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In natural visually guided behavior, observers must separate relevant information from a barrage of 
irrelevant information. Many studies have investigated the neural underpinnings of this ability using 
artificial stimuli presented on blank backgrounds. Natural images, however, contain task-irrelevant 
background elements that might interfere with the perception of object features. Recent studies 
suggest that visual feature estimation can be modeled through the linear decoding of task-relevant 
information from visual cortex. So, if the representations of task-relevant and irrelevant features are 
not orthogonal in the neural population, then variation in the task-irrelevant features would impair 
task performance. We tested this hypothesis using human psychophysics and monkey neurophysiology 
combined with parametrically variable naturalistic stimuli. We demonstrate that (1) the neural 
representation of one feature (the position of an object) in visual area V4 is orthogonal to those of 
several background features, (2) the ability of human observers to precisely judge object position 
was largely unaffected by those background features, and (3) many features of the object and the 
background (and of objects from a separate stimulus set) are orthogonally represented in V4 neural 
population responses. Our observations are consistent with the hypothesis that orthogonal neural 
representations can support stable perception of object features despite the richness of natural visual 
scenes.
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A major function of the visual system is to infer properties of currently relevant stimuli without interference 
from the tremendous amount of task-irrelevant information that bombards our retinas. Many laboratory studies 
of the neural basis of this ability use, for good reasons, relatively simple stimuli1–9. An advantage of this approach 
is experimental control: one can parametrically vary stimuli and completely specify the input to the visual 
system. However, a downside of using such stimuli is that their simplicity prevents them from fully illuminating 
the neural algorithms by which the brain sorts through the large quantity of visual information characteristic of 
natural viewing (see simulations in Ruff et al.10).

In contrast to simple artificial stimuli, natural images can vary in many features, and these features are jointly 
encoded by the responses of populations of neurons in visual cortex11–16. It is well known that neurons in visual 
cortex are tuned for various features4,17, so a single neuron’s response may not allow unique identification of 
multiple image feature values. In general, tuning for simple features is thought to be independent, meaning that, 
for example, a neuron’s tuning for orientation does not predict its tuning for spatial frequency18–20. In this case, a 
population of neurons, comprised of neurons that on their own confound multiple stimulus features, will carry 
sufficient information as a group to allow robust estimation of any one feature10. Whether neural populations 
encode different features of natural images, which themselves contain many more statistical dependencies than 
typical artificial stimuli, in a similarly independent way remains unknown.

Knowing how neural population responses to different image features covary for natural images is important 
because this has profound implications for how those features can guide behavior. A given feature can guide 
behavior in a way that is uncorrupted by other features only if its representation is independent from those 
other features. We can test for independence by viewing feature representations in a high-dimensional space in 
which each dimension represents the firing rate of one neuron in a population21,22. Because tuning curves are 

1Department of Neurobiology and Neuroscience Institute, The University of Chicago, Chicago, IL 60637, USA. 
2Department of Psychology, University of Pennsylvania, Philadelphia, PA 19104, USA. 3Ramanujan Srinath and 
Amy M. Ni have contributed equally to this work. 4Marlene R. Cohen and David H. Brainard have contributed equally 
to this work. email: brainard@psych.upenn.edu

OPEN

Scientific Reports |         (2025) 15:5316 1| https://doi.org/10.1038/s41598-025-88910-8

www.nature.com/scientificreports

http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-025-88910-8&domain=pdf&date_stamp=2025-2-12


smooth and continuous, systematically varying one scene feature, such as the position of a banana, traces out 
a continuous trajectory in the population space, which can typically be approximated by a line23,24. If just one 
feature varies, then the value of that feature can be read out by projecting the population response onto this line 
(aka linear decoding).

If tuning for two features is independent across neurons, then we expect that systematically varying the second 
feature would move the population response in an orthogonal direction10. Such orthogonality would mean that 
the two features can each be linearly decoded without interference from the other. However, if tuning for the 
two features were highly correlated (e.g., all neurons that prefer vertical orientations also prefer high spatial 
frequencies), varying the two features would trace out similar lines, and it would be difficult, if not impossible, 
to read out the two features independently. Intermediate cases are also possible, in which the representations 
for different features trace out somewhat separate trajectories that are neither close to co-linear nor orthogonal.

If a population of neurons contains the stimulus representation that mediates behavior, and the 
representations of multiple features are not orthogonal or close to it in this population, then we expect that 
behavioral measurements requiring judgments about these features to be error prone. Specifically, changing a 
task-irrelevant feature would perturb estimates of a task-relevant feature to the detriment of visual performance 
and lead to misjudgments of the task-relevant feature. Therefore, and following Hong et al.25, we reasoned that 
variation in task-irrelevant features of a natural scene should not impair performance on a visual task involving 
judgments about these features if two conditions are met: visual information is read out of a neural population 
in a way that approximates a linear decoder, and the representations of relevant and irrelevant features are 
orthogonal in the relevant neural populations.

Here, we studied how the representation of the position of a foreground target object depends on variations 
in other scene features. The first experiment studies the effect of the position of background objects in the 
scene, using both neural population recordings in monkey and human psychophysics. The second uses neural 
recordings in monkeys and considers a broader range of scene variations. Because we are ultimately interested 
in how neural population responses support behavior in the natural environment, we employed naturalistic 
stimuli in these first two experiments. In a third experiment, we measured the link between neural responses 
and behavior using somewhat complex but not fully naturalistic stimuli that parametrically vary across many 
feature dimensions.

We leveraged the power of computer graphics to take parametric control of stimulus features in naturalistic 
stimuli, enabling us to vary many naturalistic stimulus dimensions and test the hypothesis that the observers’ 
perceptual abilities to make fine perceptual distinctions will not be perturbed on a threshold-level judgment 
task by task-irrelevant variations in stimuli and backgrounds if the neural representations of task-relevant and 
irrelevant features are orthogonal. Using a combination of human psychophysics and monkey neurophysiology, 
we demonstrate that (1) the population representation of a target object’s position in V4 is orthogonal to those of 
several background features, (2) the ability of human subjects to make precise perceptual judgments about object 
position was largely unaffected by task-irrelevant variation in those background features, and (3) many features 
of the object and the background (position, color, luminance, rotation, and depth) in these naturalistic images, 
and also of artificial stimuli in which many features are parametrically varied, are independently decodable from 
V4 population responses. We also examined monkey’s behavior for estimating features of the artificial stimuli. 
Together, these observations support the idea that orthogonal neuronal representations enable stable perception 
of objects and features despite the tremendous irrelevant variation inherent in natural scenes.

Results
Central hypothesis: orthogonal representations enable observers to ignore irrelevant visual 
information
We tested the hypothesis that task-irrelevant information will not affect a perceptual judgment if the representations 
of the task-relevant and irrelevant features are orthogonal25. Figure 1a-b depict how we used computer graphics 
to parametrically vary different scene features, such as the position of a central object, the rotational position 
of objects in the background, and the depth position of objects in the background. Using this set of stimulus 
variations, consider the effect of varying the position of the object on a hypothetical neural population response 
as illustrated in the left panel of Fig. 1c. Each point in the plot represents the noisy population response to one 
presentation of an image, illustrating how varying object position against a fixed background can trace out a line 
in the high-dimensional neural population space. For this background, the position of the background could be 
read out by projecting the population response onto the line shown (labeled ‘position axis for one background’ 
in the figure). The middle panel of Fig. 1c shows how varying the background objects could affect this line in 
an orthogonal manner. In this case, the line tracing out the neural population response to the object at various 
positions is shifted in a direction orthogonal to the position axis shown in the left panel. Although a different 
line is swept out by varying object position against this second background, projecting onto the line for the first 
background continues to decode the object position accurately. If, on the other hand, changing the background 
causes a change in the position axis that is not orthogonal (right panel of Fig. 1c), projecting onto the line for the 
first background will not provide an accurate linear position readout. Thus, we test the hypothesis that changing 
an irrelevant background feature (e.g., the position of background objects) will not impact the perception of the 
task-relevant feature if the irrelevant background changes are orthogonal to the relevant ones (Fig. 1c middle).

