this framework could help to understand.  

 
Final remarks 
 
The objective of this overview was to connect the study of decision-making from the perspective 
of cognitive neuroscience with the complex question of aesthetic evaluation. I introduced a model 
that captures some aspects of constructing these aesthetic values. During my time at the Italian 
Academy, I worked to expand this framework, taking the presented computational model as a 
starting point to assess how aesthetic judgments could be affected by contexts and goals. 
Furthermore, the construction of each value judgment is highly dynamic, and how people explore 
the artworks and pay attention to features before making a judgment could be informative of this 
active process. Finally, this model allows us to understand part of the natural variation in how 
people make aesthetic judgments. I will explore some of these points during my presentation. 
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