Naturalistic stimuli with parameterizable properties
To test these predictions, we created naturalistic stimuli with many parameterizable, interpretable features 
(Fig. 1a-b). We parametrically varied the position of a central object (banana) and the rotation and depth of 
background objects (leaves and branches) set against a larger fixed contextual scene (rocks, moss-covered 
stumps, mountains, and skyline). The context was consistent across images to anchor the representations of 
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object and background features, which means that the position of the central object could be judged relative to 
the edge of the monitor, the fixation point, the contextual elements, or a combination. We presented these stimuli 
within the joint receptive fields of recorded V4 neurons (Supp. Fig. 1) while each of the two monkeys fixated on a 
central point. In sum, we recorded V4 responses in 26 experimental sessions across two animals (85–94 visually 

Fig. 1.  Stimulus design and hypotheses about how neural representations enable generalizable decoding. (a) 
We generated photorealistic images in which we permuted the features of the central object (the banana) and 
background objects (sticks and leaves) using a Blender-based image generation pipeline that gave us control 
over central- and background-object properties (their position, size, pose, color, depth, luminance, etc.) The 
distant background (here referred to as the “context”) is a static cue made of rock and grassy textures that 
were not varied. The monkey was rewarded for fixating a central point. Because the receptive fields of the 
recorded visual neurons were at several degrees of eccentricity (Supp. Fig. 1), the stimuli were placed within 
those receptive fields rather than centered over the fixation point. (b) Example images showing variations in 
three parameters – central-object position in the horizontal direction, a rotation of the background objects 
(leaves and branches), and the depth of the background objects. Five values of each of the three parameters 
were chosen for each monkey based on receptive field properties (see below), yielding an image set of 
5 × 5 × 5 = 125 images. The context was held constant across all images. (c) Hypothesized implications of the 
neural formatting of visual information on the ability to decode a visual feature. Consider the responses of a 
population of neurons in a high-dimensional space in which the response of each neuron is one dimension. 
The population responses to a series of stimuli that differ only in one parameter (e.g., the position of the central 
object) change smoothly in this space (left). Responses to a set of stimuli that differ in the same parameter 
but also have, for example, a difference in the background will trace out a different path in this space (e.g., the 
red points in the center and right panels). Relative to the first (blue) path, changing the same parameter on 
a different background could change the population response in a parallel way; more specifically, changing 
the background could move the population along an orthogonal dimension to the dimension encoding the 
parameter of interest (center). This scenario would enable linear decoding of the parameter of interest invariant 
to background changes. Alternatively, the direction that encodes the parameter of interest could depend on the 
background (right). Under the linear readout hypothesis, in this case, varying the background would impair 
the ability of a population of neurons to support psychophysical estimation of the parameter of interest.
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responsive multi-units per session). Most of the units in our measured population were sensitive to variations 
in both the position of the central object and the variations in background rotation and depth (Supp. Fig. 1d).

V4 neurons robustly encode stimulus position for each stimulus background
We first measured the extent to which V4 neurons encode object position by linearly decoding that position for 
each unique background stimulus. This decoding ability is a pre-requisite for meaningful tests of the orthogonality 
of the population representation when other image features are varied. Figure 2a shows that for each unique 
background configuration (rotation and depth), V4 neurons from a single session support good linear decoding 
of the position of the object (each of the 25 panels in Fig. 2a is for a specific background configuration; each gray 
point in the panels shows decoded object position for a single presentation; the mean and standard deviation 
for each position - open circles and error bars - summarize our ability to predict the position of the object from 
the activity of V4 neurons). The numbers at the upper left of each panel provide the correlation between the 
predicted and actual object stimulus position (mean performance = 0.698).

V4 representations of stimulus position and background features are approximately 
orthogonal
Because the first condition, that we could use a linear decoder to estimate the position of the object in each 
background (Fig. 2a), was met, we tested the second part of our orthogonality hypothesis. We tested this second 
part, that the neural representation of the position of the central object in V4 is approximately orthogonal to 
the representations of features of the background objects (depth and rotation of the leaves and branches) in our 
stimuli, in five ways.

First, we calculated how well we could use a linear decoder to decode object position with a single general 
decoder, across the various background conditions. This worked well. Indeed, across sessions, we could decode 
object position (Fig. 2b), background rotation (Supp. Fig. 2a), and background depth (Supp. Fig. 2b) accurately 
across variation in the values of the other two features. We trained these decoders with either all presentations in 
a leave-one-out fashion or matching presentation counts with the condition-specific decoders with qualitatively 
similar results (see Methods for the details of this comparison). The ability of a single decoder to read out banana 
position across all background variations is similar to that of the decoders that were optimized for each unique 
background stimulus and is high across all sessions for two monkeys (Fig. 2c). This result suggests that the 
population of V4 neurons we measured encodes all of the tested features well and near orthogonally.

Second, we found that on a trial-by-trial basis, errors in the decoded estimates of object position are not 
correlated with errors in decoding of background rotation and depth (Fig. 2d and Supp. Fig. 2e). This lack of 
correlation also suggests that the representations of object position are independent in V4 from representations 
of background rotation and depth.

Third, to probe the orthogonality of the representations in more detail, we also tested the performance 
of condition-specific decoders using responses obtained in other background conditions (cross-condition 
decoders; Supp. Fig. 3). In the case of perfect orthogonality, these decoders would perform as well on data from 
other background conditions as on held-out data from the condition they were trained on. We found that as the 
feature value of the background deviated further from the one the decoder was trained on, decoding accuracy 
did decrease slightly. This is a strong test of orthogonality, however, and the largest effect at the furthest difference 
in background feature value is a quite modest ~ 0.15. This suggests that the object position representations are 
largely, but not perfectly, orthogonal to the effect of background feature changes (see Discussion).

Fourth, we compared the weights assigned to each neuron when constructing each linear decoder. We found 
no significant correlations between the weights assigned while decoding any of the features (position, rotation, 
or depth; Supp. Fig. 4a). There was also no detectable relationship between each neuron’s sensitivity to a feature 
and its decoding weight (Supp. Fig. 4d).

Finally, if the representations of stimulus position and background parameters are orthogonal, then 
the decoders optimized for each unique stimulus (Fig. 2a) should be mutually aligned in neural population 
space. Put another way, if the representation of stimulus position is robust to variation in the background, this 
representation should vary along the same direction across backgrounds. To probe this, we calculated the line in 
neural population space that best explains population responses to each stimulus position for each background. 
These are depicted in Fig. 3a for each unique background condition (plotted for the first two principal components 
of the population neural responses for visualization purposes only; each point is a trial, each bright point is the 
average population response to a particular object position, and gray to yellow point colors represent the five 
object position values). The angle in the population space between the decoders for each unique background and 
the decoder for the background configuration whose decoder is shown in the center of 3a marked with ∗ (chosen 
as a reference to define the origin of the angular measure) is indicated in degrees. The distribution of angles for 
this example session (Fig. 3b) and across all sessions in both animals (Fig. 3c) is skewed toward much smaller 
angles than expected by chance – gray distributions in Fig. 3c depicting a median of ~ 90° for decoders trained 
on shuffled (randomizing trial labels within background configuration) responses to each unique background 
condition (labeled “shuffle”; dark gray) and angles between random vectors in a response space with the same 
dimensionality as the neural decoding space (labeled “random”; light gray).

Together, these recording results support the idea that the neural representation of stimulus position is close 
to orthogonal to the representations of background rotation and depth in V4.

Human subjects discriminate stimulus position robustly with respect to background variation
Our central hypothesis predicts that when the representations of two stimulus features are orthogonal in the 
brain, varying one should not impact the ability of subjects to discriminate the other. We tested this hypothesis 
by measuring the ability of human observers to discriminate the position of the central object in our stimuli amid 
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Fig. 2.  Object position decoding from V4 population responses is consistent across background variations. 
(a) We can linearly decode object position for each background stimulus (for the example session shown 
here). Each panel represents a unique configuration of background rotation and depth, with rows representing 
variations in rotation and columns representing variations in depth. Each gray point shows the decoded 
position for a single image presentation in this session. These points depict the actual object position (x-axis, 
in visual degrees relative to the center of the image) and the decoded position (y-axis) using a separate, cross-
validated linear decoder for each unique background. The open circles represent the trial-averaged predicted 
position (vertical length is the standard deviation). The number in the top-left is the correlation between 
the actual and decoded positions and the yellow dashed line is a linear fit (compared to null hypothesis that 
the correlation is 0 or ‘constant model’, the p-values of tests to reject this hypothesis range from 2.5 × 10−15 
to 1.4 × 10−6 for this session). The dark gray to yellow gradient of the open circles is a redundant cue in the 
figure that also conveys stimulus position variation. The gray dashed line represents the identity. (b) Position 
decoding is largely consistent across background variations. This plot is in the same format as those in A. 
Here, a condition-general decoder that ignores variations in the background and incorporates all stimulus 
presentations is used (r = 0.73; vs. constant model, p < 0.001). We also computed the general decoder using 
the minimum number of presentations across all 25 specific decoders in A (60 trials) for 100 folds and found 
similar results (r = 0.72; vs. constant model, p < 0.001). Compare with Supp. Fig. 2a and b for background 
rotation and depth decoding. (c) Distribution of specific decoder accuracies (correlation) across all sessions 
for each monkey (each session contributed 25 values to the histogram). Blue and red arrows represent the 
median accuracy (0.662 for monkey 1, 0.703 for monkey 2). The box plots above the histograms summarize 
general decoder accuracy across sessions for each monkey. The central line in each box plot indicates the 
median (0.735 for monkey 1, 0.724 for monkey 2), box edges indicate 25 and 75 percentiles, whiskers indicate 
minimum and maximum values, and + symbols indicate outliers. We found similar results for the trial count 
matched general decoders (median 0.732 for monkey 1, 0.722 for monkey 2). Compare with Supp. Fig. 2c 
and d for background rotation and depth decoding. (d) Error in decoding object position (across background 
variations) for each trial compared with the error in decoding background rotation. The correlation between 
the two types of errors is very small (r=−0.083), although it is statistically significant (p = 0.001). See Supp. 
Figure 2e for comparison with error in trial-wise background depth decoding.
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variation in the background rotation and depth. Using a threshold paradigm, we tested this idea for stimulus step 
sizes that approach the limits of perception.

Human subjects viewed two images of the object separated by two different masks (Fig. 4a) and reported 
whether the object in the second image was positioned to the left or right of the object in the first presentation. 
The offset between the two object positions was varied systematically to allow us to calculate a discrimination 
threshold for each background variation condition. Across blocks of trials, we varied the amount of within-trial 
image-to-image variability in the background objects across the two presentations of the central object. The 
context (the rocky and grassy textures) was held consistent across images to give the variations in the object and 
background features a frame of reference. When there was background variation, intrusion of that variation on 
decoding of position would manifest as an elevated discrimination threshold if the representation of the object 
position was not orthogonal to that of the background features26,27. However, consistent with the idea that the 

Fig. 3.  Object position axes across background variations are aligned with each other. Since object position 
decoding is tolerant to background variations, we tested whether the linear decoding axes for each background 
configuration were aligned by visualizing the decoders in the first two principal components of the neural 
response space. These dimensions were computed for the full set of neural responses obtained in each session. 
(a) As with Fig. 2a, each panel represents a unique configuration of the background rotation and depth 
with rows representing variations in rotation and columns representing variations in depth. Each dim point 
represents a single image presentation, and bright points represent trial-averaged responses. Gray-to-yellow 
gradient represents monotonic variation in object position. A gradient line was fit to the responses for each 
background condition, shown here in two dimensions for illustration. The lines shown have been normalized 
to have the same length in the projected space shown. The text label at the top left represents the relative 
angle between each decoder and the central decoder (the middle background condition plot, marked with ∗) 
calculated in the full dimensional space of responses used for decoding. (b) Distribution of angles in A as a 
histogram. Arrow at the top represents the median angle for this session (7.78°). (c) Distribution of relative 
decoder angles across all object position decoders (like those in A) across sessions for both monkeys (blue and 
red distributions). Blue and red arrows represent the median of angles across sessions (16.4° for monkey 1, 
12.07° for monkey 2). Dark gray distribution represents the angles of object position decoders after shuffling 
the position values for each trial (median 88.13°, shown as dark gray arrow). Light gray distribution represents 
the angles between randomly chosen vectors of the same dimensionality as the neural population space 
(median 89.99°, shown as light gray arrow).
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orthogonal representations of object position and background features that we found in the neural recordings 
enable background-independent perception, introducing variability into the background did not significantly 
impact the position discrimination performance of human subjects (Fig. 4b and Supp. Fig. 5). To make a direct 
comparison between parameter decoding of neural representations and human psychophysical performance, we 
partitioned neural data into “no variation”, “rotation variation only”, and “depth and rotation variation” groups 
and trained linear discriminants to classify left or right position difference between pairs of presentations (Fig. 
4c). As with the human psychophysical performance, the cross-validated discrimination performance of these 

Fig. 4.  Human psychophysics experiments suggest that object position discrimination is unaffected by 
stimulus background variation. Since object position representation in V4 neurons is robust to background 
variation, we tested whether changing background properties affects the decoding of object position in 
humans. (a) Human psychophysical task. Two images containing a object were presented, with two masks 
in between. Participants were instructed to report whether the relative position of the object in image 2 was 
left or right of that in image 1. In blocks, background rotation and/or depth were held constant or varied 
as described below. (b) Averaged (across participants, N = 10) psychometric functions for each background 
variation condition (individual participant performance shown in Supp. Fig. 5). Three background conditions 
were tested: black: no background variation between the two presentations of the object on each trial; red: 
background rotation changed randomly across the two presentations of the object, but background depth 
was held fixed; blue: both background rotation and depth were randomized across the two presentations 
of the object. Across participants, object position change detection performance was similar across the 
three background variation conditions (paired t-tests on thresholds between each pair, p > 0.05, Bonferroni 
corrected). Bayes Factor Analysis for the main effect of background variations suggests strong evidence for 
the absence of the effect of background variation in choices (1/BF = 34.27; see Methods for details). This value 
of 1/BF provides support for the absence of a background effect in the human psychophysics. (c) To compare 
human behavior and monkey electrophysiology, we selected stimulus presentations in the monkey experiments 
to approximate the three background variation levels used in the human psychophysics experiment (see 
Methods for details of sample matching). We trained linear discriminants to separate trials into right or left 
position shift, for each background variation condition. During training, the trials with the object in the central 
position were randomly assigned to be left or right. Classifier performance also did not differ substantially 
across the background variation conditions (paired t-tests on thresholds between each pair, p > 0.05, Bonferroni 
corrected). Similar to (b) above, Bayes Factor analysis suggests strong evidence for the absence of the effect of 
background (1/BF = 26.25 for monkey 1 and 1/BF = 8.99 for monkey 2). These values of 1/BF provide support 
for the absence of a background effect of a background effect in the neural decoding.
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classifiers did not differ across the three background variation groups. Thresholds for the neural classifiers are 
higher than those for the human subjects (note the difference in the x-axis scale between Fig. 4b and c), which is 
expected given that neuronal responses were measured to peripheral stimuli and that we recorded from a small 
subset of the neurons that could support psychophysical performance.

At least ten object and background features are represented approximately orthogonally in 
V4
To test the extent to which the orthogonality of representations of different features generalizes to other features 
of the object and background in our stimuli, we measured V4 responses to a large image set where the color, 
luminance, position, rotation, and depth of both the background and object each took one of two values (this 
yields 210 = 1,024 unique images; Fig. 5a). If any two parameters are encoded orthogonally in neural population 
space, then it should be possible to linearly decode those parameters successfully despite the variation in the 
others. Conversely, a decoder trained on one parameter should not provide information about the others. To test 
these predictions, we trained linear decoders for each object or background feature and then tested our ability to 
decode each of the ten features with each decoder.

Each of the ten features was encoded in the V4 population despite the variation in the other features, 
meaning that the correlation between the actual value of the feature parameter and the value predicted by a 
cross-validated linear decoder was above chance (diagonals in Fig. 5b). In addition, the correlation between a 
given parameter and the value predicted by a decoder trained on a different parameter (off-diagonals in Fig. 5b) 
was indistinguishable from chance except in one case (the color of the central object and background objects). 
These observations suggest that a population of V4 neurons can encode a relatively large number of natural 
scene parameters independently, enabling observers to avoid distraction by task-irrelevant stimulus features. 
The observation that there is an interaction between central and background objects presents an opportunity 
for future work to test the prediction that task-irrelevant variation in background object color should affect 
psychophysical discrimination of central object color. This outcome would be consistent with the results of Singh 
et al.27.

Object features represented orthogonal to a task-relevant feature do not affect behavioral 
estimation
The results of these first two experiments demonstrate that a feature of naturalistic scenes (object position) that 
is represented orthogonally to the features of its background can be perceptually estimated independently of 
those background features. To explore the generality of the results of the experiments presented above, we also 
analyzed published data from our lab to test the ideas in the context of within-object features. Specifically, we 
analyzed recordings from the same monkeys while they viewed isolated objects on a gray background (a detailed 

Fig. 5.  Orthogonal representations for variations in up to 10 object and background features. We generated a 
large image set where the color, luminance, position, rotation, and depth of both the background and object 
each took one of two values yielding 210 = 1,024 images. We collected V4 population responses to these images 
as in Supp. Fig. 1c. (a) Example images illustrating object and background parameter variation. (b) If two 
features are encoded orthogonally (independently) in neural population space, then a decoder trained on one 
feature should not support decoding of the other feature. We trained linear decoders of V4 responses for each 
object and background feature (x-axis) and tested the ability to decode each of the other features. The diagonal 
entries provide, for each feature, the correlation between the decoded and actual feature parameter values for a 
decoder trained on that feature. Correlations were obtained through cross-validation. Decoding performance 
was above chance (median correlation of 0.61) for all features (p < 0.0001; t-test across folds). The off-diagonal 
values depict the performance of a decoder trained on one feature (x-axis) for decoding another (y-axis). This 
cross-decoding performance was not distinguishable from chance (median correlation of 0.008) except in the 
case of the color of the object and background (r = 0.36).
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explanation of the stimuli, task, and methods and a different analysis of a subset of these data are reported 
elsewhere28). We generated 50 three-dimensional shapes that varied in size, color, orientation, curvature, 
thickness, and several other features. (Supp. Fig. 6a). We flashed them while the monkeys fixated on a central 
dot (as with the images with the banana above). We analyzed the orthogonality of the shape features using cross-
validated cross-decoding (Supp. Fig. 6b, compare to Fig. 5). We found that 116 of the 120 feature pairs were 
encoded orthogonally. The four feature pairs that could be cross-decoded were varied in the limited stimulus set 
in a correlated manner by chance (see Methods for details).

To test whether an orthogonally represented feature affects the monkeys’ behavioral estimates of shape, we 
trained the monkeys to estimate the axial curvature of new 3D objects (Supp. Fig. 6c). The curvature was varied 
continuously, and the behavioral report was also on a continuous, analog scale. The monkeys were rewarded 
based on their estimation accuracy. Consistent with our hypothesis, the monkeys’ curvature estimation behavior 
was invariant to task-irrelevant features that were represented orthogonally to curvature, including color, 
thickness, length, gloss, (Supp. Fig. 6d).

Discussion
Using a combination of multi-neuron electrophysiology in monkeys and human psychophysics, we tested the 
hypothesis that irrelevant visual features, whether in the object of interest or in the background of a scene, 
will not interfere with the perception of a target feature when their representations are orthogonal in visual 
cortex. We demonstrated that (1) in monkey area V4, the representation of object position is orthogonal to 
the representations of many irrelevant features of that object and the background, (2) the threshold for human 
observers to judge a change in object position was unaffected by the variations in the background stimulus 
that were shown neuronally to have orthogonal representations in monkey V4, and (3) the ability for monkey 
observers to estimate the curvature of an object was unaffected by irrelevant features of that object that were 
represented orthogonally in V4.

Mechanisms supporting orthogonality
Our study quantifies how neural populations represent multiple naturalistic stimulus variations, but it does not 
provide direct insight into how the encoding and processing of visual stimuli produce those representations. 
Under biologically realistic assumptions, simulations show that although it is possible to learn about the 
independence/orthogonality of feature representations within a population from small population recordings, it 
is generally not possible to characterize the role of each recorded neuron10.

It is possible that other feature pairs that we did not study, such as purely lateral shifts in background objects 
relative to the central object, may interact either in behavior or neurally. In recent years, many studies have 
demonstrated that neural networks trained to categorize natural images produce representations that strongly 
resemble neural representations in the ventral visual stream12,15,29–31. These models provide an opportunity to 
understand the conditions under which aspects of natural stimuli are most likely to be represented orthogonally 
and which aspects might best be targeted in future studies to probe potential failures of orthogonality25,32–37. 
Additionally, our strong test of orthogonality based on cross-condition decoding revealed slight deviations in 
orthogonality of object position relative to background variations (Supp. Fig. 3). We predict that future studies 
on the capacity of a neural population for encoding naturalistic visual features (discussed further below) will 
shed light on the limits of orthogonal representations. We hope our results will produce a productive coupling 
of computational analysis of the mechanisms by which orthogonal representations emerge with behavioral 
experiments using the same parametrically varied computer graphics stimuli.

We also note that figure-ground segmentation is relevant to the ability to judge features of an object independent 
of the background7,38,39. Segregation of figure from ground does not guarantee that the representation of features 
of the ground does not influence the representation of the figure (or vice-versa). An exciting avenue for future 
work will be understanding, in a much wider set of natural scenes than we considered, the relationship between 
figure-ground segmentation, orthogonal representations of the features of a figure and ground, and perception 
of a figure independent of its background.

Relationship to the notion of untangling and representational geometry
The conditions under which objects can be disambiguated from neural population responses have been studied 
using the concept of untangling40–43. Untangling has been primarily discussed in the context of object classification. 
The hypothesis is that different objects can be appropriately classified (e.g. discriminating images of bananas 
from images of leaves) when the neural population representations of those objects are linearly separable in the 
face of irrelevant variations in the images (e.g. changes in position, orientation, size, or background). Support 
for this hypothesis comes from the observation that as one moves from early to late stages of the primate ventral 
visual stream, representations of different object categories become more linearly separable25,33,42,44,45. Progress 
has been made in understanding how the tuning functions and mixed selectivities of neurons support untangled 
population representations46–48.

The untangling framework has been extended to address the structure of neural populations that represent 
object categories more generally by characterizing the geometry of the high-dimensional representational 
manifolds34,35,49–52. The capacity and dynamics of representational geometries in visual cortex correlate with 
classification behavior42,53,54, in parietal and prefrontal cortices with perceptual decision-making23,55–57, and in 
motor cortex with control of muscle activity58–61.

Other studies consistent with this line of thinking have also considered features and have demonstrated that 
neural responses to relevant and distracting features of simple stimuli are linearly separable in the brain areas (or 
analogous layers of deep network models of vision) that are thought to mediate that aspect of vision35,36,40,44,62. 
Indeed, a previous study in our lab also found a relationship between our ability to linearly decode visual 
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information, the activity of neural populations in monkeys, and the ability of human observers to discriminate 
the same stimuli32. Our conclusions are also consistent with those reached in a study that considered neuronal 
representations in V4 and IT and behavioral estimates of the properties of objects presented against natural 
image backgrounds25. That study found an increase in the orthogonality of representation from V4 to IT and 
good behavioral estimation of the orthogonally represented properties. Given those results, it seems possible 
that our stimuli would have revealed increased orthogonality in areas further along the processing hierarchy 
than the V4 site of our electrode array; such a result would not change the general conclusions we draw about 
the relation between orthogonality and behavior performance.

Opportunities from studying parameterizable naturalistic images
The present study extends the measurements of the relationship between the neural untangling of lower-level 
features and visually guided behavior with respect to features in naturalistic images. For our naturalistic scenes, 
we did not find that variation in background object positions perturbed the perception representation of 
foreground object position. Interestingly, there are known cases with simple stimuli where the position of some 
scene elements influences the position (or motion) judgments of other elements. Both the Poggendorf63 and the 
Flash Grab Effect64 could be taken as of such interaction. What needs to be true of the scene for the visual system 
to generate maximally robust perceptual representations, particularly whether this is related to the statistical 
structure of natural scenes, remains an interesting and open question.

More generally, our view is that the perception of object features in complex natural images provides increased 
power for testing the untangling hypothesis in the context of feature decoding. Unlike the case of simpler stimuli, 
the number of task-irrelevant features available for manipulation is larger and is likely to more fully challenge 
the coding capacity of neural populations whose representations are of limited dimensionality50. Furthermore, 
visual distractors (like variation in the background) heavily influence scene categorization performance in 
artificial stimuli but not natural stimuli, suggesting that orthogonal feature representations in natural stimuli 
are more resilient to noise34,65. Studying the relationship between neurons and visually guided behavior using 
parameterizable naturalistic images solves many of the challenges inherent in using simple artificial stimuli on 
the one hand or natural images on the other1,2,30,66–68. The graphics-generated stimuli we employ strike a balance 
between the experimental control available through parameterization and the ability to measure principles 
governing neural responses to and perception of features of natural images that are difficult or impossible to 
glean using artificial stimuli.

Opportunities from cross-species investigations of visual perception
Our results highlight the power of pairing neural population recordings in animals with behavior in humans 
for understanding the neural basis of visual perception. We showed that the same principle (orthogonally 
represented features do not interfere perceptually) can be gleaned from cross-species approaches as from 
simultaneous recordings from behaving monkeys. Although simultaneously recording neurons and measuring 
behavior has many advantages, comparison with human performance provides some assurance that the neural 
results obtained in an animal model generalize to humans. In addition, our approach links observations from the 
more peripheral visual field locations, where, for technical reasons, the neural recordings are most often made, 
to the central visual field locations that are typically the focus of studies with human subjects.

Since the monkeys were rewarded simply for fixating during the recordings for our first two experiments, our 
experiments focus on neural population activity that is stimulus-driven rather than reflecting internally driven 
processes like attention or motivation. In future work, it will be interesting to merge our knowledge of how 
stimulus-driven and internal processes combine to influence neuronal responses and performance on visual 
tasks.

Conclusion
Our results provide behavioral and neurophysiological evidence supporting the powerful untangling hypothesis. 
They extend the study of untangling to representations of features of objects and backgrounds and demonstrate 
the value of parameterizable naturalistic images for studying the neural basis of visual perception. They also 
suggest a promising future for investigating the neural basis of perceptual and cognitive phenomena by leveraging 
the complementary strengths of multiple species.

Methods
Experimental models and subject details
Monkey electrophysiology
Two adult male rhesus monkeys (Macaca mulatta, 10 and 11 kg) were implanted with titanium head posts 
before behavioral training. Subsequently, multielectrode arrays were implanted in cortical area V4 identified by 
visualizing the sulci and using stereotactic coordinates. The monkeys were sourced from Alpha Genesis, Inc. 
All animal procedures were approved by the Institutional Animal Care and Use Committees of the University 
of Pittsburgh and Carnegie Mellon University, and all training, surgery, and experimentation methods were 
performed in accordance with the relevant guidelines and regulations. Additionally, this study is reported in 
accordance with ARRIVE animal use and reporting guidelines.

Human psychophysics
This study was preregistered at ClinicalTrials.gov, NCT number NCT05004649, ​h​t​t​p​s​:​/​/​c​l​i​n​i​c​a​l​t​r​i​a​l​s​.​g​o​v​/​c​t​2​/​s​h​
o​w​/​N​C​T​0​5​0​0​4​6​4​9​​​​​. The experimental protocols were approved by the University of Pennsylvania Institutional 
Review Board, and all recruitment and experimentation methods were performed in accordance with the 
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relevant guidelines and regulations. Participants were invited to volunteer to participate in this study. Participants 
provided informed consent and filled out a lab participant survey. We also screened for visual acuity using a 
Snellen eye chart and for color deficiencies using the Ishihara plate test. Participants were excluded prior to the 
experiment if their best-corrected visual acuity was worse than 20/40 in either eye or if they made any errors on 
the Ishihara plate test.

Participants were excluded after the conclusion of their first session if their horizontal position discrimination 
threshold in the no variation condition (see description of conditions below) was higher than 0.6° of visual angle, 
and participants excluded at this point did not participate in any further experimental sessions.

Experimental design
Image generation (for both human psychophysics and monkey electrophysiology)
All the stimuli were variants of the same natural visual scene: a square image with a central object (a banana) 
presented on an approximately circular array of overlapping background objects (made up of overlapping 
branches and leaves). These objects were rendered against a distant and static context (rocky and grassy textures) 
which served as a consistent cue to estimate the spatial parameters (position, orientation, depth). The central 
object and/or the background objects changed in horizontal position, rotation, and/or depth across different 
stimuli. In the larger set of stimuli (detailed below) the luminance and color of the central and background 
objects also changed. The central object and background objects are presented in the context of other objects 
(a rock ledge, a skyline, and three moss-covered stumps) that remain unchanged across all stimulus conditions. 
This natural visual scene was created using Blender, an open-source 3D creation suite ​(​​​h​t​t​p​s​:​/​/​w​w​w​.​b​l​e​n​d​e​r​.​o​r​
g​​​​​, Version 2.81a). The object and background parameters were varied using ISET3d, an open-source software 
package (https://github.com/ISET/iset3d) that works with a modified version of PBRT ​(​​​h​t​t​p​s​:​/​/​g​i​t​h​u​b​.​c​o​m​/​s​c​i​e​
n​s​t​a​n​f​o​r​d​/​p​b​r​t​-​v​3​-​s​p​e​c​t​r​a​l​​​​​; unmodified version at https://github.com/mmp/pbrt-v3).

The images created using ISET3d were converted to RGB images using custom software (Natural Image 
Thresholds; https://github.com/AmyMNi/NaturalImageThresholds) written using MATLAB (MathWorks; 
Natick, MA) and based on the software package Virtual World Color Constancy (github.com/BrainardLab/
VirtualWorldColorConstancy). Natural Image Thresholds is dependent on routines from the Psychophysics 
Toolbox (http://psychtoolbox.org), ISET3d (https://github.com/ISET/iset3d), ISETBio ​(​​​h​t​t​p​:​/​/​g​i​t​h​u​b​.​c​o​m​/​i​s​e​t​b​i​
o​/​i​s​e​t​b​i​o​​​​​)​, PBRT (https://github.com/scienstanford/pbrt-v3-spectral; unmodified version at ​h​t​t​p​s​:​/​/​g​i​t​h​u​b​.​c​o​m​/​
m​m​p​/​p​b​r​t​-​v​3​​​​​)​, and the Palemedes Toolbox (palamedestoolbox.org).

To convert a hyperspectral image created using ISET3d to an RGB image for presentation on the calibrated 
monitor, the hyperspectral image data were first used to compute LMS cone excitations. The LMS cone excitations 
were converted to a metameric rendered image in the RGB color space of the monitor, based on the monitor 
calibration data. A scale factor was applied to this image so that its maximum RGB value was 1 and the image 
was then gamma corrected, again using monitor calibration data. This process was completed separately for the 
two different monitors used, one for the psychophysics and one for the neurophysiology.

Monkey electrophysiology
Array implantation, task parameters  Both animals were implanted with titanium headposts before behavioral 
training. After training, microelectrode arrays were implanted in area V4 (96 recording sites; Blackrock Mi-
crosystems). Array placement was guided by stereotactic coordinates and visual inspection of the sulci and gyri. 
The monkeys were trained to perform a fixation task along with other behavioral tasks that were not relevant 
to this study. The stimulus images used in this study were not displayed outside of the context of this task. The 
monkeys fixated a central spot for a pre-stimulus blank period of 150–400 ms followed by stimulus presenta-
tions (200–250 ms) interleaved with blank intervals (200–250 ms). The stimuli were presented one at a time 
at a peripheral location that overlapped the receptive fields of the recorded neurons. In each trial, 6–8 stimuli 
were presented, after which the monkey received a liquid reward for having maintained fixation on the central 
spot until the end of the stimulus presentations. If the monkey broke fixation before the end of the stimulus 
presentations, the trial was terminated. The intertrial interval was at least 500 ms. The stimuli were presented 
pseudo-randomly.

The visual stimuli were presented on a calibrated (X-Rite calibrator) 24” ViewPixx LCD monitor (1920 × 1080 
pixels; 120 Hz refresh rate) placed 54 cm (monkey 1) or 56 cm (monkey 2) from the monkey, using custom 
software written in MATLAB (Psychophysics Toolbox; Brainard, 1997; Pelli, 1997). Eye position was monitored 
using an infrared eye tracker (EyeLink 1000; SR Research). Eye position (1000 samples/s), neuronal activity 
(30,000 samples/s) and the signal from a photodiode was recorded to align neuronal responses to stimulus 
presentation times (30,000 samples/s) using Blackrock CerePlex hardware.

Neural responses  The filtered electrical activity (bandpass 250–5000 Hz) was thresholded at 2–3% RMS value 
for each recording site and the threshold crossing timestamps were saved (along with the raw electrical signal, 
waveforms at each crossing, and other signals). Spikes were not sorted for these experiments, and ‘unit’ refers to 
the multiunit activity at each recording electrode. The stimulus-evoked firing rate of each V4 unit was calculat-
ed based on the spike count responses between 50 and 250 ms after stimulus onset to account for V4 response 
latency. The baseline firing rates were calculated based on the spike count responses in the 100 ms time period 
before the onset of the stimulus.

Neuron exclusion  For each unit in an experimental session, the average stimulus-evoked responses across all 
stimuli were compared with the average baseline activity. The unit was included in further analyses if the average 
evoked activity was at least 1.1x the baseline activity. This lenient inclusion criterion was chosen because, for the 
chosen experimental design and stimuli, dimensionality-reduced decoding analyses are resilient to noise and 
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benefit from information distributed across many neurons. Each recording experiment yielded data from 90 to 
95 units (mean 94.1).

Receptive field mapping  A set of 2D closed contours, 3D solid objects, and black-and-white Gabor images 
were flashed as described above in the lower left quadrant of the screen. The positions and sizes were chosen 
manually across several experiments to home in on the receptive fields of each V4 recording site. Typically, a 
grid of 5 × 5 positions and two image sizes were chosen to overlap partially. The spikes were counted within a 
50–250 ms window after stimulus onset, and a RF heat map was constructed for each site. The center of mass of 
this heat map was chosen as the center of the RF, and an ellipse was fit to circumscribe the central two standard 
deviations. This resulted in centers and extents of the RF of each recording site. The naturalistic image sets for the 
experiments described below were scaled such that the circular aperture within which the background objects 
were contained fully overlapped the population RF. This necessitated that the image boundary exceeded the RF 
of some neurons, but the image information outside of the circular aperture was held constant across images.

Experiment 1: Effect of task-irrelevant stimulus changes on the ability of V4 neurons to encode a feature of 
interest about the central object  The first goal of the electrophysiology experiments was to determine if the 
information about the chosen parameter of the central object (banana position) interferes with information 
about distracting parameters (background object rotation and depth). To do this, we systematically varied the 
horizontal position of the object and the background parameters in an uncorrelated fashion. The values and 
ranges of the object and background parameters were customized for each monkey such that there was a differ-
ential response to each condition on average across all other conditions, i.e., a 3-way ANOVA for object position 
and the two background conditions all had a significant main effect (p < 0.01). Five values of object position, 
background depth, and background rotation were chosen and permuted, yielding 125 image stimuli. Further 
details of stimuli can be found in Fig. 1 and Supp. Figure 1, as well as the associated code and data repositories.

The data were collected in 26 recording experiments (17 sessions across 11 days from monkey 1 and 9 
sessions across 8 days from monkey 2). Recording experiments with fewer than three repetitions per stimulus 
image were excluded. Therefore, each stimulus was presented between 3 and 16 times, yielding between 381 and 
2084 presentations (mean 831).

Experiment 2: relationships between multiple object and background feature dimensions  The second goal of 
the monkey electrophysiology was to determine whether different visual features are encoded orthogonally in 
neuronal population responses. Therefore, we measured responses to stimuli that varied many features of the 
central object (banana), including its horizontal position, depth, orientation, and two surface parameters (color 
and luminance). We also independently varied the same five features of the background objects (branches and 
leaves). We used two values for each of the ten features. We chose to make the ten features equally decodable by 
the population of V4 neurons (see Fig. 5). We measured responses to five repetitions of each of 210=1024 stimuli. 
Each stimulus image was repeated between two to three times. Because of the large dataset required for this 
experiment, the data analyzed in Fig. 5 were collected from one session from monkey 1.

Experiment 3: relationship between multiple object feature dimensions and their influence on behavior  We 
repeated the fixation experiment in the same monkeys to display 3D objects that were parametrically generat-
ed and varied in up to 16 parameters. Details of shape generation have been published elsewhere28. Unlike in 
experiment 2, we did not generate all permutations of the 16 parameters; instead, we generated 50 objects with 
random values of those features (Supp. Figure 6a). Stimuli were repeated at least five times. We collected data 
from both monkeys in six and eight experimental sessions, respectively.

Please refer to the publication referred to above for details on the curvature estimation experiment. Briefly, we 
generated a base shape with a random set of features as above and displayed it in one of 20 values of axial curvature 
for 500–800 ms before displaying a 140° arc in the upper hemifield. When the fixation point disappeared, the 
monkey made a saccade to this arc to indicate the curvature estimate such that leftward saccades indicated 
straight and rightward curved reports. The monkey was rewarded based on the error in behavioral estimate. For 
each behavioral session, we tested up to four random base shapes simultaneously such that the shape varied in 
several features (including axial curvature) across trials. In subsets of sessions, we also tested a single base shape 
with variations in only one feature (in-plane orientation or color) across trials. Monkeys’ curvature estimation 
behavior was not affected by trial-to-trial variations in single features or multiple features.

Human psychophysics
Apparatus  A calibrated LCD color monitor (27-inch NEC MultiSync PA271Q QHD Color Critical Desktop 
W-LED Monitor with SpectraView Engine; NEC Display Solutions) displayed the stimuli in an otherwise dark 
room, after participants dark-adapted in the experimental room for a minimum of 5 min. The monitor was 
driven at a pixel resolution of 1920 × 1080, with a refresh rate of 60 Hz and with 8-bit resolution for each RGB 
channel. The host computer for this monitor was an Apple Macintosh with an Intel Core i7 processor. The head 
position of each participant was stabilized using a chin cup (Headspot, UHCOTech, Houston, TX). The par-
ticipant’s eyes were centered horizontally and vertically with respect to the monitor, which was 75 cm from the 
participant’s eyes. The participant indicated their responses using a Logitech F310 gamepad controller.

Stimulus parameters  The entire image subtended ~ 8° in width and height. The central object subtended ~ 4° 
in the longest dimension, and the circular array of background objects (branches and leaves) subtended ~ 5° of 
visual angle. The images were created using ISET3d at a resolution of 1920 × 1920 with 100 samples per pixel, at 
31 equally spaced wavelengths between 400 nm and 700 nm.
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Psychophysical task  The psychophysical task was a two-interval forced choice (2AFC) task with one stimulus 
per interval. Each stimulus interval had a duration of 250 ms. Stimuli were presented at the center of the monitor. 
Between the two stimulus intervals, two masks were shown in succession at the center of the monitor (Fig. 5). 
Each mask was be presented for a duration of 400 ms, for a total interstimulus interval of 800 ms (see Session 
organization below for mask details). Display times are approximate as the actual display times were quantized 
by the hardware to integer multiples of the 16.67 ms frame rate.

The participant’s task was to determine whether the central object presented in the second interval was to the 
left or to the right of the one presented in the first interval. Following the two intervals, the participant had an 
unlimited amount of time to press one of two response buttons on a gamepad to indicate their choice. Feedback 
was provided via auditory tones. Trials were separated by an intertrial interval of approximately one second.

The experimental programs can be found in the custom software package Natural Image Thresholds 
(https://github.com/AmyMNi/NaturalImageThresholds). They were written in MATLAB (MathWorks; Natick, 
MA) and were based on the software package Virtual World Color Constancy (github.com/BrainardLab/
VirtualWorldColorConstancy). They rely on routines from the Psychophysics Toolbox (http://psychtoolbox.org) 
and mgl (http://justingardner.net/doku.php/mgl/overview).

Session organization  The first session experimental session for each participant included participant enroll-
ment procedures (informed consent, vision tests, etc.; see Participants above for details) as well as familiarization 
trials (see next paragraph) and lasted one and a half hours. The additional experimental sessions lasted approx-
imately one hour each.

For the first session only, the participant began with 30 familiarization trials. The familiarization trials 
comprised, in order: 10 randomly selected easy trials (the largest position-change comparisons), 10 randomly 
selected medium-difficulty trials (the 4th and 5th largest position-change comparisons), and 10 randomly 
selected trials from all possible position-change comparisons. The familiarization trials did not include any task-
irrelevant variability and data from these trials was not saved.

In each session, there were two reference positions for the object, and for each reference position there 
were 11 comparison positions: five comparison positions in the positive horizontal direction, five comparison 
positions in the negative horizontal direction, and a comparison position of 0 indicating no change. On each 
trial, one interval contained one of the two reference stimuli and the other interval will contain one of that 
reference stimulus’s comparison stimuli. The order in which these two stimuli were presented within a trial was 
selected randomly per trial.

A block of trials consisted of presentation of the 11 comparison positions for each of the two reference 
positions for a total of 22 trials per block. The trials within a block were run in randomized order. Each was 
completed before the next block began. Each block was repeated 7 times in a run of trials, for a total of 154 trials 
per run.

Within each run of 154 trials, a single background variation condition was studied. There were three such 
conditions, as described in more detail below – “no variation”, “rotation only”, and “rotation and depth”. Two 
runs for each of the three conditions was completed in each experimental session, and except as noted in the 
results, each subject completed 6 sessions. The six runs were conducted in random order within each session, 
and each run was separated by a break that lasted at least one minute and during which the participant was 
encouraged to stand or stretch as needed. After a minimum of one minute, the next run was initiated when the 
participant was ready.

Additionally, each session began with four practice trials (including in the first experimental session, where 
these practice trials were preceded by the familiarization trials as described). Each run after the first also started 
with one practice trial. The practice trials were all easy trials as described above and not include any task-
irrelevant variability. The data from the practice trials was be saved. The maximum variation in background 
features was matched to the maximum variation in the neurophysiology experiments but sampled more finely as 
described for each of the variation blocks below.

For the “no variation” condition, there were not any changes to the background objects (the branches and 
leaves). This run determines the participant’s threshold for discriminating the horizontal position of the central 
object without any task-irrelevant stimulus variation.

The “rotation only” run introduced task-irrelevant variability single task-irrelevant feature: rotation of the 
background objects. For each trial, a single rotation amount was drawn randomly from a pool of 51 rotations, 
and the background objects (leaves and sticks) in the stimulus were all rotated by that amount around their own 
centers. The rotation was drawn separately (randomly with replacement) for each of the two stimuli presented 
on a trial (the reference position stimulus and the comparison position stimulus). Thus, subjects had to judge 
the position of the central object across a change in the background, so that any effect of background variation 
on the positional representation of the central object would be expected to elevate threshold. The pool of 51 
rotations comprised: a rotation of zero (no change to the background objects), 25 equally spaced rotations in the 
clockwise direction in 2° intervals, and 25 equally spaced rotation amounts in the counterclockwise direction in 
2° intervals.

“Rotation and depth” runs had variation in two task-irrelevant features: rotation and depth of the background 
objects. For this run, there was a pool of 51 rotations, but along with the rotation of the background objects, these 
objects also varied in depth. There were 51 possible depth amounts (one depth amount of zero, 25 equally spaced 
depth amounts in the positive depth direction, and 25 equally spaced depth amounts in the negative direction; 
depth amounts ranged from − 500 mm to 500 mm in the rendering scene space). One of the of images was a 
rotation of zero and a depth amount of zero. For the remaining 50 images in the pool, each of the remaining 50 
rotation amounts was randomly assigned (without replacement) to one of the remaining 50 depth amounts. The 
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same depth shift was applied to each of the background objects. From this pool of 51 images, a single image was 
randomly drawn (with replacement) for each of the two stimuli presented in the trial.

Finally, as noted above (see Psychophysical task), two masks were shown per trial during the interstimulus 
interval. All masks across all background variation conditions were created from the same distribution of stimuli 
(stimuli with “no variation”, thus containing no task-irrelevant noise). To create each of the two masks, first the 
central object positions in the first and second intervals of the trial were be determined. The two stimuli with that 
matched the central object positions in the first and second intervals were then used to create the trial masks. 
For each of these two stimuli, the average intensity was calculated in each RGB channel per 16 × 16 block of 
the stimulus. Next, each 16 × 16 block of a mask was randomly drawn from the mask corresponding to the two 
stimuli. Thus, the two masks shown per trial were each a random mixture of 16 × 16 blocks from stimuli with the 
two central object positions for that trial.

Statistical analysis and quantification
Monkey electrophysiology
Cross-validated parameter decoding (Fig. 2)  First, the response matrix (multiunit spike rates for each site 
for each image stimulus presentation) was reduced to 10 dimensions of activity. This ensured sufficient di-
mensionality for decoding object and background parameters and explained between 87.8% and 94.8% (mean 
91.2% across sessions) of the variance across stimulus responses. Parameter decoding without dimensionality 
reduction produced qualitatively similar results. Then, for each background condition (unique combination of 
background rotation and depth – or specific decoding), the object position in each presentation/trial was decod-
ed from neural responses by learning regression weights from all other trials (leave-one-out cross-validation). 
Decoding accuracy was defined as the correlation between actual and decoded values so that perfect decoding 
would result in an accuracy of 1 and chance decoding accuracy of 0. We did not encounter decoding accuracies 
below 0. We also calculated other decoding performance measures like mean squared error, cosine distance, etc. 
While other measures provide more sensitivity in the specific kinds of decoding error, their estimate of aggregate 
performance was qualitatively similar to correlation-based measures.

The same procedure was repeated for general decoding, where the background parameters were ignored 
(Fig. 2b). We also trained general decoders using random subsets of trials across the dataset to match the 
training set of the specific decoders. Specifically, we subsampled the minimum number of trials that any of 
the 25 specific decoders were trained on from the full dataset regardless of background feature values, trained 
a position decoder, and tested it on the rest of the trials. We repeated this for 100 subsamples and averaged the 
decoded predictions across folds. Across folds, the performance of the trial-matched general decoders was not 
significantly different from either the general decoder trained on all the data at once in a leave-one-out fashion 
or the distribution of specific decoder performances (paired t-test, p > 0.05).

Error in decoding was defined as the difference between the predicted object position and the actual position 
(Fig. 2d). The same procedure for specific and general decoding was also repeated for each of the two background 
conditions (Supp. Figure 2). We also compared the linear weights of each neuron for each general decoder (Supp. 
Figure 3a-c). For this comparison, we normalized the range of feature values between 0 and 1 and averaged the 
weights for each neuron across folds. We also compared these weights to the feature sensitivity of each neuron 
(calculated in Supp. Figure 1d; plotted in Supp. Figure 3d-f).

To compare the performance of the specific decoders across conditions, we split the trials for each unique 
background condition into two sets. We trained and tested the specific decoders within (self) and across (cross) 
conditions and plotted the mean decoding performance difference across folds (Supp. Figure 3). We plotted 
these cross-decoding differences separately for background rotation and depth changes. We did not distinguish 
between increasing and decreasing values of background rotation or depth, i.e., a condition difference of 1 denotes 
that the decoder was tested on a background condition that was one away from the condition it was trained on. 
Since there were five levels of variation in each background condition, there were 5 pairs of conditions that were 
0 levels away (self-decoder); 8 pairs, 1 away; 6 pairs, 2 away; 2 pairs, 3 away; 1 pair, 4 away. We observed slight 
deviations from the self-decoder as the level of variation increased.

Angle calculation (Fig. 3)  To calculate the angle between the specific decoders, an n-dimensional line was fit to 
the dimensionality-reduced responses, and the unit vector was found. The angle between each specific decoder 
and the decoder for the central condition was calculated as the arc-cos of the dot product of the two unit vectors.

Linear discriminant analysis and comparison with human psychophysics (Fig. 4c)  To directly compare human 
psychophysics discrimination accuracy with decoding results, we matched the three blocked conditions – no 
background variation, rotation only, and rotation and depth variation – by subsampling trials from the 5 × 5 × 5 
stimulus set from Experiment 1. For the three conditions, we either found all pairs of trials, pairs of trials that 
varied in rotation only (by holding background depth at the central value), or pairs of trials that varied in depth 
only (by holding background rotation at the central value). Then, for 200 folds, we sampled a maximum of 500 
pairs of trials, and depending on the object position in those trials, we assigned a left or right choice. If the po-
sitions were identical, we randomly assigned the choice for that pair. We then collated the responses across the 
pairs of trials and a fit linear discriminant in a leave-one-out fashion to predict the correct choice. The classifica-
tion prediction accuracy for each of the three blocked conditions was calculated independently.

Cross-decoding analysis (Fig. 5)  For experiment 2, even though only two values were chosen for each of the 
five object and five background parameters, linear regression was chosen instead of classification using discri-
minant analysis for comparison with decoding analyses in the previous experiment. Even though each stimulus 
image was only repeated 2–3 times, since each parameter could take one of two values each, all unique pairs 
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of images would be informative about at least one parameter change. To enable cross-decoding, we altered the 
cross-validation procedure. For each parameter pair, for each of the 100 folds, we randomly split all image pres-
entations evenly into training and testing sets (uneven splits also produced qualitatively similar results). We then 
trained a linear regression model for one parameter using the training trials and used it to predict the values of 
the other parameters for the held-out testing trials. The decoding accuracy was calculated as the average corre-
lation across folds between the actual and decoded parameter values. Since each parameter decoder was trained 
while ignoring all other parameter variations, the diagonals in Fig. 5b are akin to the general decoder accuracy 
for those parameters, and the off diagonals correspond to how well those general decoders are aligned to the 
representations of the other parameters. The diagonal correlations were all significantly above 0 (p < 10−80; t-test 
across folds), and none of the off-diagonal correlations were significant except the cross-decoding of background 
and object color. We repeated the same procedure for data from experiment 3 i.e., the responses to the 3D shapes 
from Srinath et al., 2024 for the 16 shape features. Unlike experiment 2, since the 16 features were not permuted 
but chosen randomly, of the 120 possible stimulus pairs, 4 pairs were correlated in the stimulus set. Therefore, 
the cross-decoding accuracy of the four sets of features that could be cross-decoded (Z orientation-color R at 
0.24, curvature-surface gloss at 0.21, curvature-thickness X1 at 0.21, and thickness Y2-thickness Y3 at 0.23) 
can be trivially explained by correlations between those features in the stimulus set (0.29, 0.25, 0.43, and 0.43 
respectively).

Human psychophysics (Fig. 4a-b)
Per session, the participant’s threshold for discriminating object position was measured for each background 
variation condition. First, for each comparison position, the proportion of trials on which the participant 
responded that the comparison stimulus was located to the right of the reference stimulus was calculated. Next, 
the proportion of the comparison was chosen as rightwards was fit with a cumulative normal function using the 
Palamedes Toolbox (http://www.palamedestoolbox.org). To estimate all four parameters of the psychometric 
function (threshold, slope, lapse rate, and guess rate), the lapse rate was constrained to be equal to the guess rate 
and to be in the range [0, 0.05], and the maximum likelihood fit was determined. The threshold was calculated 
as the difference between the stimulus levels at performances equal to 0.7602 and 0.5 as determined by the 
cumulative normal fit.

We calculated the Bayes Factor using the MATLAB bayesFactor Toolbox69 which calculates Bayes Factor (BF) 
for ANOVA designs detailed in Rouder et al.70. We followed the example to test the hypothesis that variations in 
background conditions significantly affect choices. First, we calculated the BF for the full model across subjects, 
i.e., using the main effect of object position and background variation conditions and the interaction effects 
(full model). Then, to isolate the effect of the background variation, we repeated the ANOVA while excluding 
background variations (restricted model). We then calculated the ratio of the BFs of the full model to the 
restricted models and inverted it to test for evidence of the absence of the effect. We also repeated this procedure 
for the monkey electrophysiology data that accompanies this analysis (Fig. 4).

Data availability
The data and code that generate the figures in this study have been deposited in a public Github repository https:​​​
//gith​ub.​com/ramanujansri​nath/Untangli​ngBananas. MATLAB code for creating and displaying the ​i​m​a​g​e​s for 
human psychophysical experiments, as well as analyzing the raw data from these experiments, can be found at 
https://github.com/AmyMNi/NaturalImageThresholds. Request for further information should be directed to 
and will be fulfilled by the corresponding author David H. Brainard (brainard@psych.upenn.edu) in consulta-
tion with the other authors.
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